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Abstract 
 

Vanishing wetlands have been a matter of grave concern to researchers worldwide in recent 

decades. The chief reason for such a situation has been human interventions through rapid 

changes in land-use patterns. With the continuation of this scale of wetlands' deterioration, 

the shift in the natural world balance is inevitable, given the various significant roles the wet-

lands play in keeping the natural ecosystem in balance. The only option by which this may be 

avoided is through sustainable measures of conserving the wetlands. This comes through 

comprehensive yet effective monitoring programs that help understand the symbiotic func-

tioning of the wetland components. 

This doctoral research thesis presents and discusses the limnology of wetlands, thereby 

attempting to understand the dynamic physico-chemical and biotic responses to the anthro-

pogenic contaminations within their ecosystems. Deepor Beel (a site under the list of Ramsar 

sites) has been considered, owing to its rapid anthropogenic deterioration in recent times. 

Although a Ramsar site, no proper conservation measures have been carried out, making it 

highly vulnerable to contamination. In the first stage, a reconnaissance survey was carried 

out. Sampling locations for water, sediment, water hyacinth (representative of the floral ele-

ment), and three indigenous fish species were fixed. Twenty-three sampling locations were 

identified for collecting water and sediment (abiotic) samples. For collecting the fish and wa-

ter hyacinth (biotic) samples, the wetland was divided into three zones, based on the proxim-

ity to the pollution sources. Comprehensive monitoring of all the components was carried out 

every month, ranging from October 2017 to February 2019. Additional data such as rainfall, 

evaporation, transpiration, discharge, etc., were also obtained. 

To understand the dynamics of responses of various components to different anthropo-

genic contaminations, the present research was conducted involving five distinct objectives. 

The first step involved identifying various latent pollution sources and quantifying their con-

tribution to the wetland contamination. For this purpose, four Environmetrics tools, i.e., hier-

archical cluster analysis (HCA), discriminant analysis (DA), principal component analysis 

(PCA), and positive matrix factorization (PMF), were employed. HCA categorized the sam-

pling locations into statistically significant clusters; DA helped identify the parameters re-

sponsible for discrimination of the sampling locations; PCA helped identify probable pollution 

sources through its component loadings; finally, PMF quantified the significant factors of 

Deepor Beel's contamination.  
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Following this, the second step was to assess the impacts of these sources on the water 

body's health—this required evaluation of both water and sediment quality. For the assess-

ment of water quality, objective-based indexing techniques were adopted. Two novel index-

ing approaches, one each for short-term and long-term monitoring programs, and different 

end-uses of water were proposed. For short-term programs, the use of multivariate statistics, 

i.e., the use of HCA and PCA deemed more suitable. On the contrary, the modified entropy-

weighted approach proved highly reliable and efficient for long-term programs. Both meth-

ods were checked for their reliability and correctness through sensitivity analysis and were 

found to be better than the existing approaches.  

For assessing the sediment quality, various indices such as contamination factor (CF), pol-

lution load index (PLI), enrichment factor (EF), and the geo-accumulation index (Igeo) were 

employed. Results showed that Deepor Beel is most affected in the post-monsoon season, 

compared to other seasons. At the same time, the monsoon remains the best. The potential 

ecological risk of contaminants further displayed that the post-monsoon period has the most 

significant number of sites under the moderate risk category. The chemical speciation studies 

of seven heavy metals (Cr, Cd, Fe, Mn, Cu, Pb and Mg) were conducted to determine their 

available forms in the sediment column. Cd, Mn, and Mg were observed to profoundly nega-

tively impact aquatic ecology (available in F1 fraction in higher percentages). While Fe was 

predominant in reducible (F3) form, Cr, Cu, and Pb had equal contributions from reducible 

and oxidizable (F3 and F4, respectively) forms. The sediment samples were further subjected 

to elemental analysis; X-ray powder diffraction (XRD) followed by Scanning Electron Micro-

scope-Energy Dispersive X-Ray Spectroscopy (SEM-EDS), to determine the elemental compo-

sition and forms of heavy metals present in the sediment columns from various parts of the 

wetland. Sediment sample collected from the proximity of the landfill site was observed to be 

affected the most, primarily due to leaching of heavy metals from the landfill. However, the 

central zone was found to be devoid of any anthropogenic contaminations, while the sediment 

column near the industrial complex was found to be contaminated to a moderate extent. 

Furthermore, an investigation was carried out correlating the heavy metal contamination, 

its distribution, and the human health risk associated with different aquatic ecosystem com-

ponents. For this purpose, water, sediment, and fish samples (three species, notably No-

topterus notopterus, Clarias batrachus, and Channa striata) from Deepor Beel were consid-

ered, and their heavy metal contamination and distribution were determined. The corre-

sponding health risks (carcinogenic and non-carcinogenic) due to prolonged exposure levels 

were evaluated for six different heavy metals; Cr, Cd, Fe, Mn, Cu, and Pb. Results indicated that 

Pb and Mn significantly impacted the non-carcinogenic human health risks concerning the 
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water column. For all three components, children were found to have considerably higher 

effects (both carcinogenic and non-carcinogenic) of prolonged exposure to contamination 

than adults. Finally, it was observed that the sediment column substantially contributed to 

the bioaccumulation factor in the fish biota compared to the water column. 

The final study encompassed formulating a eutrophication-based ecological model, assist-

ing in determining the nutrient dynamics of the Deepor Beel ecosystem, thereby providing an 

idea of the significant causative parameters aiding eutrophication. A conceptual diagram was 

first constructed, and the corresponding differential equations about different functions were 

formulated. Subsequently, a code was developed in MATLAB based on the logic formulated 

through the conceptual diagram. Sensitivity analysis was first performed on various state var-

iables, identifying the most sensitive parameters and exhibiting maximum variability in the 

model. The model was then subjected to calibration for defining the rate constants, which 

were further validated. Finally, the model was simulated for two plausible management op-

tions to curb the eutrophication levels in Deepor Beel; (i) Harvesting of water hyacinths and 

(ii) Setting up a treatment unit for nitrogen and phosphorus removal. The results obtained 

for both cases indicated that harvesting of water hyacinths would not provide a suitable long-

term and effective solution. However, setting up a treatment unit for phosphorus and nitrogen 

removal can significantly reduce the nutrient levels in the wetland, thereby assisting in curb-

ing the eutrophication levels. 

Based on this investigation, it is anticipated that incorporating these researches will pave 

the way for a more sustainable future by protecting Deepor Beel and our other natural wet-

lands from plausible future degradation. 

Keywords: wetlands; environmetrics tools; water quality indices; sediment quality; heavy 

metals; toxicity and bioavailability assay; nutrient dynamics; ecological model 
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One of the first conditions of happiness is that 
the link between man and nature shall not be 
broken. 

- Leo Tolstoy 
 

1 
Introduction 
 
This chapter provides a brief overview of wetlands and their importance in society. This is 

followed by the background of the research conducted, the need for the study, and the thesis's 

scope. This chapter also introduces the readers to the outline of the entire dissertation. 

1.1. Overview 

Wetlands play a significant role in serving a wide range of functions. They act as “ecological 

hotspots” as they provide habitats to various species of birds, fishes and other wildlife 

(Bhattacharyya & Kapil 2010). The ecological processes responsible for its occurrence and 

sustenance also generate a large number of wetland resources that sometimes find ways to 

benefit human societies. Along with these resources, some wetlands act as storage zones by 

accommodating large amounts of water and slowly releasing it downstream into a larger wa-

ter body (like river, sea or ocean). This is very helpful in controlling damages due to flooding. 

Moreover, water storage reduces its energy levels, thereby decreasing its erosive capacity as 

it flows downstream. Groundwater recharge is also achieved as a result of this (Maltby & 

Barker 2009). Water from the wetlands can also be used for a variety of other purposes, such 

as drinking, agriculture, industrial, etc. Undoubtedly, there exists a definite relationship be-

tween the wetlands' ecological functions and their societal requirements and activities (Fig. 

1. 1). While ecological processes are independent of society's actions, societal activities will 

cease to exist without them. 

However, recent times have witnessed severe threats to rivers’ and wetlands' conditions 

due to numerous natural and anthropogenic events (Hu et al. 2020). Natural phenomena in-

clude changes in precipitation inputs, erosion and weathering of crustal material, whereas 

anthropogenic activities such as urbanization, industrial and agricultural boom, increased 
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consumption of water resources due to population growth, lifestyle, economic status, etc., are 

wreaking havoc on the wetlands. 

 

 

Fig. 1. 1. Relationship between ecological functions of wetlands and their societal values (Brinson 
1993). 

 

In fact, due to the intangibility of some of the services that the wetlands provide, there 

remains an ignorance in the policymaking processes and, as a result, continuous degradation 

of the wetlands occur (Turner et al. 2000). This includes all the major components, i.e., the 

water, sediment, flora, and fauna. 

Generally speaking, the water column, of all the components of the wetland ecosystem, 

receives the most direct impact of any changes to the natural processes. As a result of this, it 

is also regarded as the most dynamic constituent. The sediment column, flora and fauna have 

a more indirect influence from the external contamination factors. While sediment contami-

nation is primarily associated with the precipitation of contaminants from the water column, 

the emergence of contamination levels in flora and fauna in the ecosystem comes via their 

food chain (uptake and intake, respectively). This food chain may directly associate with the 

water column or indirectly through the sediment column due to the various physico-chemical 

process occurring within the ecosystem. Therefore, it is necessary to carry out reliable eco-

logical monitoring programmes that include monitoring all different ecosystem components, 

both spatial and temporal, for quality check purposes to assess the possible factors responsi-

ble for the degradation of the wetlands (Alberto et al. 2001). Monitoring over a long period 

also helps in identifying significant changes in the natural ecosystem. 
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1.2. Background of the research 

Continuous monitoring provides a reliable yet sophisticated dataset, which becomes rela-

tively ineffective when it comes to interpretation, owing to its complexity (Vega et al. 1998; 

Simeonov et al. 2003; Iscen et al. 2008; Chow et al. 2016; Hajigholizadeh & Melesse 2017; 

Singh et al. 2019b). However, in recent years, the Environmetrics approach, i.e., application 

of various statistical techniques, has eased how the datasets are understood, including the 

classification of spatially distributed monitoring sites and the primary factors or contami-

nants responsible for the deterioration of the water body (Jha et al. 2014; Machiwal & Jha 

2015; Bodrud-Doza et al. 2016; Chow et al. 2016; Kumar et al. 2017). 

Hierarchical clustering of sampling sites through cluster analysis (CA) and the identifica-

tion of probable pollution sources through principal component analysis (PCA) have been 

widely used and accepted. The use of discriminant analysis (DA) as a supervised pattern 

recognition tool to recognize the most significant water quality variables accountable for spa-

tial and temporal variability has also been used more recently than the other two methods 

(Hajigholizadeh & Melesse 2017). However, these statistical tools cannot solely quantify the 

contribution of potential pollution sources. For this purpose, various receptor models, such 

as the positive matrix factorization (PMF) model, are used. The PMF models were initially 

applied to the dataset pertaining to atmospheric pollution to determine how much is the con-

tribution of various pollution sources. Only in recent times, they have been applied to the wa-

ter quality (WQ) datasets along with PCA and CA for quantifying the contributions of pollution 

sources (Zhao et al. 2013; Mustaffa et al. 2014; Chen et al. 2015; Gholizadeh et al. 2016). 

However, identifying and apportioning the pollution sources merely reflects the quantifi-

cation of pollution entering a water body. To evaluate the status of a water body’s true health 

with respect to its water quality, it is essential to assess the raw water quality dataset ob-

tained from the monitoring programme with regards to a standard recommended for the gen-

eral public. Given the vastness and complexity of the raw dataset, it becomes impossible to 

assess each parameter independently for all the monitoring locations (i.e., spatially) and each 

frequency (i.e., temporally). Indexing approaches have been used extensively for quite a long 

time, first coined by Horton (1965). Water quality indices (WQIs) are mathematical tools rep-

resenting the water quality status of a particular water body. They consider the desired pa-

rameters for estimating a numeric value, thus delivering a much easy interpretation of the 

water health, which otherwise becomes extremely tough due to the complexity of large da-

tasets. These indices are based on the end-use of water and vary from an individual’s percep-

tion. Three major categories of indices are usually studied, depending on the water use; they 

are overall WQI, which takes into account the drinking or domestic use of the water, indies 
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that assess the heavy metal contamination in a water body; and finally, indices that account 

for the water body’s irrigation suitability.  

Intense industrialization and other natural and anthropogenic activities in the ecosystem 

have been a major concern regarding safe and potable water (Li et al. 2011; Islam et al. 

2015a). Various geological processes, involving weathering of bedrocks and volcanic erup-

tion, anthropogenic activities including large-scale use of metal-containing fertilizers and pes-

ticides for agricultural practice, metal smelting, mining, and other various metallurgical pro-

cesses have resulted in deep scale contribution of heavy metals in the natural aquatic ecosys-

tem (Meng et al. 2016; Kumar et al. 2017; Wang et al. 2017). This has not only rendered the 

water systems unsuitable for drinking but has also degraded the quality of water to an extent 

unfit for agricultural or industrial purposes. Furthermore, the enrichment of trace heavy 

metal concentrations in the water bodies causes severe health risks by getting absorbed by 

various organisms, thereby entering into the food chain (Banerjee et al. 2011; Forti et al. 

2011; Yi et al. 2011; Rahman et al. 2013; Ahmed et al. 2015; Bhuyan et al. 2017). Reports have 

also suggested that these dissolved trace heavy metals prove carcinogenic if consumed in con-

siderable amounts persistently. These potential hazards to human health and aquatic ecosys-

tems render the heavy metal pollution in water systems a severe environmental issue (Giri & 

Singh 2014; Farahat & Linderholm 2015; Wang et al. 2017). Therefore, a systematic study of 

the heavy metal concentrations, their sources and distribution, and their impact on the qual-

ity of water for the abatement of possible future contamination and protection of natural wa-

ter resources is inevitable. Likewise, with the increasing food security problems around the 

globe, it becomes highly essential that the hydro-geochemical analyses of natural waters for 

both irrigation and drinking purposes be taken care of. 

Similar to water contamination, surficial sediment contamination as a consequence of 

various anthropogenic activities has also been a cause of serious concern in recent times. Pri-

mary contaminants possessing critical issues to the global sediment flux constitute various 

heavy metals, accumulated due to heavy discharge of effluents (majorly industrial, agricul-

tural and domestic wastewater) into the aquatic ecosystem (Syvitski et al. 2005; Ouyang et al. 

2006; Zhang et al. 2007b; Azhar et al. 2015; Dhamodharan et al. 2019). These heavy metals 

have typical characteristics of being persistent and thus do not deteriorate or decompose with 

time, thereby making them toxic when concentrations exceed permissible limits. Further-

more, these compounds have less mobility in water columns. Therefore, their continuous ac-

cumulation in the natural water systems forces them to precipitate on the sediment column 

of the waterbody. This makes the sediment columns of the water bodies potential sources of 

heavy metals, where they can be released back into the water columns or the aquatic flora 
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and fauna via natural or anthropogenic ways, thus joining the food-chain system (Yin et al. 

2011; Dhamodharan et al. 2019). Lakes and wetlands play pivotal roles in providing nutrients 

to living organisms. Therefore, their bottom sediments are sensitive indicators to determine 

the pollution loadings as they act as both sources and sinks for the contaminants in an aquatic 

environment (Varol 2011; Yin et al. 2011). This necessitates their continuous monitoring and 

assessment as well.  

Heavy metals are naturally occurring elements present in all three spheres of the envi-

ronment, i.e., the atmosphere, hydrosphere and lithosphere. Few of these metals (such as Cr, 

Co, Cu, Mn, Fe, Mo, Se, Ni, and Zn) are usually present in trace quantities, which are beneficial 

for the existence and sustenance of living organisms as they play pivotal roles in catalytic and 

enzymatic actions as well as various oxidation-reduction reactions in the body 

(WHO/FAO/IAEA 1996). However, certain metals (such as Hg, Pb, Cd, and As) also exist in the 

ecosystem, which is primarily the direct result of various human-made or anthropogenic con-

tributions such as industrial, pharmaceutical, agricultural and technological applications 

(Tchounwou et al. 2012; Grigoratos et al. 2014; Martín et al. 2015; Sobihah et al. 2018). These 

metals do not possess any biological functions and are rendered non-essential and potentially 

toxic compounds, even at insignificant concentrations (Tchounwou et al. 2012). When pre-

sent in significant concentrations, i.e., more than the desired limits, these compounds fabri-

cate cellular and tissue damage in the living bodies, thus resulting in various health risks 

(Bonsignore et al. 2018). The persistence, long biological half-life and toxicity impact these 

heavy metals possess render them highly risky for humans to consume (Bortey-Sam et al. 

2015). This is primarily because of the negative influences on the human digestive, cardio-

vascular and central nervous systems upon accumulating these heavy metals (Crespo-López 

et al. 2007). In addition to these cancerous impacts, some compounds (such as As, Pb, Cd and 

Hg) can also contribute to the teratogenic, mutagenic and carcinogenic consequences on the 

living organisms (Wong 1988). The heavy metals, released from multiple natural and anthro-

pogenic events, enter the aquatic ecosystem and get transported through numerous geo-

chemical and biological cycles. These phenomena make them bioaccumulated in the natural 

ecosystem, thus entering the water, sediment and aquatic food chains and eventually getting 

biomagnified (Atwell et al. 1998; Graci et al. 2017; Rajeshkumar et al. 2018). These processes 

can be well established and correlated in an aquatic environment by analyzing the heavy 

metal concentrations in all three components, i.e., sediment, water and the living entities. The 

heavy metal components discharged into the aquatic ecosystem first come in contact with the 

water column. These metals get precipitated into the sediment column with time, owing to 

various physico-chemical and biological metabolisms and their immobile nature in the water 

column. However, heavy metals’ accumulation is not limited to the sediment columns only, as 

TH-2896_176104004



Chapter | 1 Introduction 

6 | Page Indian Institute of Technology Guwahati 

they get reverted to the water column via several natural and anthropogenic comportments 

(Dhamodharan et al. 2019). The aquatic flora and fauna, especially fish, additionally play cru-

cial roles in the bioaccumulation and biomagnification processes. Recent years have wit-

nessed a significant surge in fish consumption volume, owing to its high nutritional value and 

lower saturated fat and omega-3 fatty acid content (FAO 2013; Bosch et al. 2016). Fishes are 

considered major bio-accumulators and bio-magnifiers in the natural aquatic ecosystems, ca-

pable of harming individuals exposed to them (Taweel et al. 2013; Ahmed et al. 2015; Saha et 

al. 2016; Rajeshkumar et al. 2018). There are two principal entrance mechanisms for the 

heavy metals into the aquatic food chain; first through the direct ingestion, i.e., the digestive 

tract and second through permeation, i.e., non-dietary routes such as muscles and gills (Ri-

beiro et al. 2005). Fishes have become a part of vital nutritional elements, and hence, the as-

sessment of their quality and safety has become paramount. Typically, the levels of heavy 

metal contaminants found in the fish reflect the sediment and water contamination from 

where it has been sourced and the exposure time (Annabi et al. 2013). 

Apart from the heavy metals, nutrient discharges from different anthropogenic sources, 

such as the release of untreated or partially treated domestic, industrial and nutrient-rich 

agro-wastewaters, have rendered many wetlands to die due to excessive eutrophication. The 

entire ecology of a eutrophic wetland gets severely affected due to the substantial degrada-

tion of its water quality. The rise in eutrophication levels has been a challenge for environ-

mentalists, as this leads to lowering the dissolved oxygen (DO) levels, excessive growth of 

phytoplankton, and an increased frequency of algal blooms. Effects on the drinking water sup-

ply, food security, and public health have also been substantial (Wu et al. 2017). Of all the 

surface water bodies, wetlands have been a primary victim of the increasing eutrophication 

levels. Therefore, various ecological monitoring programs, including monitoring water qual-

ity on a continuous scale, have become quintessential for assessing the possible factors re-

sponsible for the deterioration of the wetlands (Alberto et al. 2001). Although monitoring 

various parameters in the wetlands provides information about the wetland's current state, 

it vaguely provides the factors that influence the current state. Hence, in order to have a better 

insight into the influencing factors, ecological models are formulated. Ecological models are 

mathematical or physical representations of a particular ecosystem. These models can com-

prehend the nutrient/contaminant cycles, identify various characteristics of a concerned pa-

rameter or highlight the underlying process mechanism (Hu 2016). In fact, ecological models 

can also predict the fate of nutrients in the natural ecosystem by revealing the extent and 

means by which several nutrients such as nitrogen and phosphorus are transformed or re-

moved. In some cases, models can also be developed to answer various “what-if” questions 

that help decision-makers make a correct choice. Thus, ecological models can serve as perfect 
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management tools in deciding the right course of action for a particular ecosystem when ap-

propriately developed. Ecological models are also helpful to the researchers because well-

designed and calibrated models can reveal the missing piece of the puzzle that allows them 

to understand a particular mechanism or behaviour of the ecosystem (Das et al. 2018). A 

study of different ecological models developed across the world has provided significant in-

sights into the process of ecological modelling along with the extent to which ecological mod-

els can be utilized effectively. The need to develop an ecological model for a water body be-

comes far more urgent if it is currently endangered. 

Keeping in view the above-mentioned problems associated with wetlands, the present 

research's overarching primary objective is to study their limnology, thereby assessing their 

responses to different anthropogenic interventions. Accordingly, to achieve the overall aim, 

different objectives were formulated in the course of this research, described in detail in 

Chapter 3. 

1.3. Need for the study 

With the ever-growing problem of vanishing wetlands due to human interventions, there is 

an urgent need to search for options that will aid in restricting any future deterioration. This 

is possible only if we can deeply understand the wetland ecosystem dynamics through inten-

sive monitoring programs, paving the way for newer alternatives of addressing vital issues 

like complex data handling operations. In addition to this, novel techniques of assessing water 

quality through different Environmetrics tools such as multivariate statistics and information 

entropy will help the scientific community in a more comprehensive and time-conserving 

manner. This study will also provide substantial aid in understanding the current pollution 

levels of the sediment column, thus assisting the concerning authorities related to wetland 

conservation and administration to carry out necessary steps for planning proper manage-

ment of resources. 

Furthermore, given the extensive monitoring and assessment carried out in the present 

research, the results of this study will provide a comprehensive understanding of the heavy 

metals and nutrient dynamics in an aquatic ecosystem. Finally, integrating the dataset to 

frame a eutrophic ecological model will provide significant assistance to the various govern-

ment as well as private agencies and policymakers for carrying out effective solutions to the 

increasing eutrophication levels in different wetlands worldwide, which would thereby help 

in reviving them. 
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1.4. Scope of the thesis 

This thesis is a compilation of the research carried out to achieve the overarching objectives 

of understanding the limnology of wetlands. The first and foremost accomplishment was col-

lecting, transporting, and storing water, sediment, flora and fauna samples on a continuous 

basis. Following this, laboratory analyses were carried out for different parameters and dif-

ferent ecosystem components, i.e., water, sediment, fish and water hyacinth. From sample 

collection to analyses, the entire process required a deep understanding of the standard pro-

tocols, which remains one of the most important scopes of the research. Since the entire thesis 

is principally focused on extensive dataset handling and analyses, different computational 

works were undertaken, including various programmable software such as Microsoft Excel, 

SPSS (v. 25), and EPA-PMF (v. 5.0). ArcGIS-ArcMap (v. 10.2) was used for creating Spatio-

temporal maps of the study area. In addition to the computational software, to formulate the 

eutrophication-based model, codes in MATLAB (v. R2018b) were written and simulated for 

different plausible conditions in the wetland. 

This thesis is intended for researchers and practitioners who intend to carry out extensive 

research in the domain. All the chapters provide detailed insights into the fundamental as-

pects of wetland monitoring. Where possible, analytical methods and models incorporated 

have been discussed that will pave way for successful implementation of restoration of wet-

lands. 

1.5. Outline of the Thesis 

The outline of this thesis and the objectives achieved in the study are shown in Fig. 1. 2. The 

entire thesis has been divided into the following chapters: 

▪ Chapter 1 introduces the readers to the world of wetlands and their significances. A brief 

overview of the various attributes governing the pollution of wetlands is also discussed. In 

addition to this, some background detailing the assessment of various components of an 

aquatic ecosystem is also presented. The chapter closes with the need of carrying out the 

study, the scope of the research and the thesis layout. 

▪ Chapter 2 deals with a detailed backdrop of water quality, sediment contamination and 

eutrophication-based ecological models. Systematic bibliometric analyses were carried 

out on the published articles in the respective research domains. 

▪ Chapter 3 identifies the possible gaps in the published literature obtained through biblio-

metric analyses on water quality, sediment quality, and eutrophication-based ecological 

models. Based on the associated gaps in the published literature, the objectives of the study 

were formulated. 
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▪ Chapter 4 introduces the materials and methods used in the research, including the design 

of research, detailed description of the study area, sample collection and analyses for dif-

ferent physico-chemical parameters. Also, different novel methodologies developed dur-

ing the research are discussed in this chapter. 

▪ Chapter 5 presents the results of the Ist objective that includes employing different Envi-

ronmetrics tools to identify and apportion the probable pollution sources. 

 

 
Fig. 1. 2. Thesis outline with objectives. 

 

▪ Chapter 6 assesses the water quality of a water body using proposed novel objective-based 

methodologies. The water quality of Deepor Beel is assessed and presented, taking into 

consideration different usages of water. 

▪ Chapter 7 details sediment quality and assessing the sediment contamination through dif-

ferent approaches concerning heavy metals. This also includes different elemental anal-

yses for validation of the obtained results. 

▪ Chapter 8 deals with understanding the heavy metal dynamics of the wetland ecosystem 

through their toxicity and bioavailability assay. Human health risks concerning prolonged 

exposure to these heavy metals for both children and adults are also discussed. 

▪ Chapter 9 presents a detailed understanding of the nutrient (N & P) dynamics in the wet-

land ecosystem through the developed eutrophication-based ecological model. The model 

was checked for its reliability and correctness through the sensitivity analysis and then 

subjected to calibration and validation. Plausible solutions to curb the eutrophication lev-

els in Deepor Beel were addressed. 

Phase I

Phase II

Phase III

Chapter 4

Chapter 5

Chapter 6

Chapter 7

Chapter 8

Chapter 9

Objective I

Objective II

Objective III

Objective IV

Objective V
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▪ Chapter 10 provides overall concluding remarks from the present study and recommen-

dations for future research, which may be carried out as an extension to this research. 
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A nation that destroys its soils destroys itself. 
Forests are the lungs of our land, purifying the 
air and giving fresh strength to our people. 

- Franklin D. Roosevelt 
 

2 
Bibliographical Research 

 
This chapter provides a detailed systematic literature review (SLR) on different aspects of 

wetland limnology. It also describes the need for carrying out an SLR and its advantages over 

the conventional approach. 

2.1. A brief overview of wetlands 

One of the tricky questions to answer about wetlands is their actual definition. There are 50 

different definitions of wetlands available in the literature (Dugan & Dugan 1990). Some of 

the key definitions are provided in the following paragraph. 

According to Goodwin (2017), commonly known as the Ramsar Convention, wetlands are 

described as "areas of marsh, fen, peatland or water, whether natural or artificial, permanent 

or temporary, with water that is static or flowing, fresh, brackish, salt including areas of marine 

water, the depth of which at low tide does not exceed 6m". Later, this definition was further 

broadened by including "riparian and coastal zones adjacent to the wetlands and islands or 

bodies of marine water deeper than 6m at low tides within the wetlands". While this definition 

provides a detailed description of wetlands, it fails to provide scientific precision. NRC (1995) 

provided another definition which is as follows: "A wetland is an ecosystem that depends on 

constant or recurrent, shallow inundation at or near the surface of the substrate. The minimum 

essential characteristics of a wetland are recurrent, sustained inundation or saturation at or 

near the surface and the presence of physical, chemical and biological features reflective of re-

current, sustained inundation or saturation. Common diagnostic features of wetlands are hybrid 

soils and hydrophytic vegetation. These features will be present except where specific physio-

chemical, biotic, or anthropogenic factors have removed them or prevented their development". 

A shorter yet inclusive definition was provided by Keddy (2010), which states that "a wetland 
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is an ecosystem that arises when inundation by water produces soil dominated by anaerobic 

processes and biota forces, particularly rooted plants, to exhibit adaptations to tolerate flood-

ing". Cook (1996) described wetlands as areas where inundation lasted for a minimum of two 

weeks, and saturated condition in soil remained for at least 60 consecutive days. 

Hence, it can be concluded that there is no universally accepted definition of wetlands. 

However, all these definitions together give the basic idea that a wetland is an ecosystem that 

bridges between land and water, providing a unique environment for a variety of flora and 

fauna to flourish and also act as an interceptor and filter for the influent waters before it en-

ters into rivers, lakes and coastal areas (Turner et al. 2000). 

Wetlands can be classified in many ways. A broad classification of wetlands can be done as 

permanent wetlands, temporal wetlands and ephemeral wetlands. Permanent wetlands con-

tain water throughout the year, whereas the temporal wetlands have water only during a par-

ticular season. Ephemeral wetlands are filled with water only on heavy rains and flood events 

that may occur once in a few years. 

2.2. Wetland biodiversity and significance 

Wetlands are house to a wide variety of habitats owing to the dynamic interaction of different 

factors such as hydrology, geomorphology, water chemistry, edaphic characteristics, domi-

nant vegetation and climatic features (Finlayson & van der Valk 2012). For example, consider 

the mires (bogs and fens). Among the mires alone, there is a wide diversity of habitats such 

as raised bogs, Aapa mires and Palsa mires (Gore 1983). Even within a wetland itself, there 

can be different types of habitats in existence. For example, in Canada, Zoltai and Pollett 

(1983) had observed that, depending on conditions such as surface morphology, the physiog-

nomy of plant cover and phytosociological units, different types and forms of wetlands existed 

within the same bogs, fens and marshes. Consequently, different species of living organisms 

belonging to different habitats can sustain together to introduce diversity within the species 

and between the species.    

Considering species diversity, there can be great variety in it as well. Numerous species of 

birds, animals, fish, amphibians, reptiles and insects, migratory or residential, are found in 

the wetlands depending on the habitat's characteristics. These species are dependent on the 

habitat for food, shelter and reproduction. Due to flight ability, birds form a significant frac-

tion of the migratory population (Keddy 2010). Wetlands are also very rich in floral diversity. 

In the US, wetlands' floral diversity accounts for 31% of the total flora (Reed 1988). Around 

1000 species of wetland plants from India, excluding the Himalayan belt above 1000m alti-

tude, were reported (Cook 1996). The floodplain of Amazon is reported to support more than 
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3000 species of fish. Different wetlands are found to be rich in waterfowl (Maltby & Barker 

2009). Mekong delta's Vietnamese part alone supports 247 species of birds, partly or wholly 

dependent upon wetland habitats (Buckton & Safford 2004). 

Thus, it is beyond doubt that the wetlands are ecological hotspots and crucial in maintain-

ing ecological balance. Apart from being an ecological regulator, wetlands perform several 

other functions, some of which are mentioned in this section. 

▪ Water storage and flood control 

Wetlands act as natural storage tanks, storing the influent water from the watershed and 

slowly releasing it downstream as and when possible. As the flow of the influent water is re-

tarded, the erosion potential of water is reduced. Moreover, by acting as a sink, a large water 

volume can be stored in the wetland, reducing the chances of high flood levels in the down-

stream area. In other words, the wetlands act as natural sponges, soaking in the runoff and 

mitigating flood hazards. 

▪ Filtration 

Wetlands have a remarkable capacity to act as buffer zones, intercept and filter different pol-

lutants that the watershed's influent waters may carry. Some wetlands also have a dilution 

effect on the influent pollutant concentration. 

▪ Denitrification 

Among the many benefits of wetlands is their ability to reduce the levels of nitrate-nitrogen 

(𝑁𝑂3
−-N) via denitrification. Definite prerequisites for denitrification are anoxic conditions 

and the presence of 𝑁𝑂3
− as electron acceptor. In wetland soils, anoxic conditions predomi-

nate because the chemical and microbial demands for O2 greatly exceeds its supply, and the 

diffusion of O2 in water is about 104 times slower than in air. 

▪ Carbon Sequestration 

Carbon Sequestration (CS) refers to the practice of capturing and storing CO2 for a long-term 

measure in natural or human-engineered systems with minimum possibility of getting re-

leased back to the atmosphere. The carbon sequestration potential of a natural wetland refers 

to the maximum amount of C a wetland can store within itself on a given spatio-temporal 

scale. This includes the maximum amount as well as rate of storage. Natural wetlands have 

proved to be excellent and cost-effective measures for sequestering CO2. The wetland plants 

utilize the photosynthesis process as a tool to accumulate and sequester C in forms of plant 

biomass and organic matter in the sediment column. The high rates of primary production of 

wetland plants, compared to the terrestrial plants, further enhance their assimilative capacity 

for CO2. Additionally, there exists anoxic condition in the wetlands due to waterlogging, as a 
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result of which, the rate of biomass decomposition is low. This results in vast amounts of C to 

accumulate in the wetlands, making them a C sink.  Furthermore, apart from CO2 and CH4, four 

other forms, viz, particulate organic (POC), particulate inorganic (PIC), dissolved organic 

(DOC) and dissolved inorganic carbons (DIC) have been found to enter and exit the wetland 

system. 

▪ Sediment control 

Wetlands also improve the water quality by behaving as sediment sink. The roots of the veg-

etation flourishing over the wetland retard the flow of influent water and allows the sediment 

in the influent water to settle down. Sediment control is more effective for slow-moving wa-

ter. 

▪ Groundwater recharge 

Due to wetlands' extensive water holding capacity, water from wetlands percolate down-

wards and enrich the groundwater beneath. The groundwater, consequently, contributes to-

wards the base flow and surface water bodies. 

▪ Recreational scope 

Wetlands provide a broad scope of recreational activities such as fishing, boating, picnic spots, 

bird watching, ecotourism etc. Proper management of the wetland and wise utilisation of the 

wetland resources can significantly boost the tourism economy. 

2.3. Attributes to wetland pollution 

Wetlands are polluted by several means. Some of the sources of wetland pollution are men-

tioned in this section. It must be noted that though pollution has been a significant factor in 

degrading the quality of wetlands, the role of management and lack of global awareness re-

garding the usefulness of wetlands has also played a key in its destruction. 

▪ Domestic wastewater runoff 

Domestic wastewater comprises black water (excreta, urine and faecal sludge) and greywater 

(kitchen and bathroom wastewater). Domestic wastewater quality relies on several factors: 

quality of water supplied, waste supply and sanitation facilities, water use practices, and so-

cial norms. When the domestic water interacts with the wet-land components, it leads to deg-

radation of the wetland through water pollution, loss of biodiversity or change in climatic 

conditions. The wetland degradation may also have a social impact, leading to loss of liveli-

hood and abandonment of traditions and culture. 
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▪ Urban drainage and stormwater flow 

If not properly managed, the surface water runoff and stormwater flowing through the towns 

and cities' open drainage systems can bring about the same detrimental effect to the wetlands 

as the domestic wastewater. 

▪ Industrial wastewater 

Industrial wastewater can be classified as diffused industrial discharges, such as mining and 

agro-based industries and end-of-pipe point discharges. The former is highly polluting and 

difficult to contain and treat, while the latter can be contained, controlled and treated in cir-

cumstances where there is sufficient political will, regulatory power and resources (economic 

and human capacity) to ensure compliance. However, when these discharges reach wetland 

untreated, not only do they inflict considerable environmental damage, especially to sensitive 

ecosystems, but also often come into direct (as well as indirect) contact with humans and 

animals with consequent damage to health. 

▪ Agricultural wastewater 

Agriculture has long been recognized as an essential non-point or diffused source of water 

pollution. Agricultural wastewater can aid in siltation problems and thereby increase flood 

risk. This wastewater is also rich in nutrients such as nitrogen and phosphorus applied to the 

farmland to increase crop production. When they reach the wetland, these nutrients help in 

the plants' rapid growth and cause eutrophication. Along with nutrients, agricultural 

wastewater contains microbes, which originate from livestock or excreta as fertilizers. The 

wetlands can also be contaminated from agricultural wastewater because of pesticides, herb-

icides, and other chemicals used during agriculture. These pollutants may enter into the food 

chain and affect it at different trophic levels. 

▪ Eutrophication 

When water bodies of the wetlands receive excess nutrients, especially nitrates and phos-

phates, these nutrients can stimulate excessive plant growth (eutrophication), including algal 

blooms, leading to oxygen depletion, decreased biodiversity, changes in species composition 

and dominance, and degradation of water quality. Although there are natural causes, much of 

the eutrophication today results from inadequately treated wastewater and agricultural run-

off. The deterioration in water quality due to eutrophication is estimated to have already 

caused around one-third reduction in biodiversity in rivers, lakes and wetlands globally 

(Maltby & Barker 2009). Population pressure, urbanization, and industrialization contribute 

considerable waste, altering the physio-chemical quality of water that eventually upset the 

aquatic system's biotic components. 
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2.4. The Ramsar Convention 

With the increasing concerns for depleting wetland habitats for migratory birds worldwide, 

a treaty was negotiated by the countries and non-governmental organizations in the 1960s. 

It was later adopted in 1971 and came into force in 1975 in the Iranian city of Ramsar, hence 

the name Ramsar Convention (Gardner & Davidson 2011). The Convention’s sole mission is 

“the conservation and wise use of all wetlands through local and national actions and interna-

tional cooperation, as a contribution towards achieving sustainable development throughout 

the world”. Under the “three pillars” of the Convention, the Contracting Parties commit to: 

▪ work towards the wise use of all their wetlands; 

▪ designate suitable wetlands for the list of Wetlands of International Importance (the “Ram-

sar List”) and ensure their effective management; 

▪ cooperate internationally on transboundary wetlands, shared wetland systems and shared 

species. 

 The first country to put an accession to the Convention was Australia on the 1st of January 

1974, and on the 8th of May 1974, Australia coined the Cobourg Peninsula as the first Ramsar 

Site. Today 170 nations are signatories to the Ramsar Convention, India being one of them. As 

of this date, India has designated 42 ecological hotspots as Ramsar sites, the details of which 

can be visualized through Fig. 2. 1. These sites are highly delicate when it comes to the natural 

ecosystem and demand significant attention towards their proper nourishment. Hence, there 

is a need to continually monitor these water bodies' health status, including the components 

contributing to the aquatic ecosystem. This necessitates extensive monitoring programs that 

can provide details regarding the spatial and temporal variability of water bodies' health.  

However, these programs also generate vast and complex datasets that are difficult to in-

terpret by ordinary people. Therefore, mathematical tools are utilized to incorporate on the 

datasets such that they become easily understandable. These include statistical techniques, 

probabilistic and stochastic models, computations for predicting different parameters, etc. 

Additionally, models replicating real-life situations are also developed to understand the dy-

namics of the natural ecosystem better. 
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Fig. 2. 1. Ramsar sites in India. 

 

2.5. Introduction to Bibliometric analyses 

Literature review studies provide an in-depth understanding of the existing methodologies 

in a research domain (He et al. 2017; Jin et al. 2019). It also provides a deeper understanding 

of existing approaches' limitations, thereby providing a guiding path towards systematic in-

novations. However, some of the existing reviews conducted on WQIs are highly subjective 
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and purely based on individual perceptions, which may be prejudiced and misleading (Lumb 

et al. 2011; Sutadian et al. 2016). Hence, the scientific conduct of the literature review needs 

attention, which can be attained through the science-mapping approach. The science-map-

ping technique of understanding a research domain or areas concerning specific queries re-

garding the conduct of research is achieved through a broad process of domain analysis and 

visualizing the results attained (Chen 2017). A science-mapping analysis consists of specific 

tools or indicators, principally, a set of scientific literature and a group of scientometric and 

graphical analytical tools, metrics, and indicators that emphasize essential patterns, trends, 

and notions of scientific change (Chen 2017). Thus, it provides a holistic approach to review-

ing the existing literature, emphasizing a qualitative discussion addressing the fundamental 

limitations that could lead the way forward for future scholarly innovations. 

The novelty of the current bibliographic research lies in the (a) application of science-map-

ping in different research domains, which could minimize the subjectivity and prejudice in 

reviewing published literature, (b) analyzing the existing mainstream topics, (c) a qualitative 

discussion, explicitly pointing out the limitations and gaps in the existing literature, thus giv-

ing it a more comprehensive approach, and finally (d) proposing a research framework which 

will pave the way for future research works. The review-based investigation adopted a three-

step all-inclusive approach. The detailed workflow of the approach has been represented 

through Fig. 2. 2, which comprises all three steps; Bibliometric search, Scientometric analysis, 

and Qualitative assessment. The bibliometric analysis followed the Preferred Reporting Items 

for Systematic Reviews and Meta-Analysis (PRISMA) technique, working on four independent 

levels. 

The first step towards the PRISMA process involved “identification”, wherein keywords 

were entered based on the search criteria in various databases, and the records were ex-

tracted. The database chosen for the bibliometric search was Scopus, which is considered one 

of the prime search engines for academicians and researchers. The main reason for selecting 

Scopus as the search engine is that Scopus is believed to cover a broader range of journals and 

possess more recent publications than other search engines such as Web of Science, Google 

Scholar, PubMed, etc. (Aghaei Chadegani et al. 2013). The subsequent sections provide an in-

depth analysis of the review of published literature in assessing the quality of all the compo-

nents of the wetland ecosystems, i.e., water and sediment. A detailed review of the developed 

ecological models worldwide is also presented through scientific analyses of the available lit-

erature. 
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Fig. 2. 2. Flowchart depicting the three-step scientific approach to reviewing published literature. 

 

2.6. Water Quality 

Sustainable development of the human race has always revolved around water and its exten-

sive daily use. The freshwater availability is definite, whilst its exploitation has been rising 

ever since. The anthropogenic interferences such as large-scale urbanization resulting in un-

planned watershed management practices, discharge of harmful toxic chemicals from indus-

tries, nutrients from the agricultural sector, and even the airborne metallic contaminants 

have reached scales that have rendered some of the water bodies around the world polluted 

beyond repair (Bartram & Ballance 1996; Carpenter et al. 1998; Singh et al. 2005a; Todd et 

al. 2012; Wu et al. 2018). Hence, several viable steps need to be undertaken for the restoration 

and conservation of water resources. This makes water quality monitoring programs an in-

dispensable part of assessing the health of a water body and its effective management (Ward 

et al. 1986; Astel et al. 2006; Behmel et al. 2016; Romero et al. 2016). These water quality 

monitoring programs can be categorized into three classes; (a) monitoring, (b) surveys, and 

(c) surveillance, depending on whether the monitoring program is long-term, short-term or 

a continuous process, respectively (Chapman 1996). These monitoring programs lead to the 

generation of vast sets of data, comprising various water quality parameters, distributed spa-

tially as well as temporally, making them data-rich but information-poor, thereby rendering 

their interpretation extremely difficult and complicated. Hence, various researchers have 

tried to use methods by which information regarding water quality can be easily transmitted 

without damage of any significant information (Shastry et al. 1972; Aston et al. 1974; Lizcano 
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et al. 1974; Afşin 1997; Nunes et al. 2003; Subramani et al. 2005; Tsegaye et al. 2006; Moeller 

et al. 2007). 

The water quality indexing (WQI) technique, of all the techniques, has proved to be the 

most efficient and has played a pivotal role in effective water resources management (Debels 

et al. 2005; Lumb et al. 2011; Mohebbi et al. 2013; Sutadian et al. 2016). Its integration with 

more advanced and sophisticated tools such as the geographic information system (GIS) has 

made it extremely handy in determining the spatial and temporal variability, as well as the 

distribution of various water quality parameters (Şener et al. 2017a; Şener et al. 2017b). WQI 

is a mathematical approach, wherein several water quality parameters (variables) are asso-

ciated together to frame a single integer value, depicting the overall health status of a water 

body (Bordalo et al. 2006; Sánchez et al. 2007; Abbasi & Abbasi 2012; Tian et al. 2019). This 

approach not only makes data interpretability easy, but also makes the understanding of the 

spatio-temporal variability of the water quality parameters simplified (Noori et al. 2019). The 

WQI approach is considered to be primarily of two types; pollutant index and quality index. In 

the pollutant-index, the WQI values increase with the rise in pollution level, while in the qual-

ity index, it is vice-versa (Misaghi et al. 2017). Additionally, the WQIs are classified into four 

categories, depending on the end-use of water (Jena et al. 2013): 

• No consideration of the end-use of water: Provides a holistic view of the WQI. 

• Highly target-specific: Depends heavily on the water-use such as drinking, irrigation, in-

dustrial discharge and assessment of heavy metal contamination, etc. 

• Planning and management: Usually employed in cases wherein effective management and 

planning of water resources are of primary focus. 

• Use of Mathematical tools: Statistical and other mathematical models are employed to de-

termine the overall health of a water body. 

While the first three approaches consider consultation from specific experts in relevant 

areas of expertise, the fourth approach is based entirely on the dataset and thus, devoid of 

any personal judgement or opinion, which otherwise, in many cases, has led to ambiguities 

among researchers.  

The major limiting factors in water quality indexing are the subjective approach towards 

inducing sub-weights, which can be prejudiced and misguiding in some cases. This is primar-

ily because the use of expert opinions is often deemed as unscientific as they may vary from 

one person to another, based on each individual’s perception. To minimise the effects of sub-

jective judgements, mathematical tools, also known as Environmetrics or Chemometrics 

tools, have come into effect in recent years. The development of WQIs involves the following 

four steps (Abbasi & Abbasi 2012): 
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a. Selecting water quality parameters. 

b. Computation of sub-index values through a transformation of the parameters to a stand-

ard scaling factor. 

c. Estimation of weights for all parameters. 

d. Aggregating the sub-index values to obtain the final WQI. 

The research on the development of newer techniques pertaining to attaining a compre-

hensive WQI revolves primarily around the second and third step, i.e., determining the sub-

indices and eventually the weights, leading to the final WQI value. The first reported use of 

the indexing technique dates back to the 1960s when Horton (1965) associated the term in-

dex with water quality. Since then, there have been numerous at-tempts made by several re-

searchers around the globe to introduce novel techniques in arriving at a comprehensive wa-

ter quality index. Hence, there is a need to have a more in-depth look into the various meth-

odologies adopted in attaining various WQIs and thereby understand the pros and cons of 

their adaptations. This will eventually pave the way to discovering newer strategies and tech-

niques while adopting the pros of the existing methods and, at the same time, addressing their 

limitations. 

For this purpose, the following keywords were entered in Scopus: 

TITLE-ABS-KEY ("water quality index" OR "wqi") 

A total of 3261 published documents was initially extracted. 

These published works of literature were then subjected to the second step, which is the 

“screening” process, based on the inclusion-exclusion criteria. A three-step screening process 

was adopted based on the scope of the current research. Firstly, the articles available online 

and are under process for publication till the year 2020 were considered. Secondly, the arti-

cles falling under the scope of “Environmental Science”, “Agricultural and Biological Sciences”, 

“Earth and Planetary Sciences”, “Engineering”, and “Social Sciences” were considered, as our 

scope limits to these areas only. Finally, only research articles published in English were con-

sidered, whilst the conference papers and book chapters were excluded as the article publi-

cations provide more detailed and significant information as compared to the other two 

modes of publications. 

After the screening process, the third step involved the “eligibility” criteria, where the ex-

tracted articles after screening were subjected to quality assessment to avoid any duplicity of 

data. Furthermore, all articles were studied for their titles, abstracts and keywords to identify 

whether the articles fall within the scope of the research. All irrelevant articles which were 

beyond the scope of the investigation were excluded. 
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The fourth and final step describes the significance of the use of a single word or a combi-

nation of words through the “included” function. While using a combination of words, the 

keywords are entered using the Boolean operators such as AND or OR, based on the require-

ments. After the final round of screening, a total of 2049 articles were selected for the scien-

tometric analysis. The results of the scientometric analyses are discussed in the following sub-

sections. 

2.6.1. An overview of the literature sample 

Fig. 2. 3 presents a scientometric analysis of the published literature based on the number of 

articles published until the year 2020. The data showed an overall trend of the research out-

puts in the domain of water quality indexing. It was observed that not many articles were 

published until the dawn of the 21st century. Post the year 2000; there has been a steep rise 

in the publication of articles about the indexing of water quality. In the past decade, i.e., from 

the year 2010, a vast number of articles have been published, with the annual figures going 

well above 300 in the last two years, from being ranged between 100-250 in the past decade 

(Fig. 2. 3a). This is indicative of the growing research in this domain, and it is expected that 

these numbers will go even higher in the upcoming years, owing to the development of newer 

methodologies and an everlasting wide range of scope in this domain of research. Also, it was 

observed that more than half of the research (about 55%) fell in the area of Environmental 

Science, which was further followed by Agricultural and Biological Sciences (17%), Earth and 

Planetary Sciences (12%), Engineering (9%), and Social Sciences (7%). This shows that the 

domain of water quality indexing is primarily focused on Environmental and Agricultural, and 

Biological Sciences (Fig. 2. 3b). Thus, there exists a vast scope for engineers and scientists 

worldwide, specializing in Environmental Science and Agricultural and Biological Sciences, in 

working in the domain of water quality indexing. Additionally, with the development of novel 

mathematical models and techniques, significant demand for collaborative efforts with math-

ematicians and computer engineers might arise. 
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(a) 

 

(b) 

Fig. 2. 3. Results of the scientometric analysis showing (a) Year-wise distribution of published articles, 
and (b) Classification of documents based on relevant subject areas. (Data extracted from Scopus 
Database) 
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2.6.2. Journal Sources 

Journal sources involved in the publication of articles related to water quality indexing were 

assessed and visualized. The results of the scientometric analysis involving the journal 

sources are reported in Fig. 2. 4 and Table 2. 1. A minimum of 15 articles and 30 citations 

were set for analysis in VOSViewer, which provided a cumulative of 24 out of a total of 493 

journals meeting the tolerance level. Fig. 2. 4 exhibits the clusters of journal sources and their 

inter-relationships through the connected lines. It is important to note that all the relevant 

journals may not be visible through Fig. 2. 4. Hence, a more detailed quantitative analysis of 

the journal sources and their influence is provided in Table 2. 1. 

 

Fig. 2. 4. Mapping of mainstream journals in the domain of water quality indexing. 

 
In the network representation of the journal sources, as shown in Fig. 2. 4, the sizes of the 

fonts and nodes are proportional to the number of publications from that particular journal, 

i.e., the larger the font and node size, the more is the number of published articles contributed 

from that journal. Furthermore, the cluster colours, as well as the colours of the connecting 

lines, indicate the relative closeness among the various journals with respect to mutual cita-

tions. Citations are considered to be of high regard in the field of re-search as it is considered 

as a standard measure to identify the influence of the studies in that particular domain of 

research (Van Eck & Waltman 2014). From Fig. 2. 4, it was observed that journals like Envi-

ronmental Monitoring and Assessment, Indian Journal of Environmental Protection, Environ-
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mental Earth Sciences, Ecological Indicators, and Pollution Research provided a significant con-

tribution to the research pertaining to the domain of water quality indexing. Additionally, 

these journals also have dense networking of the connecting lines, thus indicating their close-

ness with respect to the published articles. A more quantitative assessment has been reported 

in Table 2. 1. 

Table 2. 1. Quantitative measurements of journals publishing water quality index research. 

Source 

Number of 

docu-

ments 

Total 

citations 

Average 

citationsA 

Normal-

ized cita-

tions 

Average 

Normal-

ized cita-

tionsB 

Environmental Monitoring 

and Assessment 103 2567 25 151.14 1.47 

Indian Journal of Environ-

mental Protection 83 481 6 13.11 0.16 

Environmental Earth Sci-

ences 73 1188 16 108.44 1.49 

Ecological Indicators 48 1854 39 134.11 2.79 

Pollution Research 48 215 4 7.75 0.16 

Desalination and Water 

Treatment 43 250 6 23.94 0.56 

Water (Switzerland) 43 269 6 49.83 1.16 

Environmental Science and 

Pollution Research 40 342 9 42.03 1.05 

Arabian Journal of Geosci-

ences 33 506 15 42.21 1.28 

Science of the Total Envi-

ronment 31 966 31 121.25 3.91 

Nature Environment and 

Pollution Technology 29 185 6 16.18 0.56 

Water Resources Manage-

ment 23 372 16 35.64 1.55 

Water Research 20 1355 68 45.42 2.27 

 
A Average citations are estimated by dividing the total number of citations received by the total number of articles 
published. 
B The Ave. Norm. Citation represents the normalized number of citations of a journal, document, author, or an 
organization. It corresponds to the total number of citations divided by the average number of citations published 
in the same year. The normalization concept rectifies the misinterpretation that older documents have more time 
to receive citations than more recent one (Van Eck & Waltman 2014). The Norm. Citation in Table 2. 1 measures 
the citation of all the articles within the same journal, while the Ave. Norm. Citation represents the normalized 
citation per article, it is calculated by dividing the Nor. Citation by the number of articles. All the normalized cita-
tion scores presented throughout the thesis are based on this concept. 
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Groundwater for Sustaina-

ble Development 18 202 11 33.71 1.87 

Environment, Development 

and Sustainability 17 72 4 14.87 0.87 

Water Science and Tech-

nology 17 208 12 13.61 0.80 

Chemosphere 16 284 18 21.29 1.33 

International Journal of En-

vironmental Research and 

Public Health 16 241 15 22.72 1.42 

Polish Journal of Environ-

mental Studies 16 108 7 9.49 0.59 

Sustainable Water Re-

sources Management 16 124 8 13.98 0.87 

Human and Ecological Risk 

Assessment 15 287 19 65.22 4.35 

International Journal of En-

vironmental Science and 

Technology 15 166 11 13.11 0.87 

International Journal of 

River Basin Management 15 89 6 11.53 0.77 

Journal of Environmental 

Management 15 753 50 34.84 2.32 

 

Five different measuring parameters corresponding to the productivity and influence of 

journals in the domain of water quality indexing are listed in Table 2. 1; the number of listed 

documents, total citations, the average citations, normalized citations, and the average nor-

malized citations. While the former two parameters are found to be highly correlated to each 

other in general, the other three parameters are relatively non-aligned with the other two, 

i.e., the journals governed by a high number of publications or citations may not necessarily 

display a higher average citation score. It was observed that Fig. 2. 4 and Table 2. 1 showed 

consistent results, with respect to the most productive journals, i.e., Environmental Monitor-

ing and Assessment, Indian Journal of Environmental Protection, Environmental Earth Sciences, 

Ecological Indicators, Pollution Research, Desalination and Water Treatment, Water (Switzer-

land), and Environmental Science and Pollution Research. Out of these, Environmental Moni-

toring and Assessment, Environmental Earth Sciences, and Ecological Indicators are the jour-

nals receiving a higher range of average citations, thereby indicating stronger influence in 

terms of both productivity and research significance. However, when it comes to the journals 
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having the most influential publications, i.e., in terms of average normalized citations re-

ceived, the journal of Human and Ecological Risk Assessment had the highest research signifi-

cance, with an average normalized citation score of 4.35. Other journals such as Science of the 

Total Environment (3.91), Ecological Indicators (2.79), Journal of Environmental Management 

(2.32) and Water Research (2.27) are among journals with a considerable research signifi-

cance in the domain of water quality indexing, with average normalized citation scores of 

more than 2.00. These journals do not possess a higher quantum of articles in this research 

domain but significantly contribute to the research. 

2.6.3. Co-occurrence of Keywords 

Keywords in research provide a comprehensive idea about the topics that have been primar-

ily focused on the domain (Su & Lee 2010). Therefore, a network of keywords provides a clear 

demonstration of the inter-relationships and closeness between them (Van Eck & Waltman 

2014). Based on the references by Oraee et al. (2017) and Hosseini et al. (2018), the current 

study considered the “Author Keywords” and “Fractional Counting” method of analysis in 

VOSViewer. The minimum number of occurrences was set as 10, which yielded 78 keywords 

out of a cumulative total of 4308 keywords. The 78 keywords were then filtered by removing 

some more generalist and repetitive items such as “Monitoring”, “pH”, “Turbidity” etc., while 

some other keywords with closer resemblances such as “Physicochemical parameters”, “Nu-

trients”, etc. were considered in the second round of analysis. Eventually, a total of 48 key-

words were selected, as given in Table 2. 2 and shown in Fig. 2. 5. 

As shown in Fig. 2. 5, the nodal sizes indicate the frequency of occurrences of the key-

words, like “Water quality index”, “Water quality”, and “Groundwater” displaying higher size 

nodes, thereby indicating a higher frequency of occurrence. This also indicates the assess-

ment of groundwater quality has been primarily carried out compared to the surface waters. 

Additionally, the colours of the nodes indicate the clusters, i.e., each keyword is divided into 

different clusters depending upon the relative closeness between them. For example, “Cluster 

analysis”, “Principal Component analysis”, “Factor analysis” can be seen to have a single colour 

representation, thus, suggesting their close relations to each other. Furthermore, keywords 

from different clusters may also have a strong linkage, such as “Drinking water”, “Groundwa-

ter”, and “Principal component analysis” (Fig. 2. 6). From the clustering of keywords obtained, 

the fundamental research on water quality indexing can be categorized in terms of Statistical 

analyses, WQI based on LULC and risk assessment, Groundwater quality indexing, Surface 

water quality indexing, Mathematical Approaches, and the Areas of research active in various 

countries. Each of the above-mentioned categories have been discussed in details below. 
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▪ WQI based on LULC and risk assessment 

Some of the recent studies have shown the variation of water quality with respect to the 

changes in the land-use and land-cover patterns of different areas (Zhang et al. 2009; Singh & 

Khan 2011; Srivastava et al. 2013; Wilson 2015; de Oliveira et al. 2017; Wang et al. 2018). 

Modelling LULC patterns remains one of the major methods of adaptation. Also, some of the 

most recent literature has associated WQI with health risks, such as (Adimalla 2019; Adimalla 

& Qian 2019; He & Wu 2019; Karunanidhi et al. 2020; Ustaoğlu et al. 2020; Wu et al. 2020). 

These WQIs have primarily focused on drinking water guidelines and the health risks associ-

ated with the consumption of water polluted with majorly heavy metals. 

▪ Groundwater quality indexing 

Studies involving groundwater quality indexing specifically focused on assessing the hydro-

geology of the study area, so that the groundwater can be rendered fit for drinking as well as 

irrigation purposes (Reza & Singh 2010; Saeedi et al. 2010; Vasanthavigar et al. 2010; 

Mohebbi et al. 2013; Adimalla et al. 2018). Areas facing scarcity of surface water were the 

primary regions of focus, as they are entirely dependent on the local aquifers for meeting their 

water demands.  

▪ Surface water quality indexing 

Indexing approaches involving surface waters involved a wider range of areas, compared to 

the groundwater studies (Varol & Şen 2012; Dede et al. 2013; Chang et al. 2015; Whittaker et 

al. 2015; Avigliano & Schenone 2016; Gao et al. 2016; Gopal et al. 2018; Wu et al. 2018). The 

studies involved research areas other than drinking, like assessing the water quality for nu-

trients, thereby determining their eutrophication potential. Also, the surface waters included 

both freshwaters such as rivers, lakes, wetlands, etc. and marine waters such as seas and 

oceans (Jha et al. 2015). 

▪ Mathematical approaches 

The development of WQIs based on mathematical approaches is the newest addition to the 

domain, as these methods did not involve subjective assessments. Instead, they were purely 

based on mathematical models. Some of the models involved in the research of water quality 

indexing include relational method or statistics (Srivastava et al. 2011; Yan et al. 2016; Tian 

et al. 2019), geographically variable (Dunnette 1979; Melloul & Collin 1998; Cude 2001; De 

Rosemond et al. 2009), multivariate statistics (Melloul & Collin 1998; Howladar et al. 2018; 

Rana et al. 2018; Khalid 2019; Kükrer & Mutlu 2019; Patil et al. 2020), probability and fuzzy 

approach (Nasiri et al. 2007; Lermontov et al. 2009; Song & Kim 2009; Gazzaz et al. 2012; 

Yaseen et al. 2018), and finally information entropy (Amiri et al. 2014; Fagbote et al. 2014; 

Adimalla et al. 2019; Islam et al. 2020b; Rao et al. 2020; Ukah et al. 2020). 
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Fig. 2. 5. Relevant keywords that have appeared in the published literature in the domain of water quality indexing. 
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Fig. 2. 6. Association of keywords with different clusters. 

 
 
▪ Areas of research active in various countries 

According to Fig. 2. 7, it was observed that India, Malaysia, and Iran have become active in the 

domain of research on water quality indexing, thus implying that developing countries are 

now more active in the research involving water quality. Furthermore, it was observed that 

while India and Iran primarily focused their research on groundwater and its suitability for 

drinking, Malaysia focused on aquaculture and river pollution and quality involving rejuve-

nation of river water. 

More quantitative estimations of the author keywords have been presented in Table 2. 2. 

It was observed that keywords such as “Water quality index”, “Water quality”, and “Ground-

water” have been used predominantly. However, newer approaches for developing WQIs 

such as using “GIS”, “Principal component analysis”, “Cluster analysis”, “Health risk assessment”, 

“Multivariate analysis”, and “Factor analysis” are being used lately, which shows a gradual yet 

effective shift in the adaptation of rational methods rather than employing subjective analysis 

for developing WQIs. 
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(a) (b) 

 

(c) 

Fig. 2. 7. Research areas and countries active in water quality indexing. 

 
Table 2. 2. Summary of main keywords in water quality index research. 

Keyword Occurrences 

Water quality index 650 

Water quality 340 

Groundwater 137 

WQI 108 

Drinking water 53 

GIS 53 

Principal component analysis 51 

Surface water 47 

Eutrophication 44 

Physicochemical parameters 42 

Heavy metals 37 

Hydrogeochemistry 34 

Cluster analysis 33 

Irrigation 33 

Health risk assessment 23 
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Multivariate analysis 21 

River 21 

Factor analysis 20 

Spatial distribution 20 

Nutrients 19 

Phytoplankton 19 

India 17 

Land use 17 

Fuzzy logic 16 

Quality rating 16 

Artificial neural network 15 

Statistical analysis 15 

Risk assessment 14 

Iran 13 

Malaysia 13 

Surface water quality 13 

Aquaculture 12 

Groundwater quality index 12 

Irrigation water quality 12 

Multivariate statistical analysis 12 

Trophic state index 12 

Correlation analysis 11 

Discriminant analysis 11 

Macroinvertebrates 11 

Major ions 11 

River pollution 11 

Salinity 11 

Sensitivity analysis 11 

Urbanization 11 

CCME WQI 10 

NSFWQI 10 

Remote sensing 10 
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2.6.4. Co-authorship analysis 

Mutual collaborations amongst various researchers around the world are a usual affair. The 

awareness among the researchers regarding the existing collaborations helps improve their 

productivity and prevent them from being isolated (Hosseini et al. 2018). Hence, a scien-

tometric analysis regarding the co-authorship details was carried out using VOSViewer. Au-

thors having published more than 7 articles and having a minimum of 30 citations were con-

sidered for the analysis. 21 scholars around the world, out of a total of 5686 researchers, met 

the selection criteria. The most influential researchers were shown in Fig. 2. 8 and Table 2. 3. 

As shown in Fig. 2. 8, the scholars were classified into four different categories based on their 

research in the domain of water quality indexing, for example, the research group of Zhang 

Y., Li P., and Wu J. Table 2. 3 lists out five key quantitative estimations, namely, the total num-

ber of documents, total number of citations, average citations, normalized citations, and av-

erage normalized citations in Scopus. The former two quantitative measurements provide 

productivity, while the remaining three measurements provide the research influence. 

 

 

(a) 
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(b) 

 

(c) 

Fig. 2. 8. Map showing the (a) Overall co-authorship analysis, (b) Expansive view of cluster 1, and (c) 
Expansive view of cluster 2. 

 

From Table 2. 3, it is evident that Zhang Y. was deemed as the most productive in terms of 

research outcomes, whereas Wu J. was the most influential researcher, with the average nor-

malized citation significantly higher than all other researchers, at 10.43. The scholars were 

also found to be highly collaborative, as can be visualized from the density of nodal connect-

ors, as shown in Fig. 2. 8. 
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Table 2. 3. Quantitative summary of the impacts of scholars in the domain of water quality indexing. 

Scholar 
Number of  

documents 

Total  

citations 

Average  

citations 

Normalized 

citation 

Average Nor-

malized cita-

tion 

Zhang Y. 18 388 22 60.03 3.34 

Sadiq R. 17 256 15 17.60 1.04 

Wang J. 17 300 18 39.08 2.30 

Rodriguez M.J. 15 159 11 11.61 0.77 

Wang X. 12 275 23 32.68 2.72 

Juahir H. 11 204 19 16.70 1.52 

Toriman M.E. 11 57 5 6.00 0.55 

Asadi S.S. 10 115 12 5.34 0.53 

Li P. 10 422 42 61.86 6.19 

Sinha D.K. 10 51 5 1.57 0.16 

Wu J. 10 769 77 104.32 10.43 

Zhang J. 10 112 11 10.85 1.09 

Li Y. 9 198 22 13.89 1.54 

Kumar A. 8 112 14 8.81 1.10 

Liu Y. 8 68 9 11.38 1.42 

Amé M.V. 7 135 19 9.53 1.36 

Bodrud-Doza M. 7 141 20 15.71 2.24 

Gasim M.B. 7 38 5 2.89 0.41 

House M.A. 7 146 21 7.36 1.05 

Ramachandra-

moorthy T. 7 38 5 1.97 0.28 

Singh S. 7 66 9 6.72 0.96 

 

2.6.5. Articles’ citations 

Citations of articles provide their influence in any domain of research. The most influential 

articles published in the domain of water quality indexing was analysed in VOSViewer. A min-

imum of 100 citations was set for the investigation, which resulted in 30 articles, listed in 

Table 2. 4 and the network, shown in Fig. 2. 9. The most cited article was found to be Pesce 

and Wunderlin (2000), which was one of the first researches conducted on indexing studies, 

integrating both subjective and objective criteria. The introduction of the objective criteria 

into the indexing technique was considered very important as it removed major ambiguities 

related to the subjective criteria, which was primarily based on personal judgements from 

various researchers. 
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Fig. 2. 9. Science mapping of the most influential publications in the water quality indexing research. 

 
Other research works such as (Tiwari & Mishra 1985; Chang et al. 2001; Cude 2001; 

Sánchez et al. 2007; Vasanthavigar et al. 2010; Wu & Sun 2016) were found to have more than 

200 citations each, signifying their relative importance in the field of research. It is also im-

portant to note that all articles except Bordalo et al. (2001) displayed normalized citations 

more than 2.00, which further indicated a high impact of research in the domain of water 

quality indexing. Also, all recently published articles like (Vasanthavigar et al. 2010; Ilayaraja 

& Ambica 2015; Li et al. 2016b; Wu & Sun 2016; Şener et al. 2017b; Zhang et al. 2018b) dis-

played a higher normalized citation score, thus indicating that the influence of the relatively 

newer articles is considerably higher than other articles which are comparatively old. Thus, 

newer techniques or methods are gaining more importance in a significantly lesser duration 

of time. 

Table 2. 4. List of highly cited publications in the water quality indexing domain. 

Document Total citations Normalized citations 

Pesce and Wunderlin (2000) 359 7.95 

Cude (2001) 280 3.86 

Vasanthavigar et al. (2010) 230 10.25 

Sánchez et al. (2007) 229 8.93 

Chang et al. (2001) 229 3.16 

Wu and Sun (2016) 211 16.45 

Tiwari and Mishra (1985) 201 4.19 

Ocampo-Duque et al. (2006) 195 5.05 

Kannel et al. (2007) 180 7.02 

Liou et al. (2004) 171 5.92 

Debels et al. (2005) 168 9.85 

Şener et al. (2017b) 158 15.74 

Ilayaraja and Ambica (2015) 157 14.59 
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Jonnalagadda and Mhere (2001) 153 2.11 

Lermontov et al. (2009) 143 5.50 

Bordalo et al. (2001) 138 1.90 

Li et al. (2016a) 136 10.6 

Li et al. (2014) 135 7.79 

Simões et al. (2008) 129 7.00 

Said et al. (2004) 128 4.43 

Gazzaz et al. (2012) 127 7.64 

Sahu and Sikdar (2008) 121 6.57 

Yidana et al. (2010) 120 5.35 

Smith (1990) 118 3.83 

Boyacioglu (2007) 115 4.48 

Bordalo et al. (2006) 114 2.95 

Yidana and Yidana (2010) 106 4.72 

Zhang et al. (2018a) 104 16.53 

Wu and Chen (2013) 103 8.40 

Swamee and Tyagi (2000) 103 2.28 

 

2.6.6. Countries active in the research domain of water quality indexing 

The co-occurrence of author keywords showed some insight into the countries active in the 

research involving water quality indexing. However, a detailed analysis was carried out by 

VOSViewer to comprehend the countries’ contributions to global research. The minimum 

number of articles produced and the minimum citations were established at 5 and 50, respec-

tively. 49 out of a total of 121 countries fitted the limit. Fig. 2. 10 and Table 2. 5 depict a clearer 

picture of the various countries actively participating in the research domain of water quality 

indexing. 

As depicted in Fig. 2. 10, the connection lines are indicative of the mutual citations be-

tween different countries. Furthermore, the nodal sizes and connection lines proportion-ate 

to the total number of publications by individual countries. All countries active in the research 

were categorized into 8 clusters. It was observed that developing countries like India, China, 

Malaysia, and Iran have contributed significantly in the domain of water quality indexing, 

which shows their active participation in this research domain. A detailed quantitative as-

sessment of the country-wise published works of literature is listed in Table 2. 5, including 

the total number of publications, total citations, average citations, normalized citations, and 

the average normalized citations. 
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The major bulk of publications in the domain of water quality indexing was seen to have 

come from two countries; India, followed by China. Both countries also have a considerably 

higher number of citations. South-Asian countries like India and China are rapidly undergoing 

changes in land-use-and-land-cover. The economic prosperity has led to uncontrolled urban-

ization in these countries, which has taken its toll on their water resources, both quantita-

tively and qualitatively (Karn & Harada 2001). India thrives on agriculture, and with the ad-

vent of newer technologies leading to increased productivity, the usage of chemical fertilizers 

and pesticides have rendered the pollution of surface waters even worse, owing to agricul-

tural runoffs. Also, the discharge of untreated sewage and the dumping of solid wastes near 

the proximity of water bodies are other reasons for the severe degradation of water quality 

in India (Sinha & Nazimuddin 2008). Hence, there has been a major shift in focus towards 

research on water quality and its qualitative estimation through the indexing approach so 

that necessary steps could be undertaken to reduce the contamination levels significantly, 

thereby restoring the natural aquatic ecosystems. The average normalized citations indicate 

that countries like China (2.04), Australia (2.12), Taiwan (2.06), Hong Kong (3.07), Belgium 

(3.07), and Denmark (2.09) have created a considerable yearly impact on the research com-

munity, with their average normalized scores exceeding 2.00. 

 

 

Fig. 2. 10. Mapping of active countries in the domain of water quality indexing. 

 

TH-2896_176104004



Bibliographical Research Chapter | 2 

 Indian Institute of Technology Guwahati Page | 39 

Table 2. 5. Countries active in the domain of water quality indexing. 

Country 
No. of docu-

ments 

Total cita-

tions 

Average cita-

tion 

Normalized 

citation 

Average Nor-

malized cita-

tion 

India 576 4819 8 383.10 0.67 

China 242 4194 17 492.51 2.04 

Malaysia 145 1450 10 114.68 0.79 

Iran 122 1540 13 146.96 1.20 

United States 119 3055 26 176.69 1.48 

Brazil 89 914 10 62.46 0.70 

Canada 85 1905 22 115.52 1.36 

Egypt 46 464 10 43.09 0.94 

Nigeria 44 253 6 34.96 0.79 

Japan 43 332 8 24.01 0.56 

Iraq 41 234 6 29.11 0.71 

Turkey 41 782 19 70.77 1.73 

Spain 37 1174 32 59.33 1.60 

Mexico 34 425 13 27.92 0.82 

United King-

dom 33 543 16 38.27 1.16 

Australia 29 726 25 61.44 2.12 

Poland 29 174 6 12.24 0.42 

Pakistan 27 224 8 27.97 1.04 

Romania 26 181 7 19.77 0.76 

Saudi Arabia 26 206 8 25.43 0.98 

South Korea 26 467 18 26.90 1.03 

Argentina 25 682 27 27.16 1.09 

Thailand 24 278 12 21.17 0.88 

Italy 23 652 28 32.07 1.39 

South Africa 20 295 15 16.31 0.82 

Bangladesh 18 219 12 24.95 1.39 

Algeria 17 114 7 11.56 0.68 

Serbia 17 145 9 12.58 0.74 

Germany 16 303 19 20.33 1.27 

Ghana 16 362 23 22.43 1.40 

Sweden 16 137 9 20.79 1.30 

Vietnam 16 75 5 12.94 0.81 

Greece 15 346 23 28.61 1.91 

Taiwan 15 808 54 30.83 2.06 
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France 14 357 26 20.89 1.49 

Indonesia 14 180 13 15.74 1.12 

Tunisia 13 128 10 13.34 1.03 

Portugal 12 416 35 13.18 1.10 

Colombia 11 293 27 12.54 1.14 

Netherlands 11 153 14 9.58 0.87 

Russian Fed-

eration 11 50 5 2.08 0.19 

Israel 10 204 20 8.60 0.86 

Hong Kong 9 447 50 27.66 3.07 

Croatia 8 249 31 9.57 1.20 

New Zealand 8 183 23 8.70 1.09 

Belgium 7 307 44 21.49 3.07 

Zimbabwe 7 187 27 4.97 0.71 

Nepal 6 241 40 11.59 1.93 

Denmark 5 93 19 10.47 2.09 

 

2.6.7. Qualitative Discussion related to water quality - Current research topics within 

“water quality indexing” 

The water quality indexing approach has been classified into several categories of do-mains, 

owing to its widespread applicability; some of the domains being Engineering, Environmental 

Sciences, and others such as Social Sciences. Based on the respective domains, various ap-

proaches or tools have been adopted for developing WQIs. These include interview with res-

ident public dependent on a particular study area (water body) and recording feedbacks on 

the problems associated with the water-use (Chesoh & Lim 2014; Bansah et al. 2018; Ngasala 

et al. 2019; Loc et al. 2020), author questionnaires (Kumar & Alappat 2009; Proulx et al. 2010; 

Wanda et al. 2014; Sutadian et al. 2017; Bansah et al. 2018), case studies (Ramesh et al. 2010; 

Akkoyunlu & Akiner 2012; Sutadian et al. 2017; Sabia et al. 2018; Tripathi & Singal 2019; 

Varol 2020b), computer simulations (Azevedo et al. 2000; Yamashiki et al. 2003; Asadi et al. 

2007), modelling (Song & Kim 2009; Wu & Chen 2013; Feng et al. 2018; Ho et al. 2019; Kadam 

et al. 2019; Rissmann et al. 2019), and method development (Cude 2001; Said et al. 2004; 

Boyacioglu 2007; Thi Minh Hanh et al. 2011; Lobato et al. 2015; Yaseen et al. 2018). The cur-

rent study divides the conventional studies into the following vital classifications. 

▪ Subjective approach 

A subjective approach employed for the development of a WQI implies inducting personal 

opinions of various individuals, based on which, the sub-indices are calculated. This approach 
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is based on the analytical hierarchical process (AHP) and is often termed as the G1 method 

(Kamrani et al. 2016; Gao et al. 2020). These methods usually determine the relative im-

portance of a particular parameter, through investigations in the form of house-to-house sur-

veys or author questionnaires to specific experts in the corresponding area of expertise. The 

relative importance to different parameters is then estimated based on the recorded re-

sponses, which finally leads to a WQI score. 

▪ Objective approach 

In more recent water quality studies, the focus has shifted to a more objective-oriented ap-

proach. These approaches make use of various mathematical tools for estimation of sub-indi-

ces, often including software applications and computer simulations. The first universally ac-

cepted objective approach was developed by CCME (2001), which was adopted by various 

researchers subsequently (Khan et al. 2005; Lumb et al. 2006; Hurley et al. 2012; Abtahi et al. 

2015; Wagh et al. 2017). The method takes into account three factors; F1: the number of var-

iables whose objectives are not met (scope), F2: the frequency by which the objectives are not 

met (frequency), F3: the amount by which the objectives are not met (amplitude), and com-

bines them to estimating index scores. Another method involved employing fuzzy and artifi-

cial neural networks for estimating and predicting water quality (Nasiri et al. 2007; 

Lermontov et al. 2009; Gazzaz et al. 2012; Yaseen et al. 2018). In this approach, a fuzzy-based 

multiple attribute decision support system is utilized for modelling various parameters to 

compute the water quality index. Another tool used in the objective approach is multivariate 

statistics. Till date, this method has been regarded as one of the most effective tools in deter-

mining the water quality of a particular body. It employs several (primarily two) statistical 

techniques, known as the principal component analysis/factor analysis (PCA/FA) and cluster 

analysis (CA). CA categorizes monitoring locations into different statistically significant clus-

ters, based on high intra-cluster similarity and low inter-cluster similarity. This makes com-

putations of large and complex water quality datasets extremely convenient. Furthermore, 

PCA reduces the dimensionality of the water quality datasets, retaining significant infor-

mation, thereby maintaining its consistency. The component scores (computed from the co-

variance of the dataset matrix) obtained from the PCA are used for estimating the sub-index 

values. Various researchers have been carrying out investigations on this technique due to its 

reliability and effectiveness (Yidana & Yidana 2010; Mostafaei 2014; Varol & Davraz 2015; 

Singh et al. 2016; Howladar et al. 2018; Kükrer & Mutlu 2019; Patil et al. 2020). Finally, the 

latest methodology, which is gaining significance in the research community in the domain of 

water quality indexing, is employing probability and thereby extending it to entropy, also 

known as entropy weights. It is a well-known fact that extensive monitoring studies consti-

tute immense randomness, owing to the location of monitoring sites, climatic changes and 
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many other natural and anthropogenic contributions. Hence, information entropy concept 

has been introduced lately to the indexing of water quality by Wang et al. (2009). He investi-

gated the stochastic observation error and uncertainty in water quality monitoring programs 

and determined index values integrating Monte-Carlo simulation, Shannon entropy, the Prin-

ciple of Maximum Entropy (POME) and Tsallis entropy. The research was finally carried for-

ward by Li et al. (2014), where the authors proposed a new methodology of employing en-

tropy weights through the use of a dataset matrix. Further research was also carried out by 

subsequent scholars from around the world employing this concept (Li et al. 2016a; Islam et 

al. 2017; Singaraju et al. 2018; Adimalla et al. 2019; Gao et al. 2020; Hasan & Rai 2020; Islam 

et al. 2020a; Ji et al. 2020; Maskooni et al. 2020; Xiao et al. 2020). 

▪ WQI for specific end-use of water 

When it comes to water quality, the health of a particular water body is characterized as good 

or poor, depending on the end-use of the water from that body. The suitability of water varies 

differently depending on the varying end usages; for example, some water body rich in nutri-

ents is rendered extremely suitable for agricultural use but is rendered unsuitable for drink-

ing or industrial applications. Hence, the water quality indices are usually highly specific of 

the varying objectives they fulfil. Majority of the indices developed are based on the drinka-

bility prospect, as growing demand of water supply is the prime focus for all countries. These 

indices make use of the standards for drinking water, prescribed by various organizations 

around the world, like the World Health Organization (WHO) (WHO/FAO/IAEA 1996; WHO 

2006), Indian Standards (IS:10500 2012), European Standards (WHO 1970), and so on 

(Farzadkia et al. 2015; Sun et al. 2016; Misaghi et al. 2017; Beshiru et al. 2018; Mukate et al. 

2019; Islam et al. 2020a; Scheili et al. 2020). Some recent studies on risk assessment involving 

heavy metals (Bereskie et al. 2017; Gao et al. 2019; Sharma et al. 2019; Xiao et al. 2019; Maity 

et al. 2020; Zhang et al. 2020), heavy metal indexing (Singh et al. 2017; Haque et al. 2020; 

Mokarram et al. 2020), irrigation WQI (Misaghi et al. 2017; Abbasnia et al. 2019; Singh et al. 

2019; Muniz et al. 2020) are suggestive of the various wide range of applications of water 

quality indexing. 

2.7. Sediment quality assessment 

Surficial sediment contamination due to various anthropogenic activities has been a cause of 

serious concern in recent times. Primary contaminants possessing critical issues to the global 

sediment flux constitute various nutrients and heavy metals, accumulated due to heavy dis-

charge of effluents (majorly industrial, agricultural and domestic wastewater) into the 

aquatic ecosystem (Syvitski et al. 2005; Ouyang et al. 2006; Zhang et al. 2007b; Azhar et al. 
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2015; Dhamodharan et al. 2019). These nutrients and heavy metals have typical characteris-

tics of being persistent and thus, do not deteriorate or decompose with time, thereby making 

them toxic when concentrations exceed permissible limits. Furthermore, these compounds 

have less mobility in water columns. Therefore, their continuous accumulation in the natural 

water systems forces them to precipitate on the waterbody's sediment column. This makes 

the sediment columns of the water bodies potential sources of heavy metals, where they can 

be released back into the water columns or the aquatic flora and fauna via natural or anthro-

pogenic ways, thus joining the food-chain system (Yin et al. 2011; Dhamodharan et al. 2019). 

Additionally, lakes and wetlands play pivotal roles in providing nutrients to living organ-

isms. Therefore, their bottom sediments are sensitive indicators to determine the pollution 

loadings as they act as both sources and sinks for the contaminants in an aquatic environment 

(Varol 2011; Yin et al. 2011). This necessitates their continuous monitoring and assessment.  

Various aspects covering the pollution of sediments have been studied in the recent past. 

A detailed literature review is inevitable to understand better the studies carried out on sed-

iment contamination. Hence, following the procedure of scientific bibliometric analyses, as 

described in Section 2.6, the following keywords were entered in Scopus: 

TITLE-ABS-KEY ("sediment contamination”) AND TITLE-ABS-KEY (“heavy metals” OR 

“nutrients”) 

Since the primary contaminants contributing to the sediment contamination in a natural 

aquatic ecosystem are nutrients and heavy metals, we restricted our search to these two pa-

rameters. Similar procedures were adopted for extracting the final set of published literature 

(a total of 428 articles were finally extracted and subjected to analyses). Only in this case, the 

subject areas were limited to Environmental Science, Agricultural and Biological Sciences, 

Earth and Planetary Sciences, and Engineering. The results obtained are discussed in the fol-

lowing sub-sections. 

2.7.1. An overview of the literature sample 

The 428 articles considered for the final analyses were arranged to their year of publication, 

as shown in Fig. 2. 11a. It was observed that the majority of the works have been carried out 

in the 2010s, i.e., from 2010 onwards. This indicates the growing popularity among research-

ers worldwide in the domain of sediment contamination. This domain is also relatively 

fresher, as much emphasis had not been given to this particular domain in the past. Hence, a 

broad scope of research in this domain is believed to impact sediment contamination dynam-

ics significantly. 
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(a) 

 

 
(b) 

Fig. 2. 11. An overview of literature sample related to sediment contamination; (a) Yearly publications, 
and (b) Classification of documents based on the respective subject areas (Data extracted from the Sco-
pus database). 
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Furthermore, the articles have been divided as per the subject areas under the scope of 

this thesis. It was observed that more than half of the articles fell under the Environmental 

Science sphere, followed by Agricultural and Biological Sciences, Earth and Planetary Sciences 

(Fig. 2. 11b). This is suggestive of the dominance of Environmental Science in the domain of 

sediment contamination domain. 

2.7.2. Journal Sources 

Details of the journal sources actively involved in publishing articles related to sediment con-

tamination are shown in Fig. 2. 12 and Table 2. 6. Journals having published at least five arti-

cles and having a minimum of 20 citations have been considered for the analyses. This re-

sulted in 21 out of a cumulative of 148 journals. It was observed that Marine Pollution Bulletin, 

Environmental Monitoring and Assessment, Science of the Total Environment, Environmental 

Science and Pollution Research, and Chemosphere are the most productive, with at least 15 

publications in this domain of research. However, when it comes to the journals having the 

maximum impact, Environmental Monitoring and Assessment (13.68), Environmental Earth 

Sciences (13.61), Environmental Geochemistry and Health (10.46), Ecotoxicology and Environ-

mental Safety (6.57), and Environmental Geology (5.67) displayed the highest average normal-

ized citation scores. Thus, it may be stated that the journal of Environmental Monitoring and 

Assessment is both highly productive and possesses the highest impact, thus having a signifi-

cant contribution to the research in the domain of sediment contamination. 

 

 

Fig. 2. 12. Journal sources in the domain of sediment contamination. 
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Table 2. 6. Journals actively publishing articles related to sediment contamination. 

Source 
Docu-

ments 

Cita-

tions 

Avg. Ci-

tations 

Norm. 

Cita-

tions 

Avg. 

Norm. 

Cita-

tions 

Marine Pollution Bulletin 36 1804 50 44.15 1.23 

Environmental Monitoring and Assess-

ment 27 802 30 369.42 13.68 

Science of the Total Environment 23 916 40 34.36 1.49 

Environmental Science and Pollution 

Research 18 302 17 22.74 1.26 

Chemosphere 17 1066 63 32.03 1.88 

Ecotoxicology and Environmental Safety 13 402 31 85.43 6.57 

Environmental Geochemistry and 

Health 13 199 15 135.95 10.46 

Environmental Geology 9 267 30 51.01 5.67 

Journal of Great Lakes Research 9 287 32 6.52 0.72 

Journal of Soils and Sediments 9 126 14 5.42 0.60 

Environmental Earth Sciences 8 132 17 108.90 13.61 

Water, Air, and Soil Pollution 8 235 29 7.37 0.92 

Estuarine, Coastal and Shelf Science 7 362 52 9.12 1.30 

Marine Environmental Research 7 309 44 10.41 1.49 

Archives of Environmental Contamina-

tion and Toxicology 6 87 15 4.37 0.73 

Catena 6 113 19 6.45 1.08 

Environmental Pollution 6 298 50 6.48 1.08 

International Journal of Environmental 

Science and Technology 5 54 11 2.67 0.53 

Lakes and Reservoirs: Research and 

Management 5 183 37 4.20 0.84 

Soil and Sediment Contamination 5 84 17 3.13 0.63 

Water Research 5 205 41 6.05 1.21 

 

2.7.3. Co-occurrence of keywords 

For the keyword analyses, a criterion minimum of 10 occurrences was set. This resulted in 14 

out of a total of 1099 registered keywords. However, specific keywords were repetitive, which 

were omitted from the list. The final list contained 12 keywords, the details of which may be 

seen through Fig. 2. 13 and Table 2. 7.  
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Fig. 2. 13. Analysis of author keywords. 

 
Table 2. 7. Details of occurrences of author keywords. 

Keyword Occurrences 

heavy metals 129 

sediment contamination 75 

sediment 44 

metals 31 

pollution 19 

enrichment factor 15 

trace metals 15 

water quality 15 

contamination 12 

geoaccumulation index 12 

risk assessment 11 

mercury 10 

 

It was observed that both Table 2. 7 and Fig. 2. 13 displayed consistent results, with terms 

like “heavy metals”, “sediment contamination”, and “sediment” being the most frequently used, 

as is evident from the nodal size of the map. Based on the different clusters of author key-

words, certain vital conclusions can be made, as follows: 

▪ Sediment contamination is associated with water quality: This is evident from the fact that 

the term “water quality” lies in the same cluster as “mercury”, “metals”, “pollution”, and 
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“sediment”, Also, it shares a reasonable intra-cluster association with “heavy metals” and 

“sediment contamination”. 

▪ Works on sediment indices: Indices are the easiest and the most convenient method of an-

alysing any dataset. Like water quality indices, certain sediment factors and indices help 

assess an aquatic ecosystem's sediment quality in continuous monitoring programs. These 

include the Enrichment factor and the Geo-accumulation index. The use of these keywords 

suggests comprehensive monitoring programs being carried out to understanding sedi-

ment contamination lately. 

▪ Assessing the risks associated with the sediment column: The third kind of study involves 

assessing different risks related to sediment contamination. These risks are primarily of 

two types; (a) human health risks and (b) ecological risks. The human health risks associ-

ated with the sediment column are primarily due to their exposure to different conditions 

and levels. In contrast, ecological risks are related to the impact of one or more elements 

on the ecology of a particular study area. 

▪ More studies on heavy metals compared to nutrients: It was observed that the quantum of 

studies on sediment contamination relating to heavy metals is much higher as compared 

to nutrient contamination. This may be attributed to more significant impacts of heavy 

metals on the aquatic ecology in contrast to nutrient contamination. 

2.7.4. Co-authorship analysis 

A minimum criterion was set for conducting the co-authorship analyses; authors should have 

at least three documents and 30 citations under their name. 22 authors out of a total of 1700 

met the threshold limit, the details of whom are listed in Table 2. 8. A detailed classification 

of the researchers working on sediment contamination worldwide is shown in Fig. 2. 14. The 

22 authors have been categorized into six independent clusters, based on their relative close-

ness in research, for example, cluster 2 containing Capello M., Cutroneo L., and Vagge G. Table 

2. 8 shows that Karbassi A.R. is the most productive researcher, followed by Zhang L., Delvalls 

T.A., and Wildi W. All these researchers are among the most productive with more than 3 ar-

ticles to their name.  

However, when it comes to the most influential authors, Liu L., Zhang L., and Liu J. are 

among the top influential researchers with average normalized citation scores of more than 

2.00. Thus, it may be concluded that Zhang L. is among the most productive and influential 

researchers in the domain of sediment contamination. All the authors were also found to be 

highly collaborative, as is visualized from the density of the nodal connectors (Fig. 2. 14). 
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Fig. 2. 14. Co-authorship mapping in the domain of sediment contamination. 
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Table 2. 8. Co-authorship details in the sediment contamination research. 

Author Documents Citations 
Avg. Cita-

tions 

Norm. Cita-

tions 

Avg. Norm. 

Citations 

Karbassi A.R. 6 308 51 9.77 1.63 

Zhang L. 5 540 108 16.04 3.21 

Delvalls T.A. 4 226 57 5.39 1.35 

Wildi W. 4 273 68 6.40 1.60 

Abessa D.M.S. 3 140 47 3.85 1.28 

Capello M. 3 30 10 2.67 0.89 

Cutroneo L. 3 30 10 2.67 0.89 

Forja J.M. 3 154 51 3.95 1.32 

Goretti E. 3 70 23 4.27 1.42 

Ismail A. 3 71 24 2.85 0.95 

Johnston E.L. 3 55 18 2.17 0.72 

Liu J. 3 175 58 6.76 2.25 

Liu L. 3 171 57 10.80 3.60 

Loizeau J.-L. 3 215 72 4.91 1.64 

Martin C.W. 3 146 49 4.01 1.34 

Marvin C. 3 84 28 1.98 0.66 

Marvin C.H. 3 124 41 1.98 0.66 

Painter S. 3 160 53 2.99 1.00 

Pereira P. 3 32 11 2.12 0.71 

Riba I. 3 145 48 3.06 1.02 

Selvaggi R. 3 70 23 4.27 1.42 

Vagge G. 3 30 10 2.67 0.89 

 

2.7.5. Articles’ citations 

The most influential articles in the sediment contamination domain were analysed in 

VOSViewer; the mapping result is shown in Fig. 2. 15. Only the articles with a minimum of 100 

citations were considered for the analyses, resulting in 23 out of 428 filtered articles.  

The most cited article was Schnoor et al. (1995), who demonstrated the use of vegetation 

in improving the quality of soils and sediments from hazardous wastes. The authors pre-

sented the various aspects of phytoremediation, including its pros and cons. It is also the most 

influential article, with an average normalized citation score of 9.68. Loska & Wiechuła (2003) 

and Singh et al. (2005c) provided insights into pollution source identification using multivar-

iate statistical techniques. Other research articles primarily focused on the factors and indices 

for heavy metal contamination in the sediment columns of different water bodies (Zhang et 
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al. 2007a; Christophoridis et al. 2009; Zahra et al. 2014a). Also, it was observed that relatively 

newer articles have a higher average normalized impact score, thus indicating the significance 

of their research in a lesser duration (Table 2. 9). 

 

 

Fig. 2. 15. Science mapping of the most influential publications in the domain of sediment contamina-
tion. 

 
Table 2. 9. List of highly cited publications in the domain of sediment contamination. 

Document Citations Norm. Citations 

Schnoor et al. (1995) 746 9.68 

Loska and Wiechuła (2003) 523 6.60 

Zhang et al. (2007a) 337 6.71 

Zahra et al. (2014b) 292 7.33 

Long and Chapman (1985) 283 1.74 

Christophoridis et al. (2009) 231 5.68 

Zheng et al. (2008) 213 3.89 

Miller (1997) 198 5.22 

Dauer et al. (2000a) 189 3.02 

Karbassi et al. (2008) 189 3.45 

Fernandes et al. (2007) 161 3.21 

Yang et al. (2012) 158 5.60 

Huang et al. (2017) 146 8.80 

Maltby et al. (1995) 145 1.88 

Cearreta et al. (2000a) 139 2.22 

Singh et al. (2005b) 126 4.21 

Borg and Jonsson (1996) 106 2.73 

Wildi et al. (2004) 106 2.29 
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Dauvalter and Rognerud (2001) 105 2.69 

Warren (1981) 104 1.00 

Brady et al. (2015) 103 5.37 

Hu et al. (2013) 101 3.85 

Romano et al. (2004) 101 2.18 

 

2.7.6. Countries active in sediment contamination research domain 

A detailed analysis of the countries actively participating in the research on sediment con-

tamination has been carried out in VOSViewer. Countries that have produced at least 10 arti-

cles and possessing 30 citations have been considered for the analysis. 14 countries out of a 

total of 81 countries met the threshold limit. Fig. 2. 16 provides the scientific mapping of the 

countries involved, while Table 2. 10 provides the details, including all the statistical and re-

search computations. Interestingly, all 14 countries have been classified into four independ-

ent clusters based on the relative closeness of their respective research domain (Fig. 2. 16). 

 

Fig. 2. 16. Countries active in the domain of sediment contamination. 

 
The major contributing country in this particular domain has been the United States, fol-

lowed by China, Italy, France, Australia, Spain, and Canada. All these countries have at least 20 

published works under their name, thereby making them the most productive. However, 

when it comes to the most impactful countries, China, India, United States, Spain, and Iran have 

the highest average normalized scores (more than 1.00). 
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Table 2. 10. List of countries proactive in research on sediment contamination. 

Country Documents Citations 
Avg. Cita-

tions 

Norm. Cita-

tions 

Avg. Norm. 

Citations 

United States 59 2935 50 68.83 1.17 

China 38 1773 47 65.08 1.71 

Italy 36 614 17 35.09 0.97 

France 24 563 23 18.87 0.79 

Australia 22 556 25 16.27 0.74 

Spain 21 830 40 23.03 1.10 

Canada 21 720 34 12.94 0.62 

United Kingdom 19 613 32 14.20 0.75 

India 18 444 25 23.54 1.31 

Germany 17 420 25 14.11 0.83 

Brazil 17 250 15 13.40 0.79 

Poland 16 727 45 15.59 0.97 

Portugal 15 436 29 13.82 0.92 

Iran 14 414 30 14.76 1.05 

 

2.7.7. Qualitative Discussion related to sediment contamination – Current research 

topics 

The sediment contamination studies have come a long way from the studies that used to be 

carried out during the initial days. A pattern-wise distribution of the related studies has been 

presented here through the following points. 

a. Assessing the spatial distribution of contamination levels in bottom sediments 

From the late-1970s till the mid-1990s, studies suggested a more comprehensive approach 

in determining the spatial distribution of various contaminants, especially heavy metals in 

the bottom sediments of both freshwater and marine environment (Griggs & Johnson 1978; 

Hiraizumi et al. 1978; Fallon & Horvath 1985; Schults et al. 1987; Fuge et al. 1989; Chan-Won 

et al. 1990; Fuller et al. 1990; Lewandowski & Szczepanska 1993; Borovec 1994; Dauvalter 

1994; Joksas 1994). Various factors such as grain size distribution of the sediment column 

hydrological aspects were associated with the pattern of heavy metal distribution (Hiraizumi 

et al. 1978; Hoover 1988; Roper et al. 1988; Marron 1989). The pattern then shifted from 

simply finding out the spatial distribution to source identification through the use of various 

statistical and data-reduction techniques (DelValls et al. 1998; Galvez-Cloutier & Dubé 

1998b), understanding the toxicity assay (Gupta & Karuppiah 1996; Hartwell et al. 1998), and 

determining their elemental composition (Galvez-Cloutier & Dubé 1998a). 
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b. Associations between macrobenthic communities 

As the years progressed and with the arrival of the 21st century, the focus shifted to correlat-

ing the various aspects of sediment contamination, such as water pollution, watershed man-

agement, anthropogenic activities monitoring, etc. (Camusso et al. 2000; Cearreta et al. 

2000b; Dauer et al. 2000b; Lau 2000; Lau & Chu 2000; Martin 2000). Furthermore, attempts 

were made to establish a significant correlation between different ecological components, 

such as plant-sediment (Dauer et al. 2000b; St-Cyr & Campbell 2000; Marín-Guirao et al. 2005; 

Carter et al. 2006; Apitz et al. 2007; Ozdilek et al. 2007), fish-sediment (Isidori et al. 2004; Diz 

2005; Hallare et al. 2005; Mayer et al. 2008; Cooper et al. 2009) and water-sediment (Dauer 

et al. 2000b; Dauvin 2008; Poté et al. 2008; Zheng et al. 2008; Teodorović 2009). 

c. Indexing approach to assessing sediment quality 

With increasing contamination levels of the sediment columns of the aquatic ecosystems, con-

tinuous monitoring programs became inevitable to understand the spatio-temporal variabil-

ity. This resulted in massive datasets, which eventually became difficult to infer. Hence, re-

searchers worldwide postulated different indices, which made the readability easy and saved 

considerable time. Some of the significant indices include the Geoaccumulation index (Igeo), 

contamination factor (CF), pollution load index (PLI), etc. Various studies have been carried 

out in the recent past incorporating these indices in determining the pollution levels of the 

sediment columns of different aquatic ecosystems (Calace et al. 2008; Christophoridis et al. 

2009; Sheela et al. 2012; Ferati et al. 2015; El Azhari et al. 2016; Alves et al. 2018; Dietrich et 

al. 2018; Reis et al. 2019; Siddiqui & Pandey 2019; Ustaoğlu & Tepe 2019; Arienzo et al. 2020; 

Dharmendra et al. 2020; Samanta et al. 2020; Yeh et al. 2020). 

d. Speciation and risk assessment studies 

Various aspects covering the pollution of sediments have been studied in the past. These in-

clude spatial distribution of the contaminants, health risk assessment and pollution source 

identification through various statistical tools such as factor analysis, cluster analysis, corre-

lation analysis and geostatistical analysis employing GIS (Maas et al. 2010; Sun et al. 2010; 

Mohamed et al. 2014; Luo et al. 2015; Qing et al. 2015; Liu et al. 2016; Chen & Lu 2018). It has 

been observed that an unpolluted environment makes the heavy metals get attached to the 

sediment columns in the form of silicates and minerals. However, anthropogenic conditions 

force these heavy metals to occur in the form of liable fractions such as oxides, carbonates, 

sulphides, hydroxides, etc. (Pandey et al. 2015). Thus, various sequential extraction proce-

dures (SEP) for surficial sediment have been developed and accepted widely for determining 

the speciation of heavy metals and the form in which they are present. Various forms in which 
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the heavy metals may be present in the environmental conditions include exchangeable frac-

tion (F1), bound to carbonate fraction (F2), bound to Fe/Mn Oxides (F3), bound to organic 

matter/ sulphate (F4) and residual fraction (F5) (Tessier et al. 1979; Sutherland 2010). How-

ever, various complications and human errors persist while performing these experiments, 

as a result of which total metal concentrations usually assess the pollution status of a partic-

ular water body (Duodu et al. 2016; Villanueva & Ibarra 2016; Vu et al. 2017). Studies per-

taining to various risks associated with sediment contamination have also been conducted. 

This includes both human health risks due to increasing exposure levels and potential ecolog-

ical risks, which provides an idea regarding the cumulative effects of various heavy metals on 

the overall ecology of the surrounding ecosystem (Li et al. 2017; Soliman et al. 2018; Hamza 

et al. 2019; Huang et al. 2019; Rasool & Xiao 2019; Tokatli 2019; Bąk et al. 2020; Islam et al. 

2020c; Khaled et al. 2020; Varol 2020a; Yeh et al. 2020; Zhu et al. 2020). 

2.8. Anthropogenic influences on aquatic ecology and their model-

ling 

All the major pollutants discussed above relate to the alteration in the aquatic ecology due to 

primarily two reasons; (a) excessive heavy metal concentrations and (b) excessive nutrients. 

Heavy metals result in bioaccumulation and biomagnification processes as they involve in the 

food chain. On the contrary, the eutrophication of wetlands is a direct result of the discharge 

of excessive nutrients. It is important to note that though pollution has been a significant fac-

tor in degrading the quality of aquatic ecosystems, the role of lack of management and global 

awareness regarding the protection and conservation of water bodies worldwide cannot be 

abandoned. Hence, there lies an inherent sense of responsibility to restore the aquatic eco-

systems to their natural state. Numerous techniques/treatment options are available for var-

ying conditions, such as climatic, socio-economic factors, and so on. However, understanding 

any independent aquatic ecosystem dynamics is of prime importance before ascertaining a 

treatment alternative. This necessitates using a reliable model, which can provide infor-

mation regarding the physical processes and dynamic occurrences in the water bodies.  

Models can be termed a representation of a particular individual, idea or condition (Frigg 

& Hartmann 2006). The level of complexity can widely vary during the modelling process. It 

can be a simple physical representation such as a map or a highly complicated series of math-

ematical expressions such as a detailed description of the ecosystem's nitrogen cycle. Broadly, 

the modelling process involves a series of steps taken to transform the theoretical concepts 

of conceptual diagrams into a quantitative paradigm. 
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Ecological modelling refers to the formation of dynamic and complex relationships of the 

organisms found in the ecosystem and the surrounding. It attempts to unravel the effects of 

certain relationships in the ecosystem that are not so apparent at first glance. In other words, 

it helps the modeller to identify the concealed implications (Breckling et al. 2011). This pro-

vides the modeller new insights into the unobtainable ecosystem with direct observation, 

evaluation and interpretation. An ecological model usually contains five components 

(Jørgensen & Bendoricchio 2001): 

▪ Forcing functions 

Forcing functions can be described as the inputs to the model that may change its behaviour 

upon feeding to the model. These are also called “controlled functions” due to their suscepti-

bility to human interference and hence, plausible human control. For example, the forcing 

function for a eutrophication model is the discharge of nutrients into the ecosystem. 

▪ State variables 

State variables refer to those components of the model whose behaviour are being modelled. 

It is best understood with an example of a eutrophication model. Here, the state variables are 

the concentrations of various nutrients and phytoplankton. As the forcing functions of the 

model change, the concentration of nutrients and the phytoplankton population also change. 

▪ Mathematical equations  

Mathematical equations describe various biological, chemical and physical processes that link 

the forcing functions to the state variables. There are many equations suitable for particular 

functions available in the literature (Jackson et al. 2000). Some mathematical can also be de-

rived from the first principles (i.e., physical laws). 

▪ Parameters 

Parameters are the coefficients of the mathematical equations used in the model. These may 

be considered constant or a function of time and space. The application of parameters is the 

weakest link in the model (Jørgensen & Bendoricchio 2001). They are estimated using the 

data from the literature or by an iterative method so that the calculated value is close enough 

to the observed value. Even when the parameter value is provided in the literature, they are 

usually provided within a range. Hence, there is a need to adjust the value of the same param-

eter for different models. This process of adjusting the parameter value is called calibration. 

Calibration can be done systematically or by trial-and-error method. Usually, the least square 

method and the maximum likelihood estimation are used to determine the estimated param-

eter value's degree of fitness. Maximum likelihood estimations are suitable for nonlinear pa-

rameters (Jackson et al. 2000). 
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▪ Universal constants  

Universal constants such as ideal gas constant and atomic weights are also sometimes used 

in the model. 

A generalised flowchart portraying the ecological modelling process was given by 

Jørgensen and Bendoricchio (2001) (Fig. 2. 17). The first step involved in the modelling pro-

cess is determining the purpose of the model. This involves the description of the problem 

and the system for which the model is being developed. This step is followed by developing 

the adjacency matrix, which describes the interdependence of the various state variables to 

be used in the model. Subsequently, the conceptual diagram is designed. A Conceptual dia-

gram is a compact, visual statement of the research problem (Jackson et al. 2000). It describes 

the relationship between the various state variables of the model using boxes and arrows. 

 

 

Fig. 2. 17. Ecological modelling process (Jørgensen & Bendoricchio 2001). 

 
Ideally, the dataset needed for the development of the model is determined after the de-

velopment of the conceptual diagram. However, in practice, most models are developed after 

collecting data as a compromise between the model scope and the available data. Sometimes 

additional data is collected at later stages of the modelling process to strengthen the model. 

Once the data collection and conceptual diagram development are concluded, the modeller 

proceeds towards the mathematical formulation of the processes involved in the model. 

Subsequently, the model is programmed into a computer, and the internal logic of the 

model is verified. Following this, the sensitivity analysis, calibration and validation of the 

models are carried out. Sensitivity analysis of the model refers to determining which param-

eters, forcing functions, or sub-models are sensitive and to what degree to the state variables 
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(Jørgensen & Bendoricchio 2001). Validation refers to the test of the model's behaviour when 

exposed to an independent set of data. 

The history of ecological modelling dates back to the 1920s when the Streeter-Phelps 

model was developed, and since then, ecological modelling has come a long way in its journey 

(Streeter & Phelps 1925). During the 1960s and 1970s, the confluence of improved computing 

technologies, scientific approaches, application needs and available funding boosted its 

growth tremendously (Fath et al. 2011). The eutrophication models were mainly developed 

during the 1970s, as water quality became a critical environmental issue. Different models 

with different levels of complexity were developed, which were further improved upon ap-

plication in different case studies (Fath et al. 2011). Since the 1980s, enough eutrophication 

models have been developed to model any lake with an available data set (Jørgensen 2010). 

However, the quest for an improved ecological model is far from over, and many new eutroph-

ication models have been developed over time. 

To better understand the works carried out on eutrophication-based ecological modelling, 

the following keywords were entered in Scopus: 

TITLE-ABS-KEY (“ecological model”) OR TITLE-ABS-KEY (“ecological modelling”) AND 

TITLE-ABS-KEY (eutrophication). 

An aggregate of 399 published documents was initially extracted from the search, which 

was then considered for further analyses, as already discussed in the previous sections. A final 

set of 320 articles lying within our research scope was considered for the subsequent review 

process. The following critical observations were noted, discussed in the subsequent sub-sec-

tions. 

2.8.1. An overview of the literature sample 

The 320 published articles have spread across a broad time scale, ranging from 1976 to 2020 

(Fig. 2. 18). However, it was observed that 90% of the articles have been published at the 

onset of the 21st century (i.e., from the year 2000, 288/320 articles have been published).  

Furthermore, the trend of research in the current domain has seen a steady increase as the 

years progressed, the year 2019 having the highest number of published articles. This indi-

cates the relevance of the research in the domain of eutrophic-based models, and with this 

trend, it is expected that more articles will come into circulation due to the development of 

more sophisticated computational methodologies. Also, the growing problem of eutrophica-

tion in surface water bodies and a wide range of research scope has triggered researchers 

across the globe to research this domain. 
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Fig. 2. 18. An overview of the year-wise distribution of published articles in the domain of eutrophica-
tion-based ecological modelling (Data extracted from the Scopus database). 

 

2.8.2. Science Mapping of Journal sources 

All 320 articles published were sourced from 116 journals. However, only 21 journals were 

having at least 3 articles and 30 citations. The networking of the journal sources meeting the 

threshold criteria was acquired through mapping in VOSViewer, wherein the nodal and font 

sizes represented the number of published works from a specific journal (Fig. 2. 19). Each 

node is divided into different clusters and is inter-connected through connecting lines, indi-

cating the relative closeness among the journals with respect to mutual citations. The results 

showed that Ecological Modelling displayed the highest productivity, providing the maximum 

number of published works in the eutrophic-based ecological modelling research domain. A 

more detailed analysis of the journal sources has been reported in Table 2. 11.  

Only 4 journals have more than 10 published works; namely Ecological Modelling, Hydro-

biologia, Journal of Marine Systems, and Science of the Total Environment. These journals were 

also found to have a large number of citations, thus indicating their high productivity and 

significance in the research domain. The total number of articles, citations and normalized 

citations were sourced from the records. It was observed that Ecology Letters, Global Change 

Biology, and Marine Pollution Bulletin held a significant impact in the research domain, having 

average normalized citation scores of more than 1.50. However, these journals do not have a 

considerable number of published articles under them. 
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Fig. 2. 19. Mapping of the mainstream journals in the domain of ecological modelling. 

 
Table 2. 11. List of mainstream journal publishing articles on ecological modelling. 

Source 

No. of 

docu-

ments 

Total 

Cita-

tions 

Avg. Ci-

tations 

Norm. Ci-

tations 

Avg. Norm. 

Citations 

Ecological Modelling 77 3476 45 70.86 0.92 

Hydrobiologia 19 497 26 15.99 0.84 

Journal of Marine Systems 15 488 33 10.4 0.69 

Science of the Total Environ-

ment 12 232 19 17.54 1.46 

Ecological Indicators 8 165 21 11.84 1.48 

Estuarine, Coastal and Shelf 

Science 8 286 36 5.21 0.65 

Marine Ecology Progress Series 6 441 74 5.41 0.90 

Ecological Engineering 5 176 35 4.85 0.97 

Ecology 5 339 68 7.06 1.41 

Marine Pollution Bulletin 5 165 33 8.52 1.70 

Water Research 5 249 50 6.56 1.31 

Ambio 4 42 11 1.45 0.36 

Ecological Informatics 4 49 12 2.95 0.74 

Ecology Letters 4 466 117 9.3 2.33 
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Environmental Modelling and 

Software 4 112 28 5.23 1.31 

Journal of Great Lakes Re-

search 4 54 14 4.55 1.14 

Journal of Hydrology 4 218 55 5.31 1.33 

Ecological Applications 3 107 36 2.97 0.99 

Global Change Biology 3 619 206 6.76 2.25 

Journal of Applied Ecology 3 71 24 2.78 0.93 

Journal of Environmental Man-

agement 3 30 10 4.12 1.37 

 

2.8.3. Analysis of co-occurrence of keywords 

A minimum number of 5 occurrences was set as the critical limit, which provided a total of 31 

out of 1061 registered keywords. These 31 keywords were further subjected to screening, 

wherein the repetitive keywords were filtered out. Finally, 27 keywords were subjected to 

analysis, the results of which are shown through Table 2. 12 and Fig. 2. 20. Fig. 2. 20a shows 

the network of all 27 keywords used for the analysis. It was seen that these keywords were 

classified into seven different clusters, depending upon their inter-relative closeness. 

Keywords in Cluster 1, represented by the red colour, suggest that studies primarily fo-

cused on coastal eutrophic models, taking climate change into account. Water quality param-

eters, especially nutrients, were considered for modelling the water frame directives. Since 

most of the studies carried out fell under the seawater or oceanic eutrophication levels, it also 

considers the hypoxic condition, which is a state where the human body suffers from inade-

quate oxygen levels in the body. Keywords falling under cluster 2, denoted by green, suggest 

that the studies focused on lakes and wetlands considering their hydrological simulations. 

The prime focus was to restore the water bodies to their natural states through watershed 

management techniques. 

Keywords forming cluster 3, denoted by blue colour, suggest the studies limiting to eu-

trophication of macrophytes, thereby indicating a regime shift. Similarly, keywords in cluster 

4, denoted by yellow colour, suggest eutrophication studies limiting algal blooms in various 

water bodies due to the nutrient discharges. Likewise, the keywords in cluster 5, denoted by 

purple colour, indicate studies about lakes polluted explicitly by nitrogen and phosphorus. 

Keywords in cluster 6, denoted by sky blue colour, indicate studies on ecological modelling as 

a function of exergy, i.e., chemical and mechanical processes occurring within an aquatic eco-
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system, with respect to phytoplankton. Finally, keywords categorized under cluster 7, indic-

ative of the orange colour, show studies on North Sea ecological models with respect to dia-

toms. 

 

 

(a) 

 

(b) 

Fig. 2. 20. Relevant keywords occurred in published literature. 
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Furthermore, the network also suggests that not only intra-cluster but inter-cluster key-

words also possess strong linkage, for example, as shown in Fig. 2. 20b, “water quality” had a 

strong linkage with keywords such as “eutrophication”, “ecological model”, “nutrients”, “lake”, 

“ecosystem model”, “macrophytes”, etc. A detailed analysis of the keywords predominately 

used in the research domain has been listed in Table 2. 12. It was observed that words like 

“climate change”, “Water framework directive”, “simulation”, and “exergy” are being used 

lately, which shows a gradual shift in the process of framing models, i.e., shift from the devel-

opment of traditional models to more complex and sophisticated models approximating real-

life conditions through computer simulations. 

Table 2. 12. List of author keywords in the published literature in ecological modelling domain. 

Keyword Number of occurrences 

Eutrophication 123 

Phosphorus 22 

Phytoplankton 19 

Ecological modelling 18 

Climate change 15 

Nitrogen 14 

Nutrients 14 

Modelling 13 

Water quality 11 

Algal blooms 8 

Baltic sea 8 

Water framework directive 8 

Coastal eutrophication 6 

Lake management 6 

North Sea 6 

Regime shift 6 

Resilience 6 

Restoration 6 

Diatoms 5 

Eutrophication model 5 

Exergy 5 

Hydrology 5 

Hypoxia 5 

Lakes 5 

Macrophytes 5 

Scenario analysis 5 

Simulation 5 
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2.8.4. Co-authorship analysis 

Authors having published at least 3 documents and having a minimum of 30 citations were 

considered for the analysis. This resulted in 42 out of 1211 authors, the details of which are 

provided in Fig. 2. 21 and Table 2. 13. From Fig. 2. 21, it is evident that all the researchers are 

highly collaborative, which is indicated by the intense density of the connectors. Also, the au-

thors are classified into five distinct clusters based on their relative closeness in research ar-

eas. Cluster 1 had the maximum number of authors listed under it, followed by cluster 2 and 

so on. 

Furthermore, from Table 2. 13, it was found that Arhonditsis G.B. (University of Toronto), 

Jørgensen S.E. (DFH, Institute A, Denmark), Lancelot C. (Université Libre de Bruxelles, Brus-

sels, Belgium), Billen G. (University Pierre et Marie Curie), Garnier J. (UMR CNRS 7619 Sisy-

phe), Gypens N. (Université Libre de Bruxelles, Brussels, Belgium), Lacroix G. (Royal Belgian 

Institute for Natural Sciences (RBINS)), and Scavia D. (University of Michigan) were among 

the most productive researchers, having more than five research articles published under 

their name. All these authors also had a considerable number of citations, which depicts the 

magnitude of their research. However, when it comes to the average normalized citations, 

Billen G. (University Pierre et Marie Curie), Garnier J. (UMR CNRS 7619 Sisyphe), and Reckhow 

K.H. (Duke University) hold the maximum impact, with the normalized citation scores of more 

than 2.00. 

Table 2. 13. Quantitative summary of the impacts of scholars. 

Scholar 
No. of Docu-

ments 

Total cita-

tions 

Avg. Cita-

tions 

Norm. Cita-

tions 

Avg. Norm. 

Citations 

Arhonditsis G.B. 11 753 68 12.56 1.14 

Jørgensen S.E. 9 370 41 7.09 0.79 

Lancelot C. 8 310 39 8.24 1.03 

Billen G. 7 870 124 16.33 2.33 

Garnier J. 7 759 108 15.36 2.19 

Gypens N. 7 241 34 7.42 1.06 

Lacroix G. 6 249 42 9.56 1.59 

Scavia D. 6 97 16 5 0.83 

Ferreira J.G. 5 218 44 7.55 1.51 

Maar M. 5 47 9 9.09 1.82 

Ménesguen A. 5 223 45 7.47 1.49 

Brett M.T. 4 508 127 6.18 1.55 

Janse J.H. 4 148 37 4.88 1.22 

Marques J.C. 4 296 74 5.6 1.40 
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Mooij W.M. 4 150 38 5.07 1.27 

Stow C.A. 4 531 133 7.26 1.82 

Tsirtsis G. 4 80 20 2.18 0.55 

Van Nes E.H. 4 142 36 3.61 0.90 

Zhang J. 4 155 39 2.71 0.68 

Zhang W. 4 164 41 3.4 0.85 

Bricker S.B. 3 113 38 4.52 1.51 

Carpenter S.R. 3 135 45 3.72 1.24 

Dawson R.W. 3 206 69 3.93 1.31 

Dulière V. 3 56 19 5.86 1.95 

Håkanson L. 3 54 18 0.99 0.33 

Hamilton D.P. 3 35 12 4.17 1.39 

Kim D.-K. 3 98 33 2.61 0.87 

Li Y. 3 44 15 2.61 0.87 

Liu Y. 3 70 23 2.83 0.94 

Markager S. 3 67 22 2.84 0.95 

Neves R. 3 110 37 3.79 1.26 

Newton A. 3 88 29 1.59 0.53 

Rao Y.R. 3 71 24 3 1.00 

Rasmussen E.K. 3 88 29 2.8 0.93 

Reckhow K.H. 3 506 169 6.47 2.16 

Soyupak S. 3 174 58 5.84 1.95 

Tao S. 3 206 69 3.93 1.31 

Tett P. 3 106 35 3.19 1.06 

Thieu V. 3 55 18 4.54 1.51 

Xu F.-L. 3 206 69 3.93 1.31 

Yanagi T. 3 33 11 0.41 0.14 

Zhang Y. 3 45 15 4.04 1.35 

 

2.8.5. Articles’ citations 

A minimum of 100 citations for each research article was set in VOSViewer, which resulted in 

22 articles out of a total of 320 meeting this criterion. Mapping of these 22 articles was carried 

out, as shown in Fig. 2. 22. It is clearly evident that articles Tyrrell (1999); Siegel et al. (2002); 

Borsuk et al. (2004); Guttal and Jayaprakash (2008); Jöhnk et al. (2008); Seitzinger et al. 

(2010) were the most influential, having the maximum number of citations. Also, all the arti-

cles were observed to have considerable mutual citations, which is evident from the connect-

ing lines. Further detailed analysis concerning the normalized citation scores is presented in 

Table 2. 14, which clearly shows consistent mapping outputs. 
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(a) 

  
(b) (c) 

  
(d) (e) 

  
(f) (g) 

Fig. 2. 21. Mapping of co-authorship analysis showing (a) Overall map and expansive view of (b) Cluster 1, 
(c) Cluster 2, (d) Cluster 3, (e) Cluster 4, (f) Cluster 5, and  (g) Cluster 6. 
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Based on the results extracted from Scopus with relation to the normalized citation scores, 

it was observed that Seitzinger et al. (2010), Tyrrell (1999), and Jöhnk et al. (2008) possess 

the most decisive influence, owing to their very high normalized citations (more than 5.00). 

It was also seen that newer articles displayed significantly higher normalized citations than 

the older counterparts, thus suggesting the effectiveness and the impact of the newer articles 

in the research domain.  

 

Fig. 2. 22. Mapping of most influential scholars in the domain of ecological modelling. 

 
Table 2. 14. List of most influential publications in the domain of ecological modelling. 

Document Total Citations Normalized Citations 

Tyrrell (1999) 958 7.95 

Jöhnk et al. (2008) 577 5.35 

Seitzinger et al. (2010) 404 8.01 

Borsuk et al. (2004) 352 3.11 

Siegel et al. (2002) 323 3.82 

Thomas et al. (2002) 295 3.49 

Guttal and Jayaprakash (2008) 257 2.38 

Arhonditsis and Brett (2004) 240 2.12 

Lee et al. (2003) 201 3.29 

Soons et al. (2004) 188 1.66 

Arhonditsis and Brett (2005) 154 2.02 

Marques et al. (1997) 154 2.2 

Xu et al. (2001) 145 2.78 

Karul et al. (2000) 133 3.27 

Hu et al. (2008) 132 1.22 

Cugier et al. (2005) 119 1.56 

Park et al. (2005) 119 1.56 

Park and Lee (2002) 119 1.41 
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Lancelot et al. (2005) 118 1.55 

Borsuk et al. (2001) 112 2.15 

Johnson et al. (2013) 106 3.29 

Justić et al. (2002) 104 1.23 

 

2.8.6. Countries active in the research domain of ecological modelling 

A minimum of 3 articles and 30 citations from each country were considered for analysing 

the countries actively participating in the domain of ecological modelling. The results were 

subjected to mapping in VOSViewer, shown in Fig. 2. 23. It was observed that the most actively 

participating countries are primarily those countries that are highly developed, for example, 

The United States, Denmark, China, Netherlands, France, Germany, and The United Kingdom, 

whereas the developing or less developed countries have insignificant contributions. It was 

also observed that all countries involved have excellent mutual collaborations, which is evi-

dent from the density of the connecting lines. Furthermore, these countries have been cate-

gorized into six clusters, depending on their research (Fig. 2. 23). A more detailed represen-

tation of the extracted data on the active countries in the research domain is represented in 

Table 2. 15. It was found that although the United States’ contribution in the research on eu-

trophication-based ecological modelling is the most significant, the average normalized cita-

tion score of the United Kingdom is the highest, depicting a considerable impact of the re-

searches carried out in the country. The UK is followed by Switzerland, Bulgaria, Netherlands, 

United States, South Korea, and Germany, having scores of more than 1.20. It is also important 

to note that only four Asian countries (China, Japan, India, and South Korea) make up the list 

out of the 32 countries analysed, while a majority of the contributions have been from the 

European and American countries. This is indicative of the massive gap in the research on 

ecological modelling in Asian countries compared to others. 

Table 2. 15. Countries actively participating in the research domain of ecological modelling. 

Country 
No. of Docu-

ments 

Total Cita-

tions 

Avg. Cita-

tions 

Norm. Cita-

tions 

Avg. Norm. 

Citations 

United States 69 4057 59 90.36 1.31 

Denmark 42 1179 28 43.97 1.05 

China 40 794 20 45.3 1.13 

Netherlands 33 2369 72 46.68 1.41 

France 29 1319 45 34.59 1.19 

Germany 26 1492 57 32.15 1.24 

United Kingdom 25 2709 108 44.09 1.76 

Canada 23 560 24 17.4 0.76 
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Portugal 20 703 35 21.3 1.07 

Sweden 18 720 40 20.73 1.15 

Spain 17 337 20 17.29 1.02 

Australia 15 290 19 11.81 0.79 

Belgium 14 490 35 16.18 1.16 

Italy 13 365 28 11.17 0.86 

Finland 12 228 19 8.5 0.71 

Japan 12 177 15 5.42 0.45 

Norway 11 262 24 11.57 1.05 

Brazil 9 252 28 8.47 0.94 

Estonia 8 116 15 4.94 0.62 

Greece 8 184 23 5 0.63 

Turkey 8 364 46 8.85 1.11 

Ireland 7 200 29 6.78 0.97 

Poland 6 121 20 3.11 0.52 

Switzerland 6 489 82 9.09 1.52 

Mexico 5 70 14 4.29 0.86 

New Zealand 5 89 18 5.05 1.01 

Austria 4 65 16 2.76 0.69 

Israel 4 238 60 3.22 0.81 

Romania 4 55 14 2.39 0.60 

Bulgaria 3 172 57 4.39 1.46 

India 3 51 17 0.82 0.27 

South Korea 3 292 97 3.85 1.28 

 

 

Fig. 2. 23. Mapping of most active countries in the domain of ecological modelling. 
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2.8.7. Qualitative assessment - Current research topics within “eutrophication-based 

ecological modelling” 

A modelling software usually aids the development of an ecological model, but the level of 

dependence on the modelling software depends on the modeller's comfort (Jackson et al. 

2000). There is a broad spectrum of modelling software available to the modeller. On one end 

of the spectrum, there are general programming languages such as C, Basic, FORTRAN, Pascal, 

etc., which give the user complete freedom over the model construction but at the same time 

total responsibility of handling all the tedious details. At the other end of the spectrum, user-

friendly modelling software with attractive graphical interfaces such as STELLA, Simulink, 

ModelMaker, etc., give the user freedom from handling the underlying implementation details 

that have limitations over model construction. Between these two extremities lies several 

programming packages such as MATLAB and spreadsheets, which provide different functions 

to ease the user from handling programming details while at the same time allowing some 

control to the modeller. 

Different ecological models can be broadly categorised into the white box and black box 

models (Jørgensen & Bendoricchio 2001). The white box model is one in which the causality 

of the input-output relation is known. On the other hand, a black-box model does not explain 

why a particular behaves in a specific manner for a given input. In practice, most models can 

be described as grey models as they combine white and black box models. Jørgensen and 

Bendoricchio (2001) further made another classification of the ecological models based on 

their application given in the following list. 

▪ Biogeochemical and bioenergetics dynamic models 

The biogeochemical and bioenergetics dynamic models are mostly white-box models, which 

apply the principles of mass and energy conservation to develop the differential equation. 

These models are easy to understand, interpret and develop, but a relatively good database 

is required and becomes challenging to calibrate when many parameters are involved in the 

model. Eutrophication models are a type of biogeochemical models. 

▪ Steady-state biogeochemical models 

The steady-state biogeochemical models are used when the database for model construction 

is small, but these models fail to give any information about the ecosystem's behaviour with 

the change in time. 
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▪ Population dynamic models 

The population dynamic models are one of the most popular ecological models that can pre-

dict the development of a population with time, incorporating the age structure and impact 

factors. However, there is a requirement for a relatively good and homogenous database.  

▪ Structurally dynamic models 

The structurally dynamic models allow modellers to incorporate dynamic parameters, con-

sidering the adaptation factor of different species and shift in the species composition. How-

ever, there is a need for goal function or artificial intelligence for this model to work correctly, 

making this model time-consuming. 

▪ Fuzzy models 

As the name suggests, the fuzzy models apply to a fuzzy dataset and semi-quantitative infor-

mation (linguistic formulation). These models are not suitable for complex model formula-

tion. 

▪ Artificial Neural Networks 

Artificial neural networks can be described as black-box models, which requires a sizeable 

heterogeneous dataset from different ecosystems or a homogenous dataset from a specific 

ecosystem to represent the relationship between the state variables and forcing functions of 

the model. 

▪ Spatial models 

The spatial models are those models that show the spatial distribution of different processes, 

forcing functions and state variables. GIS can be used to describe those models. 

▪ Individual-based models 

The individual-based models consider the uniqueness of the different individuals within a 

species, which, though disregarded in biogeochemical models, may be vital for the survival of 

that species. These models can be very complex. 

▪ Ecotoxicological models 

Ecotoxicological models are, basically, biogeochemical or population dynamic models that are 

being applied to ecotoxicology. These models earn a particular place in classification due to 

limited knowledge of ecotoxicological parameters and the use of safety factors. 

▪ Stochastic models 

Stochastic models incorporate randomness either in forcing functions or model parameters. 

A stochastic model can be any of the previously described models with randomness factored 

in it. 
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▪ Hybrid models 

Hybrid models are a combination of any two previously described models. Such models bring 

the dual advantage of coupling the advantages and minimising the disadvantages of the par-

ent models. One example of the hybrid model is the outcome of combining a biogeochemical 

dynamic model and an ANN model. 

In the following part of this section, some of the developments in ecological modelling, 

especially in eutrophication modelling since the 1980s, are discussed. 

Scavia (1980) developed an ecological model consisting of epilimnion, hypolimnion and 

sediments of Lake Ontario that simulates various state variables such as phytoplankton, zoo-

plankton, different forms of nitrogen, phosphorus, silicon, carbon, dissolved oxygen, particu-

late sediment and pore water dynamics. This ecological model illustrated the significance of 

detritus and herbivorous zooplankton in the lake, thereby serving as an analytical tool for the 

large ecosystem. 

Matsuoka et al. (1986) developed a mathematical model to predict the fate of nutrients 

among four levels, with fourteen state variables in each segment, for Japan’s largest shallow 

lake, Kasumigaura that was suffering from the problem of artificial eutrophication caused by 

urbanization, agricultural growth and fishing culture. These state variables included phyto-

plankton, zooplankton, fish, crustacean, external nutrients and fresh sediments. One of the 

highlights of this eutrophication model is that most of the parameter values were based on 

the in-situ measurements and batch-culture experiments using strains from the lake while 

calibrating the model. This model was applied as a predictive device to get the nature of water 

quality in the future. 

Dejak et al. (1987) integrated a two-dimensional diffusion model with a two-dimensional 

advection model for the lagoon of Venice to develop a three-dimensional model which is ca-

pable of simulating the dispersion of eight state variables: phytoplankton, zooplankton, am-

monia, nitrites and nitrates, degradable organic compounds and temperature. The three-di-

mensional eutrophication model can estimate the eddy diffusion constant that incorporates 

the tide's dispersion action. 

Lake Taihu is among the five largest freshwater lakes in China that have been severely 

affected by eutrophication since the 1980s. Different models have been developed to study 

this lake, such as Hydrodynamic models, Mass transportation and cycling models and ecolog-

ical models. The first ecological model was developed by Dou et al. (1995) to link the hydro-

dynamic aspects of the lake to chemical and biological processes occurring in the lake. The 

entire lake was divided into thirty sub-zones, and various sub-models were developed for 
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each sub-zone. In 1999, Hu created another model for eutrophication in Lake Taihu. It was 

one of the earliest versions of the EcoTaihu model (Hu 2016). This three-dimensional model 

was developed by combining another three-dimensional hydrodynamic model (Hu et al. 

1998a; Hu et al. 1998b), a model describing the impacts of water hyacinth on the water qual-

ity of Lake Taihu (Hu et al. 1998c) and a model based on a physio-biological engineering ex-

periment for water purification using Trapa natans var. bispinosa (Hu et al. 1998b). This 

model was further developed by incorporating the carbon cycle, which allowed the depiction 

of pH in the lake and revealed that the lake acted either as a sink or as a source at different 

times (Zhang et al. 2008; Weiping et al. 2011). In 2010, another improvement was incorpo-

rated into the EcoTaihu model by redefining the sub-model for fish. This improved model re-

vealed that by introducing the fish into the lake, the production of the released fish could in-

crease and change the population structure in the lake. This model also revealed that by re-

leasing certain species of fish, the nature of the lake could also be changed. For example, if the 

Ctenopharygodon idellus was released, it could temporarily curb the fast-growing macro-

phytes population. On the other hand, if the grass carp was released into the lake, it bolstered 

the phytoplankton and algae population. Zhang et al. (2013) further improved the EcoTaihu 

model by incorporating an additional layer of algae to explain the movement and disappear-

ance of the mat-like algal bloom on the surface of water under weak and strong wind respec-

tively. 

Karul et al. (2000) developed a three-layered Levenberg-Marquardt feed-forward learning 

algorithm to develop eutrophication models for three water bodies of Turkey ― Keban Dam, 

Mogan and Eymir Lakes. To develop neural networks, the eutrophication phenomenon was 

converted into an input-output problem and data for the input layer was collected through an 

extensive six-year-long field-monitoring program. The input parameters for the Keban Dam 

were phosphate, nitrate, alkalinity, suspended solids, pH and water temperature, electrical 

conductivity, dissolved oxygen and Secchi depth. For the Mogan and Eymir Lakes, the authors' 

input parameters were total phosphorus, nitrate and ammonia, the temperature in water, 

electrical conductivity, pH, turbidity, Secchi depth, and suspended solids. Suspended solids, 

turbidity and Secchi depths were considered in the neural network to simulate the role of 

light in the euphotic zones. Chlorophyll-a was selected as the primary target output for the 

network. Additionally, three typical eutrophication indicators, Cyanophyceae species, Aphani-

zomenon sp., Microcystis sp. and Oscillatoria sp., were used as target outputs. The so developed 

eutrophication models' results revealed a relatively good correlation between calculated and 

measured values for Keban Dam and a high correlation between the same for the much 

smaller and more homogenous Mogan and Eymir Lakes. 
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Drago et al. (2001) used a three-dimensional model, TROPHY3D, to analyse the advection 

and diffusion of suspended solids and conservative pollutants in the ambient water and their 

effect on trophic behaviour. The TROPHY3D model used a finite difference method for spatial 

integration and a Runge-Kutta-IV or Euler method for temporal integration of the differential 

equations used in the model. The model was also able to predict the biochemical interactions 

between detritus, phytoplankton, nutrients, zooplankton and dissolved oxygen. 

Rukhovets et al. (2003) developed a new three-dimensional mathematical model for Lake 

Ladoga, the largest freshwater European lake located in north-western Russia, to simulate 

phytoplankton growth. In this model, the authors selected fourteen state variables that in-

cluded different phytoplankton complexes, zooplankton, dissolved organic matter, detritus, 

dissolved mineral phosphorus and dissolved oxygen. It is based on the ideas of phytoplankton 

succession in the lake given by Petrova in the 1980s (Rukhovets et al. 2003). Prior to this 

model, Menshutkin and Vorob’eva (1989) successfully created a one-box model for eight dif-

ferent groups of phytoplankton communities in the Volkhov Bay. This model incorporated the 

temperature conditions of the lake as well as the nutrient supply, but it failed to consider the 

fact that the zooplankton and fish eat phytoplankton. Moreover, the modellers assumed in-

stantaneous mixing of the nutrients in the lake. The new three-dimensional model was an 

improvement of the works done by Menshutkin et al. (1998) with a more detailed description 

of the phytoplankton community. Zhang et al. (2003) also developed a structurally dynamic 

eutrophication model for Lake Mogan, Ankara, Turkey, which was able to describe the com-

petition between phytoplankton and submerged plants in the lake. In this model, the energy 

was used as a goal function to develop the dynamic adaptation and seasonality of plankton 

species. 

Malmaeus and Håkanson (2004) developed an extensive dynamic model to predict the 

phosphorus concentration and the consequences of eutrophication on the lake ecosystem. 

The model is called Lake Eutrophication, Effect, Dose, Sensitivity model (LEEDS). It was de-

veloped with easily accessible lake variables. The LEEDS model was novel in many ways. It 

incorporated two levels for colloidal phosphorus, a seasonal factor for lake outflow, higher 

settling velocity for re-suspended material, a new algorithm to model the mixing between 

deep water and surface water, and phosphorus diffusion from sediment areas accumulation. 

Trolle et al. (2008) used the one-dimensional lake ecosystem model, DYRESM-CAED, to 

know the effect of total phosphorus loading reduction on moderately deep lake Ravn's eco-

system dynamics in Denmark. The model was calibrated with the observed data for oxygen 

and temperature for seven years and then validated for another period of five years. When 
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put to use, the DYRESM-CAED was able to predict that a significant reduction in total phos-

phorus is needed to meet the phytoplankton biomass concentration as per the European Un-

ion Water Framework Directive (WFD). 

Mukherjee et al. (2008) developed a model representing the carbon dynamics in a simu-

lated pond in Ranchi, India, for cultural eutrophication assessment. The model mainly in-

cluded processes such as respiration, decomposition and photosynthesis that play an essen-

tial role in the nutrient dynamics of the system. In eutrophication models, it is usually chal-

lenging to model the carbon cycle in detail, but this model successfully shows that the de-

pendence of nutrients processes on an accurate and detailed description of the carbon cycle.  

Taguchi and Nakata (2009) developed a numerical model that highlighted the role of mac-

rophytes colonies in the shore zone in water purification. The model was applied to Lake 

Suwa, Lake Kasumi, Lake Biwa and some small lakes attached to Lake Biwa. The model in-

cluded interactions between the compartments of pelagic and benthic regions. Meteorologi-

cal and hydrodynamic conditions were considered among the forcing functions. The out-

comes of the model were reported to have good agreement with the observed values obtained 

from the water quality monitoring campaign.  

He et al. (2011) developed a numerical model based on the environmental fluid dynamics 

code (EFDC) for Beijing Gaunting Reservoir. Three state variables for phytoplankton species, 

cyanobacteria, green algae and diatom, were considered for the model and vertical tempera-

ture profiles, chlorophyll-a and nutrient concentrations in the water column were used during 

model calibration. The model so developed was put to use as an investigative tool, which re-

vealed that the peak chlorophyll-a could be reduced by reducing external loadings of nutrients 

with constructed wetlands, bio-manipulation or diverting water from the Cetian Reservoir. 

However, one of the significant shortcomings of this model is that it was calibrated with only 

one year of data, and therefore, it was capable of reflecting only the short-term effects of ap-

plying management scenarios.  

Xu et al. (2013) developed a structurally dynamic model based on the software Pamolare-

II for the Baiyangdian Lake in North China. Pamolare (Planning and Management of Lakes and 

Reservoirs) is a modelling software developed by the International Environmental Technol-

ogy Centre of UNEP (IETC-UNEP) and International Lake Environment Committee (ILEC), 

which offers four eutrophication models with different complexity levels. The first model is 

the Vollenweider plot with one state variable of phosphorus or nitrogen loading in g/m2/year. 

The second model contains four state variables. The state variables are nitrogen and phos-

phorus in water and sediments. Several correlations were also provided to calculate other 

state variables. The third model is more complicated than the previous two models, providing 
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a two-layer model with 21 state variables. The fourth model is an improvement of the third 

model with the application of the structurally dynamic approach. Pamolare-II is the next ver-

sion of the Pamolare software, which provides structurally dynamic models focusing on shal-

low lakes for eutrophication lake management. The Baiyangdian Lake model was developed 

by Xu et al. (2013) to predict the ecological health condition of the lake under different sce-

narios of submerged plant removal from the lake. The ecological health conditions were indi-

cated by phytoplankton biomass, the ratio of zooplankton to phytoplankton biomass, eco-ex-

ergy and structural eco-exergy. The conceptual diagram of the Baiyangdian Lake model in-

cluded 12 state variables correlated by 45 processes. 

Magnea et al. (2013) developed a simplified mathematical model to describe the phospho-

rus, phytoplankton, zooplankton and fish dynamics in the alpine lake ecosystems. The model 

was developed to study the scenario when brook trout (Salvelinus frontinalis) were intro-

duced artificially in the lake ecosystems. The model so developed was used to study twelve 

alpine lakes in Gran Paradiso National Park, Italy. 

Zouiten et al. (2013) developed a mathematical eutrophication model called Environmen-

tal Hydraulics Institute Eutrophication Model (EnvHydrEM), especially for coastal regions, 

which considered 19 state variables including phytoplankton, different forms of carbon, ni-

trogen, phosphorus and silica, carbonaceous organic matter, zooplankton, bacterioplankton, 

detritus, iron and manganese. The EnvHydrEM described all the possible interactions be-

tween the defined state variables by considering all the biological and chemical processes in-

volved in the ecosystem. It was further applied in the Victoria lagoon in Northern Spain to 

gauge its efficiency.   

Prokopkin et al. (2014) developed an investigative mathematical model to confirm the 

presence of a phytoflagellate population in the stratified Lake Shira, Khakasia in Russia by 

considering the microbial dynamics and phytoflagellate relationship with the trophic levels 

of the lake. The outcome of such a model was that it confirmed the abundant presence of 

cryptographic algae in the water column, above the chemocline, in the summer season. This 

1-dimensional model is a perfect example of how modelling can corroborate certain species 

in the ecosystem, which otherwise has indirect evidence of presence. 

Xu et al. (2014) developed a simple yet effective eutrophication model, using parameters 

based on both literature survey and experimental investigation, that incorporated the 

knowledge on bioaccumulation and algal growth for eutrophication in Xikeng Reservoir, 

Shenzhen City, China. The authors combined the cumulative effects of meteorological factors, 

water quality factors and biological factors on eutrophication to develop such a cumulative 
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eutrophication risk evaluation model. The highlight of this model is that a large set of param-

eters and experiments to simulate the eutrophication process is not a prerequisite for its func-

tioning.  

Li-kun et al. (2017) developed a two-dimensional eutrophication model for an urban lake 

in the Tianjin region to describe the spatiotemporal variation of water quality and establish 

relationships between phytoplankton, zooplankton and nutrients. Navier-Stokes equations 

and finite volume method were used to define the hydraulic model, and the Bayesian method 

was employed for model calibration and parameter posterior distribution acquisition. The 

model simulated five state variables that included phosphate, nitrate, ammonia, chlorophyll-

a and dissolved oxygen. The calculations from the two-dimensional model revealed higher 

values for the state variables in the regions closer to the lake periphery than at the centre, 

indicating the significant role of nutrient loading of rainfall-runoff on algal growth and water 

quality. Thus, the 2-dimensional model was able to provide crucial information that can result 

in an effective management strategy to counter severe eutrophication in urban lakes. 

Das et al. (2018) developed a mathematical model to simulate the phytoplankton distribu-

tion and nutrient cycle along the River Jagaddal, which is an easterly branch of the Saptamu-

khi East Gulley of the Saptamukhi River in Sundarbans Estuarine System, India. The authors 

designed their model based on the compartmental ecosystem model developed by Fasham et 

al. (1990). Their model considered phytoplankton and nitrate in the water column as two 

state variables. The differential equations for these state variables were based on Haney and 

Jackson (1996). The authors further carried out a sensitivity analysis of their model based on 

a variance-based sensitivity analysis method. Through sensitivity analysis, they understood 

the crucial parameter of the model and, in turn, predicting the underlying ecological process 

involved for such an influence. The model equations were integrated using the fourth-order 

Runge-Kutta algorithm, implemented by the C++ programming language. The sensitivity anal-

ysis was carried out in MATLAB. 

McCullough et al. (2018) developed a relatively simple, dynamic, mass balanced model, 

incorporating five state variables of different forms of organic carbon and dissolved oxygen 

to investigate the dominance of allochthonous organic carbon in the organic carbon dynamics 

of a lake in the long run. The model so developed was validated in five different lakes in the 

U.S.A and Canada. McCullough et al. (2018) also used the model to predict the seasonal varia-

tion in organic carbon budgets.  

 

 

TH-2896_176104004



Chapter | 2 Bibliographical Research 

78 | Page Indian Institute of Technology Guwahati 

2.9. Summary 

This chapter presented a detailed review of the published works concerning all components 

of an aquatic ecosystem, starting with water quality and its assessment, sediment contamina-

tion, and finally integrating multiple components to develop ecological models replicating the 

real-life problems associated with the aquatic ecosystems, particularly wetlands. SLR pro-

vides critical insights into the following, thereby possessing an added advantage over the con-

ventional approach of reviewing the published literature. 

• Identifying, summarizing and evaluating the current theory and methods 

• Identifying methodological problems and gaps 

• Providing much-needed evidence for decision-makers when identifying and supporting 

priority issues, primarily through funding for policy development 

• Keeping an update of the research/works carried out in the research domain by practi-

tioners and researchers 

• Justify carrying out further research in the domain to the granting agencies 

Therefore, an SLR needed to be conducted on the present research to have an idea of the 

status and state-of-the-art wetland research. It was observed that limnological studies con-

cerning specifically wetlands are limited and there remains a considerable scope in the re-

search domain. Details of the significant gaps in research that need attention have been pre-

sented in Chapter 3. 

The current review is limited to its sample literature. Firstly, only the articles published in 

journal articles were considered; other forms of publications, such as conference proceedings, 

book chapters, etc., were excluded. Secondly, English as a medium of publication was only 

considered, and all other languages were eliminated. There may be different needs to relate 

the uncertainty between the current research and the latest articles published. Nevertheless, 

this study would prove to be consequential to all researchers worldwide who wish to learn 

the dynamics of the published literature until the year 2020. In a large vision, this review 

work may be linked so the future research community will be guided. 
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Away, away, from men and towns, 
To the wild wood and the downs, — 
To the silent wilderness, 
Where the soul need not repress its music. 

- Percy Bysshe Shelley 

 

3 
Research Gaps and Objectives 

 
This chapter presents provides an assessment of research gaps that help motivate the re-

search in the following chapters. Based on the research gaps, the study's objectives have been 

formulated to achieve the overall aim of understanding wetland limnology. 

3.1. Research Gaps 

Chapter 2 presented extensive bibliographical research on the topics related to water quality, 

sediment quality and modelling techniques simulating real-life situations attributing to eu-

trophication in aquatic ecosystems. The review analyses resulted in qualitative discussions, 

wherein the current research trends for all the aspects were discussed. The research gaps 

were identified and discussed in the subsequent sub-sections based on those qualitative dis-

cussions. 

3.1.1. Research gaps relating to water quality 

The current research in water quality indexing suffers from the following limitations: 

I. Specific indices 

Various water quality indices developed have been based on the problems associated with a 

regional scale, a highly specific problem, or a definite water body. For instance, Semiromi et 

al. (2011) proposed an overall water quality index to assess the Karoon River's water quality 

in Iran. For this purpose, six water quality variables were chosen; Dissolved Oxygen, Total 

Dissolved Solids, Turbidity, Nitrate, Faecal coliform and pH. Likewise, Gharibi et al. (2012) 

developed a water quality index for dairy cattle’s drinking water. They considered 20 param-

eters, based on the literature, for assessing water quality suitable for drinking purposes of 
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dairy cattle, taking into consideration their health impacts. Singh et al. (2012) proposed a wa-

ter quality index for India's rural part of the Gajraula region, based on the significant problems 

associated with that particular region, i.e., industrialization. Lauringson et al. (2012) devel-

oped an index primarily for the coastal brackish waters in the N.E. Baltic Sea, correlating the 

climatic and anthropogenic interferences to the region's biological diversity. 

Similarly, many authors have attempted to develop several indices depending on the local 

problem boundary and for specific water use pertaining to a definite watershed boundary 

(Wu et al. 2017; de Almeida & de Oliveira 2018; Ng et al. 2018; Abbasnia et al. 2019; Wertz & 

Shank 2019; Tian et al. 2020). These specific indices become highly regional, and the re-

searchers' methodologies may not be applied globally. Furthermore, the indices developed or 

proposed to consider those water quality parameters that are problematic in those regions, 

while those problems may not fit suitable for other water bodies or regions of consideration. 

Hence, certain tools or techniques need development that would take care of such limitations, 

i.e., the indices should not only deem fit for that particular study area or watershed but can 

be suitably applied globally. Also, each index developed for a specific end-use of water such 

as drinking, irrigation, industries, heavy metals, etc., which considers specific parameters, 

needs a comprehensive assessment when choosing the water quality parameters. 

II. Human intervention 

The primary approach to developing a WQI from the outset has been consulting various ex-

perts from different areas of expertise. This approach is carried out through different tools 

such as preparing author questionnaires, conducting surveys, etc. Teikeu et al. (2016) pre-

sents the survey conducted in the Yaoundé area, focused on determining the quality of 

groundwater resources as an emergency drinking water supply program in the region. A da-

taset comprising various groundwater parameters from 42 bore wells were considered in the 

study. Malamos and Koutsoyiannis (2018) conducted a biannual survey of 104 irrigation wa-

ter wells of a Mediterranean island using a multi-parameter probe. Tests were conducted to 

develop an irrigation-water quality index, and the results were analyzed using various spatial 

interpolation methods. Mazhar et al. (2019) prepared a questionnaire survey to examine wa-

ter-borne diseases in the Gujranwala district of Pakistan. An Averaged Water Quality Index 

was developed to determine the region's groundwater quality status using ArcGIS model 

builder. Bhat et al. (2020) surveyed 30 villages of the Kashmir valley, about 59 in number, 

and recorded their responses. Based on the responses, a WQI was developed for drinking 

purposes of the 30 freshwater springs. There are also studies conducted based on recorded 

responses from experts of different fields of expertise which were considered for developing 

WQIs, the Delphi method being the most effective (Meyer & Booker 1990). Some of the famous 
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WQIs involving expert judgements include the National Sanitation Foundation (NSF) Index 

(Brown et al. 1970), the Scottish Research Development Department (SRDD) index (SRDD 

1976), Ross’s Index (Ross 1977), Oregon Index (Dunnette 1979), House’s Index (House 1986; 

House & Ellis 1987; House 1989; House 1990), and Almeida’s Index (Almeida et al. 2012). All 

the tools adopted for conducting surveys or recording responses from people of the regions 

and, in most cases, from various experts may prove inconsequential to water bodies other 

than those considered for the study. Additionally, these proposed WQIs may often be mislead-

ing, thereby creating ambiguities among other researchers worldwide.  

III. Performance assessment 

The efficacy assessment of the proposed or developed WQIs is often neglected. Only a few 

researchers have attempted using specific tools or mathematical models for determining the 

general applicability of WQIs. These tools majorly include artificial neural networks for pre-

dicting the developed WQIs, thereby ascertaining its reliability (Alizadeh & Kavianpour 2015; 

Khan & Chai 2017; Gupta et al. 2019). Others primarily employ regression models (Haridas & 

Antony 2019) or machine learning approaches (Leong et al. 2019). Hence, there exists a sig-

nificant scope in the area of employing various tools, mainly introducing the concept of sen-

sitivity analysis to the domain of water quality indexing, which would help in addressing the 

reliability of the indices. 

IV. Emerging techniques 

Newly emerging water quality indexing techniques such as multivariate statistics, probability, 

and the randomness of water quality datasets (information entropy) need further research to 

develop a new and more comprehensive water quality index. Furthermore, modifications in 

the existing mathematical approach can also prove vital in improvising the indices. At present, 

the applicability of mathematical tools in this domain is still in its primitive stage, which can 

be further enhanced through an integrated approach of adopting multiple techniques in the 

practice of water quality indexing. 

3.1.2. Research gaps relating to sediment quality 

The sediment contamination assessment has been relatively new as compared to the water 

quality assessment. Various aspects of the research have been covered in the past (details are 

provided in 2.7.7), which suffer from specific gaps, described as follows.  

i. The bulk of the studies carried out on sediment contamination assessment are attributed 

to heavy metals. However, there is limited literature on studying the heavy metal contam-

ination in an aquatic ecosystem's sediment column through a large-scale monitoring pro-

gram. Additionally, the use of indices and factors for determining the sediment pollution 
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load status is still at a dormant stage. This needs proper attention for appropriate use, like 

the water quality indices. 

ii. Studies pertaining to pollution source identification and their apportionment are not avail-

able. The site and source characterization studies thus demand immediate attention. 

iii. There is also limited evidence of literature on the speciation studies of the sediment col-

umn of aquatic ecosystems. Metal speciation analyses provide strong indications of the 

forms of heavy metals present in the sediment columns, thereby aiding in assessing the 

heavy metal toxicity levels. Such studies carry immense significance when it comes to de-

termining the sediment quality of any water body. 

iv. Not much published literature provides information about the health risks associated with 

heavy metals due to prolonged exposure levels. Contaminated sediments carry huge tox-

icity concentrations with them, which carry immense health risks if exposed for a pro-

longed period. Therefore, it is essential that the health risks be evaluated. 

v. There is no literature available that states the spatial and temporal variability of the ele-

mental composition and morphological changes associated with the sediment column. 

vi. Finally, since it was observed that most of the studies concentrated on addressing the 

heavy metal contamination in the sediment column, there exists minimal literature that 

addresses the nutrient contamination levels. When accumulated in the sediment column, 

these nutrients leach back into the water column, thereby enhancing the chances for eu-

trophication in an aquatic ecosystem. Hence, there is an existential need for studying the 

nutrient contamination in the sediment column. 

3.1.3. Research gaps in the domain of eutrophication-based ecological modelling 

While much work has been done on ecological modelling, the quest for better ecological mod-

els is far from over. Most ecological models have site-specific limitations, and hence a com-

pletely robust generalized ecological model is yet to be developed. However, developing such 

a model will be a herculean task, and until such a model is developed, ecological modellers 

have to compromise with site-specific models and continue to develop models for different 

wetlands separately. The need to develop an ecological model becomes far more urgent if it 

is currently endangered. 

From the results of the qualitative analyses presented in 2.8.7, it has been observed that 

most ecological models developed have revolved around the more developed nations, while 

the lesser developed or developing nations are still in the dormant stage in this research do-

main. This may be attributed to technological advancements in computational facilities that 

these countries lack. However, the lack of studies does not mean that the problem of eutrophic 
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water bodies is of no concern in these countries; instead, there is significant evidence of van-

ishing water bodies and ecologies in these countries. Therefore, a collaborative research ap-

proach is a way forward to find proper governing measures to conserve the natural systems 

and restore them to their near-original state. 

The models developed by modellers are seldom assessed for their performance and reli-

ability. Only a handful of modellers have successfully proposed measures of evaluating the 

correctness of the model, which will solve real-life problems, for example, the use of artificial 

neural networks, regression analyses and machine learning approaches. However, the most 

effective tool that needs attention to all modellers is sensitivity techniques, wherein the sen-

sitivity indices of all parameters can be computed. This, in turn, will aid in addressing the 

reliability and correctness of the models. 

Finally, with the advancements in the programming world and the development of so-

phisticated languages and software, it becomes highly essential that the modellers adapt to 

the changes and keep updated. Also, mutual collaboration among scholars worldwide will 

help initiate novel ideas and scientific techniques based on their individual perceptions, 

which can be integrated into a single framework. 

3.2. Research Objectives 

Based on the gaps identified from the literature survey, as pointed out in section 3.1, five ob-

jectives of the research were laid down, addressing the critical issues relating to aquatic ecol-

ogy. Our primary focus was limited to the wetland ecosystem, for which Deepor Beel, a Ram-

sar site, was chosen. As shown in Fig. 3. 1, the entire research was carried out, keeping in mind 

five distinct objectives to satisfy the overarching objective of understanding the limnology of 

the wetlands.  

The first objective involved identifying the latent pollution sources and their apportion-

ment using various Environmetrics tools. For this purpose, the hierarchical cluster analysis 

(HCA), principal component analysis (PCA), discriminant analysis (DA), and the positive ma-

trix factorization (PMF) models were employed. This was followed by the assessment of the 

water quality of Deepor Beel using indexing approaches. The indexing techniques used were 

primarily objective, i.e., not considering any expert’s opinion, reducing the prejudices. The 

third objective dealt with assessing the sediment quality with respect to heavy metal contam-

ination. This involved source apportionment techniques, their elemental composition and 

variability studies, followed by speciation studies, and finally, estimating various ecological 

risks involved concerning sediment contamination. 
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Fig. 3. 1. Objectives of the research program. 

 

Overall 
Aim

• The Limnology of Wetlands: Understanding their dynamic physico-chemical and biotic responses to 
anthropogenic exploitations within the aquatic ecosystems

Objective

I

• Application of Environmetrics tools for geochemistry, water quality assessment and apportionment of pollution 
sources.

Objective

II

• Indexing approach to assessing water quality depending on end-use of water.

Objective 

III

• Assessment of sediment column quality with respect to heavy metals.

Objective 

IV

• Understanding the dynamics of heavy metals in a freshwater ecosystem through their toxicity and bioavailability 
assay.

Objective 

V

• Assessment of nutrient (N-P) dynamics in wetlands through a one-dimensional model for assessing the 
eutrophication levels induced by various pollution sources.
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The fourth objective essentially focused on understanding the heavy metal dynamics in 

the entire wetland ecosystem. This considered assessing the contributions from water, sedi-

ment and the fauna samples collected over the entire monitoring period. Finally, the fifth ob-

jective reflected a crucial problem, usually associated with wetlands in recent times, i.e., eu-

trophication. The problem of eutrophication relating to Deepor Beel was addressed by devel-

oping a eutrophication-based ecological model, considering the dynamics of nutrients (essen-

tially Nitrogen and Phosphorus) in three different components of the wetland ecosystem, i.e., 

water, sediment and flora. 
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We do not inherit the earth from our ances-
tors; we borrow it from our children. 

- Chief Seattle 

 

4 
Materials and methods 

 
This chapter deals with the methodologies adopted for carrying out the research. It starts 

with the research design, then the description of the study area and the various methods 

adopted to conduct the investigation. 

4.1. Design of research 

In order to fully understand the limnological aspects of a wetland ecosystem, the research 

was carried out in different phases, details of which are summarized below. The work de-

manded a systematic investigation, and therefore, needed an experimental design, depicted 

in Fig. 4. 1. As the figure suggests, the entire investigation was carried out in three phases.  

In the Ist phase, a reconnaissance survey of the entire study area was carried out based on 

the land-use-land-cover (LULC) map. Sampling locations were identified using a global posi-

tioning system (GPS), and sample collection and analyses were performed.  

The IInd phase considered the water, sediment, and fish samples to execute different sta-

tistical analyses on their respective datasets. This resulted in identifying and apportioning 

different latent pollution sources, assessing water and sediment quality, bioavailability frac-

tion of heavy metals, and finally, the health risks associated with these three components. 

Finally, the IIIrd phase integrated the water, sediment and water hyacinth samples’ dataset 

for understanding the dynamics of nutrient (N and P) distribution in the entire wetland eco-

system. Furthermore, to better understand the nutrient dynamics, a systematic eutrophica-

tion-based ecological model was conceptualized and formulated. 
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Fig. 4. 1. Design of research. 

Environmetrics 
tools

• CA
• PCA
• DA
• PMF

• Overall water 
quality index

• Heavy metal 
indexing

• Irrigation 
index

PHASE II

Pollution 
source 
apportionment

Elemental 
analysis

Contamination 
assessment 
through GI, PLI, 
CF & EF

Human health 
and ecological 
risk assessment

Ecological 
Modelling

• Estimation of 
N & P balance 
between 
water, 
sediment and 
plants.

• Formulation 
of an 
eutrophic 
ecological 
model for 
Deepor Beel.

PHASE III

PHASE I

LULC 
mapping

Identification of 
monitoring 
locations
and sample 
collection and 
analysis

Ist Objective

IInd Objective

IIIrd Objective

IVth Objective

Vth Objective
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4.2. Study area 

Deepor Beel (Fig. 4. 2) lies within the coordinates of 26°06'N to 26°09'N and 91°36'E to 

91°41'E and at an elevation of 53m above the mean sea level (Bhattacharyya & Kapil 2010), 

existing in a former channel that connects the river Brahmaputra with the Sola Beel and the 

swampy areas of Pandu (MoEF 2008). Located on the mighty Brahmaputra river's southern 

banks, it is surrounded by National Highway No. 37 on the North, Dakhin Jalukbari, Tetelia 

and Paschim Boragaon on the East, Rani-Garbhanga Reserve Forest, Chakardew Hill and 

Chilla Hill on the South-west and Azara and Kahikuchi on the west. There are several educa-

tional institutions such as Gauhati University, Assam Engineering College, Assam Science and 

Technology University, Tata Institute of Social Sciences Guwahati, Government Ayurvedic 

College and Hospital, Assam Forest School and Girijananda Chowdhury Institute of Manage-

ment and Technology on the northern side of the Beel. Although various documents describe 

Deepor Beel as a 40.14 km2 spread area, it was estimated that the Beel was spread over 

around a 9.27 km2 area, out of which only 4.1 km2 was covered by water bodies (MoEF 2008). 

The depth of the Beel undergoes considerable seasonal variation, 1.5m to 6m, depending on 

dry or monsoon season (MoEF 2008). 

The Deepor Beel receives its water mainly from the Basistha River, which lies on its South-

eastern bank. Basistha River, in turn, receives its water from the Bharulu River through the 

Morabharulu channel. The Bharulu River runs through Guwahati and was once the source of 

potable water for the city. However, with time, this tributary of Brahmaputra has been turned 

into a drainage channel, receiving a significant amount of the city's municipal and other 

wastes along with stormwater runoff (Mozumder et al. 2014). This makes Deepor Beel sus-

ceptible to pollution during the monsoon. Moreover, the setup of a municipal solid waste 

dumpsite at Boragaon near the confluence point of Deepor Beel and the Basistha River (in the 

wetland's eastern zone) and various small-and-large-scale industries in the wetland's west-

ern zone makes it even more susceptible to the deterioration of water quality. In addition, 

during the lean season, when the water levels are minimum, people from the surrounding 

villages indulge in excessive unplanned fishing and rice cultivation within the wetland. 
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Fig. 4. 2. Study area (Deepor Beel) with LULC map. 
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4.2.1. Ecological significance 

Deepor Beel serves as a stormwater storage basin, aiding in floodwater regulation for Gu-

wahati city during the monsoon season. Surface runoff from the neighbouring hills flows 

straight into the Beel. Owing to the unique endowment of a vast diversity of flora and fauna, 

Deepor Beel was declared a wildlife sanctuary in 1989 and included in the Directory of Asian 

Wetlands (Saikia 2005). Thanks to the congregation of local and migratory birds, the rich 

avian fauna helped it bag a seat in the list of Important Bird Area (IBA) sites by Birdlife Inter-

national (MoEF 2008). In 2002, it was declared a Ramsar site (No. 1207) as a wetland of in-

ternational importance for the conservation of global biological diversity and sustaining hu-

man life through the ecological and hydrological functions it performs (Bhattacharyya & Kapil 

2010). Economically, the Deepor Beel supports about 30% of the 14 surrounding villages 

through fishing and agriculture (Mozumder et al. 2014). Deepor Beel also plays a vital role in 

balancing the ecological stability of the area. In 2005, dry fish biomass and fish yield in the 

lake were reported to be about 1.5 to 3.8 g/m2 and 245 kg/ha, respectively (Saikia 2005). 

Saikia (2005) also reported nearly 600 hectares of land in the fringe area of Deepor Beel un-

der agricultural practice. Traditionally, Deepor Beel has been used as hunting grounds for 

various animals, boating, sightseeing, picnic etc. 

4.2.2. Land-use-land-cover of Deepor Beel 

Fig. 4. 2 shows the LULC mapping of the Deepor Beel’s watershed, delineated through ArcGIS 

- ArcMap (v. 10.2) and created through ENVI (v. 4.7). It was seen that the entire wetland has 

been surrounded by heavy built-up on all sides, except the southern part, which is covered by 

the Rani and Garbhanga forest reserve. On the north-eastern part of the wetland lies the vil-

lage of Tetelia, which spreads out up to NH-37 on the east. Tribal villages like Pamohi and 

Mikirpara lie on the southern fringe of the wetland. The villagers in these places grow boro-

paddy planted during the winter season (December to January) and harvested in the pre-

monsoon period of April to May. As already mentioned, numerous public institutions are lo-

cated on the north and north-eastern side of the wetland. In addition to these, several indus-

tries have also come up in the southern and south-western fringes. The presence of industries 

within the wetland's periphery threaten the ecological structure as the effluent from these 

industries, partially treated or untreated, ultimately fall into the wetland (MoEF 2008). 

The NH-37 surrounds the east and northeast wetland and a PWD road along the Rani-

Garbhanga Reserve Forest's northern fringes on the south. The Assam Engineering College 

Road lies on the north, and the Dharapur-Kahikuchi section of the NH-37 is located on the 

west. There are also many brick kilns on the northern side of the wetland and a garbage 
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dumping ground on the eastern side in Boragaon, abutting the wetland margins. According to 

the reports submitted by the MoEF (2008), the Boragaon Dumpsite presence further exposes 

the wetland to environmental pollution as there is every possibility of leaching into it during 

the monsoon season. In fact, as per the C&AG (2012), the location of the Boragaon Dumpsite 

violates several prescribed parameters stipulated by the Central Public Health and Environ-

mental Engineering Organisation (CPHEEO) as given in Table 4. 1. Despite such non-compli-

ance, the SWM project, which came into existence in 2006, continues to exist to date. 

Table 4. 1. Non-compliance of Boragaon dumpsite (SWM project) with CPHEEO criteria (C&AG 2012). 

Criteria of Project 

(Location of) As per CPHEEO norms Violation of norms 

River/Stream The project site should be 100 m away 

from any river/stream. 

A small stream passes through the 

site. 

Flood Plain No landfill within a 100-year flood 

plain. 

Landfill site is within flood plain. 

Wetlands No land fill within wetland. Landfill site is in wetland. 

Ground Water table Ground water table to be more than 2 

m. 

Ground water table is at the ground 

level. 

Airport 

 

No land fill within 20 km. Project site is within 10 km of an 

airport. 

 
Over the years, many railway tracks have come up near the wetland that has dissected it 

into a number of small pockets. The laying of the railway track and the reclamation of the area 

outside the track have contributed to the wetland's shrinkage (MoEF 2008). 

4.2.3. Biodiversity of Deepor Beel 

Deepor Beel is reported as one of the richest wetland ecosystems of Assam. It supports 

around 232 species of birds, 24 species of mammals, 61 species of fish, 32 species of reptiles 

and 11 amphibian species (Saikia et al. 2014). The lake's undulating bottom surface provides 

a unique balance of shallow and deep-water depths across the lake, providing excellent con-

ditions for the sustenance of a large variety of plants and animals. Moreover, the presence of 

Rani-Garbhanga Reserve Hills in the adjoining area provides a suitable habitat for many en-

dangered and threatened animals. Deepor Beel's waters support a wide variety of habitats 

throughout the year due to the water regime's seasonal changes. When the flood level rises in 

the river Brahmaputra during the monsoon season, water enters the wetland through the Ba-

sistha River, raising its water level. During this period, large parts of the wetland are covered 

by aquatic vegetation like the water hyacinths, aquatic grasses, water lilies and other sub-
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merged, emergent and floating vegetation. The highland areas, which are completely dry dur-

ing the winter, are also covered by aquatic and semiaquatic vegetation. As the monsoon re-

cedes, the water level in the wetland goes down, exposing significant parts of the submerged 

land for the habitats of migratory waterfowl, residential waterfowl and terrestrial avifauna. 

The wetland also supports a wide variety of lizard species. Various species of flora and fauna 

within the same ecosystem make the energy transformation system and food web very com-

plex (Saikia et al. 2014). Phytoplankton plays a significant role among the lowest levels of the 

producers in the Deepor Beel ecosystem. The seasonal fluctuations of the water regime also 

affect the diversity and abundance of the phytoplankton. According to Saikia (2005), there 

are 18 genera of phytoplankton from the core area of Deepor Beel alone. The available phy-

toplankton species were Volvox sp., Anacysistis sp., Oscillotoria sp., Spirogyra sp., Diatom sp., 

Selenastrum sp., Microcystis sp., Anabaena sp., Zygnema sp., Closterium sp., Hydrodictyon sp., 

Tribonema sp., Chlorlla sp., Navicula sp., Melosira sp., and Synedra sp. etc. (Sharma 2011). The 

phytoplankton population blooms majorly during the winter season. The summer season typ-

ically records low phytoplankton population density, while pre-monsoon and post-monsoon 

record relatively higher population density (Chetry 1999). Free-floating, emergent and sub-

merged aquatic macrophytes are also abundantly found in Deepor Beel. The free-floating 

plants such as Eicchornia crassipes, Azolla pinnate, Pistia stratiotes, Lemna minor, Lemna ma-

jor, Spirodela polkyrrhiza exist throughout the year and rapidly multiply during the summer 

season. The emergent vegetation includes Trapa bispinosa, Utricularia flexuosa, Eleocharis 

pan-taginea, Nelumbo nucifera, N. lotus, Nymphaea alba, N. rubra, Sagitaria sagitifolia, Euryale 

ferox. Ipomea reptans, Oelia alismoides, Marsilia minuta, Limnophilia aquatic and Monochoria 

leaqinolis. The submerged plants dominate the Deepor Beel habitat. The foremost are the Po-

tamogeton crispum, Valisnaria spiralis, Hydrilla verticillata, Najas foveolata, Paspalum serobic-

ulatum. Halophila ovata, H. Beccari and Ruppia maritima. The other cultivated and non-culti-

vated plants species available in the wetland are Alium cepa, Pisum sativum, Brassica juncia, 

B. rugusa, Beta vulgaris, Momordia charantia, Ducus carrota and Triticum aestivum. The weeds 

found in the wetland, are Eupatorium odoratum, Achyranthus aspera, Cyperus esculonsis, 

Pharagmites karka, Imperata cylindrica, Vitax trifolia, Accum basilium, Saccharum sponta-

neum, Arundo donax, Lentena caemera, etc. (Saikia & Bhattacharjee 1987). 

4.3. Phase I: Sampling strategy and data acquisition 

Analytical monitoring was carried out to determine the health status of Deepor Beel. For this 

purpose, water, sediment, flora and fauna samples were collected. For floral samples, water 

hyacinth (Eicchornia crassipes) was considered. This is because water hyacinth (Eicchornia 

crassipes) was the dominant species among plants in the wetland. Similarly, three indigenous 
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fish species, namely, Notopterus notopterus, Clarias batrachus, and Channa striata, were con-

sidered for the sampling and analyses. These three species were considered due to their ex-

tensive use in the diet of the local population. N. notopterus belongs to the Notopteridae family 

and Osteoglossiformes order, whereas C. batrachus and C. striata belong to Clariidae and Chan-

nidae families with Siluriformes and Anabantiformes orders, respectively. 

For the collection of water and sediment samples, 23 monitoring locations were finalized 

from the reconnaissance survey, whereas, for the collection of water hyacinth and fish sam-

ples, the entire wetland was divided into three zones, based on the proximity of the probable 

pollution sources, as shown in Fig. 4. 3. 

Zone I is located to the south-eastern part of the wetland and adjacent to the landfill site; 

Zone II lies in the middle, closer to the agricultural fields and Zone III to the South-western 

part where most industries are located. Three sites from each zone were selected for fish and 

water hyacinth samples collection; sites 11, 14, and 16 for zone I; 6, 8, and 10 for zone II and 

19, 20, and 23 for zone III. Water, sediment and water hyacinth samples were collected from 

October 2017 to February 2019 (monthly). The water samples were collected from a depth 

of 30 cm below the water surface. The fish samples were collected in three months, i.e., March 

2018, July 2018, and October 2018 (representing pre-monsoon, monsoon and post-monsoon 

periods, respectively). 

 

 

(a) 
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(b) 

Fig. 4. 3. Sampling strategy adopted for (a) water and sediment samples collection, and (b) water hy-
acinth and fish samples collection. 

 

4.3.1. Sample preservation 

Containers containing samples were decontaminated following the procedure as per the 

guidelines laid down in APHA (2012) and Motsara and Roy (2008): 

▪ The sampling bottles were scrubbed with a brush and laboratory-grade detergent, fol-

lowed by rinsing with tap water until detergent on the bottles and caps was removed en-

tirely. Finally, the sampling bottles were rinsed with deionized water. 

▪ Bottle and cap were allowed to dry in clean air. In case of probable high concentration of a 

measured value, samples were diluted using deionized water to accurate proportions for 

proper evaluation of the measured value. To minimize the changes in the samples, chemi-

cally or biologically, samples were kept in an icebox during the transfer from the sampling 

sites to the laboratory and later in the refrigerator when the analysis was not performed 

immediately after the sampling process. 

Details of any specific sample preservation processes taken (if any) are provided explic-

itly in the respective objectives explained in later sections. 
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4.3.2. Analytical procedures 

Detailed analytical procedures for water, sediment, water hyacinth, and fish samples are pro-

vided in the subsequent sub-sections. Irrespective of any ecosystem component, all analyses 

were performed in triplicates under controlled laboratory supervision. 

▪ Water samples 

Two pre-cleaned 1L HDPE plastic bottles were considered for the collection from each point; 

one was utilized for heavy metal analyses; thus, it was acidified with concentrated HNO3 to 

render the pH below 2 to avoid any precipitation, and the other was non-acidified, which was 

utilized for various physico-chemical parameters. Specific parameters such as pH and DO 

were analyzed at the earliest (within 24 hours) after sampling was completed, and the re-

maining samples were kept in a refrigerator at 4°C till further analyses of the remaining pa-

rameters were carried out. A quality control procedure was maintained throughout. Standard 

solutions and reagent blanks were prepared under controlled laboratory conditions to cali-

brate instruments prior to any analyses. 

Table 4. 2. Different water quality parameters analyzed in the research, their units of measurement and 
make and model of the instruments used. 

Parame-

ters 

Units of measure-

ment 
Analytical method [Make and model] 

DO mg L-1 Winkler's method 

pH pH units Digital pH meter [Systronics - µ pH system 361] 

EC µS cm-1 Digital Conductivity meter [VSI-04-Deluxe] 

Turbidity NTU Nephelometric Turbidimeter [Systronics] 

TA mg L-1 as CaCO3 APHA titrimetric method 

TH mg L-1 as CaCO3 APHA titrimetric method 

BOD5 mg L-1 5-day BOD test 

COD mg L-1 Closed Reflux, Titrimetric Method 

TDS mg L-1 
Oven Drying at 103-105˚C 

TSS mg L-1 

F- mg L-1 

Ion Chromatograph (IC) [792 Basic IC – Metrohm] 

Cl- mg L-1 

NO3- mg L-1 

PO43- mg L-1 

SO42- mg L-1 

Na+ mg L-1 

Flame Photometer [Systronics] K+ mg L-1 

Ca2+ mg L-1 
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TKN mg L-1 APHA Distillation Method [Pelican - Kelplus Distillation Ap-

paratus] 

Mg mg L-1 

Atomic Absorption Spectroscopy (AAS) [Varian Spectra 55B] 

Cr mg L-1 

Cd mg L-1 

Fe mg L-1 

Mn mg L-1 

Cu mg L-1 

Pb mg L-1 

NH3- mg L-1 Semi-automated colorimetric method 

OrgN mg L-1 Kjeldahl method 

 
The reagents were prepared following the Standard Methods for the Examination of Wa-

ter and Wastewater (APHA 2012). Analytical grade chemicals were used for analysis unless 

otherwise stated. Deionized water was used for dilutions done during the analysis. Standard 

solutions were prepared by diluting the stock solutions. For analyzing heavy metals, cations 

and anions, the samples were first subjected to micro-filtration using Whatman (No. 42) filter 

papers.  Sample collection, transportation, preservation, and analyses adhered to Standard 

Methods (APHA 2012). The water samples were subjected to analyses for 28 different water 

quality parameters; detailed analytical procedure and the make and model of the instruments 

used for the analyses are shown in Table 4. 2. 

▪ Sediment samples 

For the analysis of sediment samples, the samples needed to be first dried completely, sub-

jected to the oven-drying process. They were then sieved through a 2mm Indian Standard (IS) 

sieve, which helped remove debris. They were then converted to powdered forms after crush-

ing, grinding, and subsequently sieving through a 75µ IS sieve. The powdered samples were 

then subjected to various analyses, i.e., heavy metals and nutrients. For heavy metal analyses, 

the powdered samples were digested by using a mixture of concentrated HNO3 (10 mL) + HF 

(2 mL) + HClO4 (2 mL) for a duration of 4h at a temperature of 400°C. The digested filtrates 

were then transferred to respective specimen tubes after diluting them to 100mL using milli-

Q water and subsequently filtering them. The analyses for heavy metals were then performed 

through Atomic Absorption Spectroscopy (AAS). Sediment samples were also analyzed for 

different forms of nitrogen and phosphorus. Total Kjeldahl nitrogen, ammonia nitrogen and 

nitrate nitrogen in sediments were measured following the procedures described by Motsara 

and Roy (2008). While ammonia nitrogen was measured using the indophenol-blue method, 

nitrate-nitrogen was measured following the phenol-disulphonic acid method. Total phos-

phorus in soil was measured following the stannous chloride method after acid digestion. 
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▪ Water hyacinth samples 

While collecting water hyacinth samples, care was taken to ensure that they had fewer possi-

ble mobility options during sampling because of their location. This ensured that the plants' 

measured nutrient uptake was a proper representative of the plants' actual nutrient uptake. 

The collected samples were then analyzed for different forms of nitrogen and phosphorus, 

the details of which are as follows: 

a. Total Kjeldahl nitrogen 

The Kjeldahl method was used to determine the total Kjeldahl nitrogen present in the plant. 

The air-dried and finely ground samples were digested using potassium sulphate (K2SO4), 

copper sulphate (CuSO4) and sulphuric acid (H2SO4). The digested samples were then distilled 

using the APHA Distillation method. The distilled samples were then titrated using 0.02N 

H2SO4. Organic nitrogen was calculated by subtracting ammonia nitrogen from total Kjeldahl 

nitrogen. 

b. Ammonia nitrogen 

Ammonia nitrogen was determined following the Phenate method described in section 4500-

NH3.F in Standard Methods for the Examination of Water and Wastewater (APHA 2012) after 

extraction from finely ground air-dried plant samples using potassium chloride (Motsara & 

Roy 2008). 

c. Nitrate nitrogen 

Nitrate nitrogen was determined following the procedure described in section 4500-NO3-.B 

of Standard Methods for the Examination of Water and Wastewater (APHA 2012). Similar to 

the analysis of ammonia nitrogen, the air-dried and finely ground plant samples were first 

subjected to the potassium chloride extraction method (Motsara & Roy 2008) and subse-

quently analyzed in the UV spectrophotometer at 220 nm and 275 nm wavelengths. 

d. Total phosphorus 

Total phosphorus in the plant samples was determined by first digesting the plant samples 

using a mixed acid of sulphuric acid (H2SO4) and perchloric acid (HClO4) followed by the stan-

nous chloride method described in section 4500-P.D of the Standard Methods for Examina-

tion of Water and Wastewater (APHA 2012). 

▪ Fish samples 

The fish samples collected were washed five times with distilled water, after which they were 

subjected to dissection using scissors and stainless steel to prevent any external contamina-

tion. The muscle, liver, gill, and skin tissues were dissected separately for each sample and 
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stored in HDPE bags at -20°C temperature till chemical analyses were performed (Fig. 4. 4). 

Before the analyses, all the individual tissues of the samples were oven-dried at 40°C.  

 

 

(a) Fish anatomy (image captured during the dissection process) 

 

(b) Samples after dissection and oven-drying 

Fig. 4. 4. Dissected and oven-dried fish parts specimens of (a) N. notopterus (b) C. batrachus and (c) C. 
striata species. 1, 2, 3, and 4 indicate muscle, liver, gills and skin, respectively. 
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Furthermore, they were subjected to grinding and crushing, followed by passing the sam-

ples through a 150µm IS sieve to obtain homogeneity. 0.2g of each sample was considered for 

the acid digestion process (with ultra-pure nitric acid of 70% purity) for 35 minutes at 150°C. 

The final filtrate from each sample comprised some oil and fat content, removed through the 

solvent extraction process. 

4.3.3. Additional data acquired 

For the development of the model, different data relating to Deepor Beel such as rainfall, evap-

oration, discharge in Basistha River, the productivity of water hyacinth, nutrients concentra-

tion in the inflowing water and depth of water in the lake has been collected either from lit-

erature or field measurement and the same has been reported here. 

I. Rainfall data 

The monthly mean rainfall in Guwahati was calculated for a period of 30 years (1971-2000) 

(Jaswal et al. 2008; Verma et al. 2012). An annual rainfall trend-line was established using the 

annual rainfall data to predict the rainfall in 2017, 2018 and 2019 (Fig. 4. 5). The monthly 

mean rainfall for these years was then calculated based on the relative percentage of monthly 

mean rainfall given by Verma et al. (2012). 

 

 

Fig. 4. 5. Rainfall and evapotranspiration data for Guwahati city. 
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II. Evaporation data 

Jaswal et al. (2008) and Verma et al. (2012) had also given the annual potential evapotranspi-

ration data and monthly mean potential evapotranspiration data, respectively, in Guwahati 

for the same period of 30 years. Similar to the process adopted for rainfall data, an annual 

potential evapotranspiration trend-line was established to predict the potential evapotran-

spiration for 2017, 2018 and 2019. The monthly mean potential evapotranspiration for these 

years was subsequently calculated based on the relative percentage of monthly mean poten-

tial evapotranspiration given by Verma et al. (2012) (Fig. 4. 5). The actual evapotranspiration 

in Guwahati is considered equal to potential evapotranspiration as Deepor Beel can be re-

garded as an infinite water source. 

III. Discharge in Basistha River 

The monthly mean discharge in the Basistha River for the year 2018 has been interpolated 

and averaged from the SWAT (Soil and Water Assessment Tool) models used by Saharia and 

Sarma (2018) to predict the monthly mean discharge in the river for periods of 2046-2064 

and 2081-2100. The monthly mean discharge in Basistha River in 2017 and 2019 were as-

sumed from the interpolated data for the year 2018 (Fig. 4. 6). 

 

 

Fig. 4. 6. Discharge in Basistha River over the sampling period (Oct 2017 to Feb 2019). 

 
 
 
 
 
 

Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb

0

500000

1000000

1500000

2000000

2500000

 

 

 Sampling Months (October, 2017 to February, 2019)

D
is

ch
ar

g
e 

in
 B

as
is

th
a 

R
iv

er
 (

m
3
/d

ay
)

TH-2896_176104004



Chapter | 4 Materials and methods 

 

102 | Page Indian Institute of Technology Guwahati 

IV. Productivity of water hyacinth 

The productivity of water hyacinth growing over Deepor Beel was measured in the month of 

December 2017, and the same has been reported in terms of g m-2 day-1 of dry mass (Fig. 4. 

7). 

 

Fig. 4. 7. Productivity of water hyacinth (Reddy and Tucker (1983)). 

 
V. Nutrient concentration in the inflowing water to Deepor Beel 

Water samples were collected from the mouth of the Basistha River during each sampling and 

analyzed for different forms of nitrogen and phosphorus used in the model. The monthly var-

iation of different nutrients such as organic nitrogen, ammonia nitrogen, nitrate nitrogen and 

total phosphorus in the inflowing water of Basistha River is shown in Fig. 4. 8. Nutrients enter 

the river from various sources such as surface runoff, base-flow, and point sources along the 

river's stretch. As the Basistha River flows through the heart of the Guwahati, receiving un-

treated domestic wastewater all along the route, it is expected to have high nutrient concen-

trations.  

VI. Water depth in Deepor Beel 

The depth of water in Deepor Beel was measured approximately at all the sampling points for 

the entire sampling period (Fig. 4. 9). The average depth of Deepor Beel showed a wide vari-

ation throughout the sampling period. When the region sparsely receives rainfall during the 

winter season, the river's depth drastically decreases to as low as 34 cm. 
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Fig. 4. 8. Monthly variation of different nutrients concentration in the inflowing water to Deepor Beel.  

 

 

Fig. 4. 9. Average water depth in Deepor Beel. 
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The subsequent sections are aimed at providing detailed methodologies pertaining to 

each objective. 

4.4. Phase II; Ist Objective: Application of Environmetrics tools for ge-

ochemistry, water quality assessment and apportionment of pollu-

tion sources 

The present study uses four Environmetrics tools; hierarchical cluster analysis (HCA), discri-

minant analysis (DA), principal component analysis (PCA), and positive matrix factorization 

(PMF) for the assessment of water quality and geochemistry of Deepor Beel, Assam, India. 

4.4.1. Hierarchical Cluster analysis 

The hierarchical agglomerative clustering technique is a simple algorithm for partitioning the 

datasets into groups (Singh et al. 2004; Shrestha & Kazama 2007). Each dataset is first as-

sumed to be a unique cluster. Each cluster is then joined step-by-step depending on their 

proximity to each other until a stage is arrived at when all the datasets are placed under a 

single large cluster. The fundamental algorithm for hierarchical agglomerative clustering de-

pends on large inter-cluster and low intra-cluster variance. The basic steps involved in the 

clustering process has been explained below. 

Step 1: Computation of distances between individual data points 

The matrix obtained is called the distance matrix, which provides the unit of distance between 

each dataset (Eq. 4. 1). It is always a lower triangular matrix (𝑚 ×𝑚), with zero diagonal el-

ements, which is quite apparent. 

 

4. 1 

 
Step 2: Choosing the minimum value 

From the distance matrix, the clusters closest (i.e., the minimum value in the matrix) to each 

other are categorized under a single cluster (in this case, let us suppose 𝑑(𝑚−1)3)  (Eq. 4. 2). A 

distance matrix is again created for (𝑚− 1) observations {(𝑚 − 1) × (𝑚 − 1)}. 
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4. 2 

 
Step 3: Repeat step 2 

The clusters closest to each other are further categorized into a single group, and the process 

is repeated for ‘m’ times till a single value is obtained, i.e., the entire dataset is grouped into a 

single cluster. 

Several methods exist for the determination of distances between clusters, as well as their 

linkages. Minimum, maximum, and mean distances between the clusters, together with a sin-

gle link, complete link, average link, centroids, and Ward's method (Wilks 2011) of clustering 

are some of the mostly adopted techniques. Each of the linkage methods has its significance. 

However, the use of Ward's method for agglomeration of clusters using the Squared Euclidean 

distance measure has been proved to be the most powerful, represented by the Eq. 4. 3 and 

4. 4 respectively. 

𝑇𝐷𝐶1∪ 𝐶2 = ∑ 𝐷(𝑥, 𝜇𝐶1∪ 𝐶2)
2

𝑥∈𝐶1∪𝐶2

 4. 3 

 

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑃𝑖, 𝑃𝑗) =∑(𝑄1𝑗 − 𝑄2𝑗)
2

𝑚

𝑗=1

 4. 4 

 
where TD denotes the total distance from the centroids, x denotes the distance between 

the clusters, and µ is the centre of the clusters C1 and C2. 𝑃𝑖 represents the ith object, and 𝑄𝑖𝑗  is 

the value of the jth variable of the ith object. 

The result of hierarchical clustering is usually represented by a dendrogram which pro-

vides essential visual insight into the clustering process. 

4.4.2. Discriminant analysis 

Discriminant analysis is an appropriate technique for the construction of categorically de-

pendent values from statistically classified samples. It necessitates a prior knowledge of the 

statistical association of objects in any particular cluster or group for understanding which 

variable belongs to which group or cluster. For statistical analysis of the water quality dataset, 

the DA technique assists in determining the parameters which are primarily responsible for 

the discrimination of the clusters by creating a discriminant score (Eq. 4. 5) for each of the 

individuals of the raw WQ data. 
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𝐷𝑖𝑠𝑐𝑟𝑖𝑚𝑖𝑛𝑎𝑛𝑡 𝑆𝑐𝑜𝑟𝑒, 𝑍 = 𝐼𝑖 +∑𝑤𝑖𝑗𝑃𝑖𝑗

𝑛

𝑗=1

 4. 5 

 
where i and n signify the number of groups and parameters used for DA, respectively; I 

denote the constant value characteristic to each dataset; 𝑤𝑗 represents the weight factor as-

signed by DA to each parameter 𝑃𝑗. 

Another essential statistical tool used in DA is Wilk's Lambda (Eq. 4. 6) for determining 

whether there is a clear distinction between the groups. Wilk's lambda (λ) represents the ra-

tio of the variances measured within a group to the total variance. Hence, it can be established 

that lower values of λ are a clear indication that the groups are distinctive, and there is less 

overlapping between the clusters or groups and vice-versa. 

𝜆 =
𝑊𝑖𝑡ℎ𝑖𝑛 𝑔𝑟𝑜𝑢𝑝 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

𝑇𝑜𝑡𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒
 4. 6 

 
DA was carried out on the raw dataset for both standard, as well as stepwise modes. The 

standard method involves a step-by-step built-up of the discrimination model in which all the 

variables are assessed and evaluated to determine which one will contribute most to the dis-

crimination between groups individually, at each step. That variable is then incorporated into 

the model, and the procedure starts again. On the other hand, in stepwise mode, all variables 

are included in the model initially, after which the variable contributing minimum to the es-

timation of group membership is eliminated at each step. Thus, only the "important" variables 

in the model that contribute the most to the discrimination between groups are kept as a suc-

cessful discriminant function analysis (Astel et al. 2009). 

4.4.3. Principal component analysis 

The principal component analysis (PCA) forms a powerful tool for minimizing the problem of 

data overfitting to a model, which has led to several confusions due to the inclusion of too 

many attributes and variables into it. The primary objective of the PCA is to convert a dataset 

having high dimensionality to a lower dimensionality dataset without actually losing vital in-

formation, thus effectively reducing the problem of overfitting (Vega et al. 1998; Alberto et al. 

2001; Chen et al. 2007). The reduced set of variables formed are termed principal compo-

nents (PCs), which depend on the number of attributes the dataset possesses and its dimen-

sion. The number of PCs formed for a particular dataset is always less than or at a maximum 

scale, equal to the number of attributes given for model preparation. Also, the PCs formulated 

should be independent and orthogonal to each other. The necessary steps involved in the for-

mulation of PCs is described below. 
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Step 1: Compute the mean values of all the attributes 

Suppose we have ‘m’ attributes (𝐴1, 𝐴2, … , 𝐴𝑚), the values of those for ‘n’ sampling locations 

(variables) (𝑆11, … , 𝑆𝑛𝑚) can be represented as shown in Eq. 4. 7. The first operation per-

formed was the computation of the mean values for all the attributes (𝐴1̅̅ ̅, 𝐴2,̅̅ ̅̅  𝐴3̅̅ ̅, … , 𝐴𝑚̅̅ ̅̅ ). 

𝐴1 𝐴2 𝐴3 … 𝐴𝑚
𝑆11 𝑆12 𝑆13 … 𝑆1𝑚
𝑆21 𝑆22 𝑆23 … 𝑆2𝑚
⋮ ⋮ ⋮ ⋱ ⋮
𝑆𝑛1 𝑆𝑛2 𝑆𝑛3 … 𝑆𝑛𝑚
𝐴1̅̅ ̅   𝐴2̅̅ ̅  𝐴3̅̅ ̅ … 𝐴𝑚̅̅ ̅̅

 

4. 7 

 
Step 2: Preparation of the covariance matrix 

The next step includes preparing the covariance matrix for all the attributes (Eq. 4. 8) based 

on the formula given in Eq. 4. 9. The matrix formulated will be an (𝑚×𝑚) matrix (C). 

𝐶 =
|
|

𝑐𝑜𝑣(𝐴1, 𝐴1) 𝑐𝑜𝑣(𝐴1, 𝐴2) 𝑐𝑜𝑣(𝐴1, 𝐴3) … 𝑐𝑜𝑣(𝐴1, 𝐴𝑚)
𝑐𝑜𝑣(𝐴2, 𝐴1) 𝑐𝑜𝑣(𝐴2, 𝐴2) 𝑐𝑜𝑣(𝐴2, 𝐴3) … 𝑐𝑜𝑣(𝐴2, 𝐴𝑚)
𝑐𝑜𝑣(𝐴3, 𝐴1) 𝑐𝑜𝑣(𝐴3, 𝐴2) 𝑐𝑜𝑣(𝐴3, 𝐴3) … 𝑐𝑜𝑣(𝐴3, 𝐴𝑚)

⋮ ⋮ ⋮ ⋱ ⋮
𝑐𝑜𝑣(𝐴𝑚, 𝐴1) 𝑐𝑜𝑣(𝐴𝑚, 𝐴2) 𝑐𝑜𝑣(𝐴𝑚, 𝐴3) … 𝑐𝑜𝑣(𝐴𝑚, 𝐴𝑚)

|
|
 4. 8 

 
where, 

𝑐𝑜𝑣(𝐴𝑥 , 𝐴𝑦) =∑
(𝑥𝑖 − 𝑥̅)(𝑦𝑖 − 𝑦̅)

𝑚 − 1

𝑚

𝑖=1

 4. 9 

 
Step 3: Determination of Eigenvalues and Eigenvectors 

After the covariance matrix is generated, the eigenvalues and their corresponding eigenvec-

tors are generated using Eq. 4. 10, 4. 11, 4. 12, and 4. 13, respectively. 

|𝐶 − 𝜆𝐼| = 0 4. 10 

 
where I is the identity matrix, the size of which depends on the covariance matrix (in this 

case, 𝑚 ×𝑚). 

𝐼 = |

1 0 … 0
0 1 … 0
⋮ ⋮ ⋱ ⋮
0 0 … 1

| 4. 11 

  
Solving Eq. 4. 10, we obtain the values 𝜆1, 𝜆2, 𝜆3, … , 𝜆𝑚. Using these λ values, we compute 

the eigenvectors by substituting the 𝜆′𝑠 as shown; 
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[𝐶 − 𝜆𝑎,𝑎∈(1,𝑚)] {

𝑋11
𝑋12
⋮
𝑋1𝑛

} = 0 4. 12 

 
Eq. 4. 12 will then provide the values for {𝑋𝑖𝑗;(𝑖,𝑗)∈(1,𝑚)}. This will further lead to the for-

mulation of the eigenvector matrix, represented by Eq. 4. 13. 

[
 
 
 
 
𝑋11 𝑋12 𝑋13 … 𝑋1𝑚
𝑋21 𝑋22 𝑋23 … 𝑋2𝑚
𝑋31 𝑋32 𝑋33 … 𝑋3𝑚
⋮ ⋮ ⋮ ⋱ ⋮

𝑋𝑚1 𝑋𝑚2 𝑋𝑚3 … 𝑋𝑚𝑚]
 
 
 
 

 4. 13 

  
Step 4: Determination of PCs 

PCs depend on the eigenvalues of the corresponding attributes. The eigenvalues are first con-

sidered in the descending order of their numerical values. The eigenvectors of the corre-

sponding largest eigenvalue become PC-1, and subsequently, other PCs are also determined 

(the corresponding eigenvectors) based on their descending order of eigenvalues. 

Varimax rotation, Keiser-Meyer-Olkin (KMO) (Sahu et al. 2013) and Bartlett’s sphericity 

(Dalal et al. 2010) were employed for the orthogonal rotation, evaluating the adequacy of 

sampling and estimating the applicability of PCA to the crude dataset, respectively. Eigenval-

ues greater than 1 were only considered for accountability of the factor loadings. 

4.4.4. Positive matrix factorization analysis 

The positive matrix factorization (PMF) is one of the methods for classifying objects using 

linear algebra (Paatero & Tapper 1994). The preliminary step involved in this method is the 

representation of document class (𝑑𝑗
𝑇) by suitable vectors 𝑤𝑥𝑗; 𝑥∈(1,𝑚), as given in Eq. 4. 14.  

𝑑𝐽
𝑇 = [𝑤1𝑗, 𝑤2𝑗, 𝑤3𝑗, … , 𝑤𝑚𝑗] 4. 14 

  
where wij indicates the weighted frequency of the ith item in the jth class. 

Considering a matrix 𝐴𝑚×𝑛; m and n denote the dependent and independent variables 

respectively (Eq. 4. 15), 
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4. 15 

 
The following inferences can be established: 

▪ 𝐴𝑚×𝑛 spans a high dimensional space (𝐴 ∈ ℜ𝑚×𝑛). 

▪ 𝐴𝑚×𝑛 may be sparse. 

▪ This sparse nature may lead to noisy features in further data processing, eventually lead-

ing to a poor classification. 

The most effective solution for addressing the above inferences is to use an appropriate 

dimension reduction technique such as the Singular Value Decomposition (SVD). This is the 

fundamental principle of the PMF technique, which makes use of only the non-negative items 

in the database of the matrix 𝐴𝑚×𝑛. Any other item with a negative value is rendered zero (Al-

Dabbous & Kumar 2015; Li et al. 2015; Liu et al. 2015). This technique is based on the princi-

ple of factorization of a non-negative matrix having higher dimensionality into two matrices 

of smaller dimensionalities such that: 

𝐴𝑚×𝑛 = 𝑃𝑚×𝑘 × 𝐻𝑘×𝑛 + 𝐸𝑚×𝑛 {𝐾 ≪ min (𝑚, 𝑛)} 4. 16 

  
where P, H and E represent the basis matrix, weight matrix and residual error matrix, 

respectively. 

The original dataset matrix (𝐴𝑚×𝑛) is factorized continuously, with a random initializa-

tion value, till optimum P and H matrices are obtained to fulfil the ultimate objective of mini-

mization of function 𝑄 = 𝑓(𝑃,𝐻), given by: 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑄{𝑓(𝑃,𝐻)} =
1

2
‖𝐴 − 𝑃𝐻‖2 4. 17 

  
Multiple iterations are carried out until P and H converge together and stabilize using 

steps 1-3 as described below. 

Step 1: Initialise P & H 

P and H are initialized randomly with non-negative values, as shown in Eq. 4. 18. 

d1 d2 d3 dn

w1

w2

w3

wn
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𝑃 = 𝑟𝑎𝑛𝑑(𝑚, 𝑘)

𝐻 = 𝑟𝑎𝑛𝑑(𝑘, 𝑛)
 4. 18 

  
Step 2: Update 

P and H are updated using the following equation (Eq. 4. 19). 

𝐻𝑖𝑗 ← 𝐻𝑖𝑗
(𝑃𝑇𝐴)𝑖𝑗

(𝑃𝑇𝑃𝐻)𝑖𝑗 + 𝜖

𝑃𝑖𝑗 ← 𝑃𝑖𝑗
(𝐴𝐻𝑇)𝑖𝑗

(𝑃𝐻𝐻𝑇)𝑖𝑗 + 𝜖

  4. 19 

 
where error (ϵ) is initialized with a small value in order to avoid division by zero. 

Step 3: Iterate 

Iterations are carried out using step 2 till P and H converge with each other and become sta-

ble. 

The samples collected at the different locations were polled together in a single dataset 

for PMF application. This approach increases the stability of results assuming that the source 

profiles are spatially homogeneous (Cesari et al. 2016). The resulting input parameters were 

then classified based on the signal/noise (S/N) ratio for each of the parameters. Based on the 

S/N ratio, the parameters were classified as Strong (S/N > 2), Weak (0.2 < S/N < 2) and Bad 

(S/N < 0.2) respectively (Gugamsetty et al. 2012). 

All the statistical techniques were carried out using various software; Hierarchical clus-

tering, DA (both standard and stepwise) and PCA using IBM-SPSS Statistics (v. 25) and the 

PMF model was formulated using EPA–PMF (v. 5.0). 

4.5. Phase II; IInd Objective: Indexing approach to assessing water 

quality depending on end-use of water 

As previously discussed in section 2.6, the water quality indexing (WQI) technique is the most 

effortless and comprehensive manner of determining the water quality of a particular water 

body. It also discussed the four categories of indices based on the various end-uses of water. 

The problem associated with the first three types of indices is that these indices are highly 

site-specific, as the weights assigned for each parameter may not deem suitable to another 

site or water body as the characteristics of the water bodies change drastically with locations 

and types. The fourth category, where various mathematical tools, also known as Environ-

metrics tools, are employed, are thus becoming more recent advancements in the develop-
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ment of WQIs. These indices are devoid of any personal opinions and depend only on the wa-

ter quality dataset, making them exceptionally convenient (Shrestha & Kazama 2007; Terrado 

et al. 2010). 

The most prominent use of mathematical tools can be understood from techniques de-

rived and proposed by several researchers. These techniques include the use of multivariate 

statistics (Sarkar et al. 2007; Reza & Singh 2010; Singh et al. 2016; Rakotondrabe et al. 2018), 

artificial neural network (ANN) (Juahir et al. 2004; Gazzaz et al. 2012; Gazzaz et al. 2015), 

Fuzzy logic (Nasiri et al. 2007; Lermontov et al. 2009; Yaseen et al. 2018), and entropy 

(Fagbote et al. 2014; Gorgij et al. 2017a). Out of these, multivariate statistics and entropy 

weights have gained significant importance over the years, owing to their growing popularity. 

The multivariate statistical techniques (MSTs), through factor analysis/principal component 

analysis (FA/PCA), offer considerable ease of understanding of the various pollution sources 

affecting the water quality. Furthermore, the cluster analysis (CA) technique provides the hid-

den correlations existing within and between various parameters and sites (Ali et al. 2016; 

Banerjee et al. 2016; Khound & Bhattacharyya 2017; Wang et al. 2017). This makes MSTs 

highly influential in the development of WQI. Additionally, researchers worldwide have in-

troduced the concept of information entropy in water quality monitoring studies. The pri-

mary use of entropy is aimed at taking into consideration the uncertainty factor in the water 

quality dataset that remains even after the entire dataset has been subjected to close obser-

vations. This introduced the context of probability into the problem (Beamonte et al. 2005). 

The water of any body is primarily utilized for various purposes, the essential use being 

drinking. Besides this, use in agriculture and industries remains paramount. Different indus-

tries extract water from a source and subject them to treatment based upon their require-

ments. Hence, the examination of water quality fit for industrial use is usually restricted to 

the individual industries. The primary need for assessing water quality is thus limited to 

drinking and irrigation for most researchers worldwide. 

With an increase in the global population, global food demand has risen manifold times 

in the past decades (Mateo-Sagasta et al. 2017). The land cover for human settlements has 

also enhanced, thereby declining forests and agricultural cover. Cumulative implications of 

these events have significantly impacted food security in many parts of the globe, resulting in 

the adaptation of newer technologies for improving productivity in limited land available 

(Janssen et al. 2017; Selemani et al. 2018). This includes the induction of chemical fertilizers 

and pesticides. The excessive utilization of these fertilizers, pesticides, herbicides, etc. has 

marked a substantial threat to the water quality (both surface and sub-surface) (Shah et 

al. 2019). The use of polluted water then causes major crop damage alongside having adverse 
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health effects on living beings. The water is not only applied to irrigating fields but also con-

sumed for drinking as well. Thus, hydro-geochemical analyses of natural waters for both irri-

gation and drinking purposes is paramount. This makes monitoring of water quality for a sus-

tainable end use inevitable. Additionally, the heavy metals present in an aquatic body's water 

column are also rendered harmful due to the heavy metals' capability to bioaccumulate in the 

natural aquatic food chain, including flora and fauna. The present research thus focuses on 

employing multivariate statistics and entropy theory for assessing the water quality of 

Deepor Beel. Water in the wetland is checked for suitability for three purposes; drinking, ir-

rigation and heavy metal contamination to avoid bioaccumulation. Novel indexing methodol-

ogies developed and proposed are discussed. Detailed methodologies adopted for examina-

tion of the water quality follow in the subsequent sub-sections. 

4.5.1. Entropy as a tool for water quality assessment 

The use of entropy for water quality assessment is not new. A comprehensive review of the 

existing literature based on the bibliographic search (published in Scopus) in the domain of 

entropy-based water quality indexing was carried out through a scientometric analysis. The 

first step of the literature search comprised of inserting the relevant keywords in Scopus; TI-

TLE-ABS-KEY ("water quality index" OR “wqi” AND “entropy”). This resulted in a cumulative 

total of 60 documents. The search was then filtered. As per the scope of the present study, 

three specific filters were applied; firstly, the search was limited to research articles only, 

while the conference papers were excluded as they do not provide the same quantum of in-

formation as the research articles. Secondly, the documents about studies on Environmental 

Science, Earth and Planetary Sciences, Agricultural and Biological Sciences, Engineering, and 

Social Sciences were considered as our scope is limited to these areas only. Finally, English as 

a medium of publication was chosen. Eventually, a total of 47 listed articles, after the three-

step filter process, were retrieved (Table 4. 3). 

Table 4. 3. Quantitative measurements of published articles on entropy weighted WQI research. 

Source Citations 

Li et al. (2016) 134 

Li et al. (2014a) 132 

Amiri et al. (2014) 70 

Li et al. (2019) 64 

Wu et al. (2017) 43 

Wang et al. (2009) 42 

Islam et al. (2017) 41 

Fagbote et al. (2014) 31 
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He and Wu (2019) 29 

Gorgij et al. (2017b) 27 

Wang et al. (2020) 26 

Sahoo et al. (2017) 25 

Amiri et al. (2015) 22 

Su et al. (2017a) 20 

Wu et al. (2018a) 17 

Chen et al. (2019) 16 

Chung et al. (2017) 14 

He et al. (2019) 13 

Su et al. (2017b) 13 

Kamrani et al. (2016) 13 

Subba Rao et al. (2020) 11 

Pourshahabi et al. (2018b) 10 

Ji et al. (2020) 7 

Islam et al. (2020a) 7 

Zhou et al. (2020) 5 

Adimalla et al. (2019) 5 

Gao et al. (2020) 4 

Rezaei et al. (2020) 4 

Pourshahabi et al. (2018a) 4 

Islam et al. (2020b) 3 

Singh et al. (2019) 3 

Egbueri et al. (2020) 2 

Maskooni et al. (2020) 2 

Xiao et al. (2020) 1 

Yi et al. (2019) 1 

Lyu et al. (2019) 1 

Wu et al. (2018b) 1 

Singaraju et al. (2018) 1 

Cui et al. (2020) 1 

Subba Rao (2020) 1 

Hasan and Rai (2020) 0 

Singh et al. (2020) 0 

Mirauda and Ostoich (2020) 0 

Bao et al. (2020) 0 

Marghade et al. (2020) 0 

Kim et al. (2015) 0 

Ghorbani Mooselu et al. (2020) 0 

TH-2896_176104004



Chapter | 4 Materials and methods 

 

114 | Page Indian Institute of Technology Guwahati 

For science-based mapping, VOSViewer was utilized. Fig. 4. 10 provides detailed infor-

mation regarding the published literature and the relevant keywords used in the previous 

studies. It was observed that the use of information entropy as a tool for indexing water qual-

ity is a more recent development, the first use being coined by Wang et al. (2009). However, 

since 2017, more researchers have been interested and involved in this field, and the number 

of literatures being published has increased significantly. Also, the major keywords identified 

that have been of primary focus show that most researchers have attempted to implement 

the concept of entropy in the water quality indexing of groundwater, thereby determining its 

hydrochemistry (Fig. 4. 10b). 

Based on the available literature, it was found that all authors have used the entropy con-

cept as an indexing parameter in a particular manner, which, however, has certain limitations 

and issues in usage. Thus, the present study primarily focuses on addressing these issues, 

thereby proposing a novel methodology of employing information entropy as a tool for index-

ing water quality. 

 
 

 

(a) 
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(b) 

Fig. 4. 10. A schematic of (a) the published works on entropy weighted WQI, and (b) the network of 
keywords used. 

 

4.5.1.1. Existing methodology of assigning entropy weights and their ambiguities 

Assigning entropy weights to each parameter is based on the water quality dataset's random-

ness and is thus established on the probabilistic approach (Shannon & Weaver 1949). The 

current use of Shannon entropy as an indexing technique by different researchers around the 

world is carried out employing the following steps: 

Step 1: Formulation of dataset matrix 

The initial step of the analysis includes formulating the dataset matrix (X), given by Eq. 4. 20. 

𝑋 =

[
 
 
 
 
 
𝑋11 𝑋12 𝑋13 … 𝑋1𝑞
𝑋21 𝑋22 𝑋23 … 𝑋2𝑞
𝑋31 𝑋32 𝑋33 … 𝑋3𝑞
⋮ ⋮ ⋮ ⋱ ⋮
𝑋𝑝1 𝑋𝑝2 𝑋𝑝3 … 𝑋𝑝𝑞]

 
 
 
 
 

 4. 20 

  
where 𝑝{𝑎 ∈ (1, 𝑝)} and 𝑞{𝑏 ∈ (1, 𝑞)} denote the number of sampling locations and the 

physico-chemical parameters involved, respectively, thereby making a 𝑝 × 𝑞 matrix. 

Step 2: Normalization of the dataset matrix 

The next step involves the normalization of the raw water quality dataset matrix. The nor-

malization of the attributes can be divided into two types; Benefit type and Cost type, based 

on the attribution and contribution of each parameter, as given in Eq. 4. 21. 
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𝑦𝑎𝑏 =

{
 
 

 
 𝑥𝑎𝑏 − (𝑥𝑎𝑏)𝑚𝑖𝑛
(𝑥𝑎𝑏)𝑚𝑎𝑥 − (𝑥𝑎𝑏)𝑚𝑖𝑛

, 𝐵𝑒𝑛𝑒𝑓𝑖𝑡 𝑡𝑦𝑝𝑒

(𝑥𝑎𝑏)𝑚𝑎𝑥 − 𝑥𝑎𝑏
(𝑥𝑎𝑏)𝑚𝑎𝑥 − (𝑥𝑎𝑏)𝑚𝑖𝑛

,                𝐶𝑜𝑠𝑡 𝑡𝑦𝑝𝑒

 4. 21 

  
This results in the normalized decision matrix Y, as represented through Eq. 4. 22. 

𝑌 =

[
 
 
 
 
 
𝑌11 𝑌12 𝑌13 … 𝑌1𝑞
𝑌21 𝑌22 𝑌23 … 𝑌2𝑞
𝑌31 𝑌32 𝑌33 … 𝑌3𝑞
⋮ ⋮ ⋮ ⋱ ⋮
𝑌𝑝1 𝑌𝑝2 𝑌𝑝3 … 𝑌𝑝𝑞]

 
 
 
 
 

 4. 22 

  
Step 3: Computation of information entropy and entropy weights 

The third step comprises the estimation of information entropy 𝑒
𝑏

, and subsequently, the en-

tropy weights for each parameter 𝑤
𝑏

, as given in Eq. 4. 23 - 4. 25. 

𝑃𝑎𝑏 =
𝑦𝑎𝑏

∑ 𝑦𝑎𝑏
𝑝
𝑎=1

 4. 23 

  

𝑒𝑏 = −
1

ln 𝑝
∑𝑃𝑎𝑏 ln 𝑃𝑎𝑏

𝑝

𝑎=1

 4. 24 

  

𝑤𝑏 =
1 − 𝑒𝑏

∑ (1 − 𝑒𝑏)
𝑞
𝑏=1

 4. 25 

  
Step 4: Estimation of WQI 

The final step involves estimating the MEWQI values through a quantitative scale, as de-

scribed through Eq. 4. 26. 

𝑊𝑄𝐼 = ∑𝑤𝑏 × {
𝐶𝑏
𝑆𝑏
× 100} = ∑ [{

1 − 𝑒𝑏

∑ (1 − 𝑒𝑏)
𝑞
𝑏=1

} × {
𝐶𝑏
𝑆𝑏
× 100}]

𝑞

𝑏=1

𝑞

𝑏=1

 4. 26 

  

where the expression {
𝐶𝑏

𝑆𝑏
× 100} indicates the quantitative scale of the parameters con-

cerned, C
b
 and S

b
 being the measured and prescribed standard concentrations of a given pa-

rameter, respectively. 

Based on the above formulations of estimating WQI values, the water quality of a source 

is classified into five categories, as given in Table 4. 4. 
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Table 4. 4. Category criteria for both existing and proposed novel methodology of entropy-weighted wa-
ter quality index values. 

Existing methodology Proposed methodology 

EWQI Value Category MEWQI Value Category 

< 50 Excellent < 50 Excellent 

50 – 100 Good 50 – 100 Very Good 

100 – 150 Moderate 100 – 150 Good 

150 – 200 Poor 150 – 200 Fair 

> 200 Extremely Poor 200 – 250 Poor 

  > 250 Extremely Poor 

 

4.5.1.2. Details of the conflicting factors to the existing assignment of entropy weight-

ages for determining WQI 

The current methodology suffers from certain limitations in usage, the details of which are 

explained through the following paradigm. 

Let us consider a small water quality dataset matrix X, given by Eq. 4. 27. 

𝑋 =

[
 
 
 
 
1 𝐵𝐷𝐿 8 5 0.5
1.2 0.005 12 7 12
0.8 10 0.01 4 0.7
15 𝐵𝐷𝐿 14 85 0.6
3 0.001 28 3 0.7]

 
 
 
 

 4. 27 

  
where the rows and columns indicate the sampling locations and different water quality 

parameters, respectively. 

As per the protocol of the existing method, Eq. 4. 28 represents the normalized dataset 

matrix, based on Eq. 4. 21. 

𝑦 =

[
 
 
 
 
0.0141 0.0000 0.2855 0.0244 0.0000
0.0282 0.0005 0.4284 0.0488 1.0000
0.0000 1.0000 0.0000 0.0122 0.0174
1.0000 0.0000 0.4998 1.0000 0.0087
0.1549 0.0001 1.0000 0.0000 0.0174]

 
 
 
 

  4. 28 

  
This normalized matrix then leads to the probability matrix P (Eq. 4. 29), as per Eq. 4. 23. 

𝑃 =

[
 
 
 
 
0.0118 0.0000 0.1290 0.0225 0.0000
0.0235 0.0005 0.1935 0.0449 0.9583
0.0000 0.9994 0.0000 0.0112 0.0167
0.8353 0.0000 0.2258 0.9213 0.0083
0.1294 0.0001 0.4517 0.0000 0.0167]

 
 
 
 

 4. 29 
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From this probability matrix, the entropy weights are estimated. The following important 

observations are made from Eq. 4. 27 - 4. 29 (BDL is considered as 0). 

a. Firstly, it is observed that the value of 𝑃𝑎𝑏 is directly dependent on the observed value of 

the water quality parameters rather than considering the frequency factor. For example, 

for the first parameter, the highest probability is obtained for the fourth location, which 

is the same point where the particular parameter is observed to be the highest. Similar 

observations can be seen for the second parameter (third location), fourth parameter 

(fourth location), and fifth parameter (second location). Hence, the probability function, 

in this case, is a function of the value instead of the frequency. 

b. Secondly, it is seen that the probability values for each sampling location (for a particular 

parameter) are estimated as the ratio of the observed value in a particular location to the 

sum of all values at all locations, which is questionable. This is because the probability 

values do not consider any frequency factor (of parameters adhering to exceeding a stand-

ard limit). 

c. Thirdly, the probability values obtained are debatable, considering that they carry huge 

degrees of certainty with them. Consider, for example, the probability value of parameter 

2 at the third location (P = 0.9994); it suggests that the observed values of the specific 

parameter at that location will have a value close to 5 for 99.94% (almost 100%) of the 

times. Also, some values tend to 0, for example, the first parameter at the third location. 

This suggests that the values of the first parameter at the third location will have values 

other than 0.8 for 100% of the times, which is absurd. It is a well-known fact that natural 

systems are highly dynamic with respect to time and space, thus carrying a huge quantum 

of uncertainty. 

4.5.1.3. Proposed novel methodology of assigning entropy weights 

Considering the several limitations, as described above, a detailed methodology of a novel 

technique addressing all the current issues is proposed. This technique considers a three-di-

mensional water quality dataset, combining both spatial and temporal water quality varia-

tions. They are the sampling locations, water quality parameters, and the number of sam-

plings carried out (or the sampling frequency). 

Let α = Total number of sampling locations 

β = Total number of water quality parameters, and 
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δ = Frequency of sampling carried out measured in a time period (it can be daily, weekly, 

monthly, yearly, etc. as per the monitoring programA) 

Step 1: Preparing a preliminary water quality dataset matrix 

The first step is to prepare a dataset matrix (ℜ𝑚∈(1,𝛽)) for each independent water quality 

parameter, 𝑚 ∈ (1, 𝛽), as given in Eq. 4. 30. 

ℜ𝑚∈(1,𝛽) =

[
 
 
 
 
𝜙11 𝜙12 𝜙13 … 𝜙1𝛿
𝜙21 𝜙22 𝜙23 … 𝜙2𝛿
𝜙31 𝜙32 𝜙33 … 𝜙3𝛿
⋮ ⋮ ⋮ ⋱ ⋮
𝜙𝛼1 𝜙𝛼2 𝜙𝛼3 … 𝜙𝛼𝛿]

 
 
 
 

 4. 30 

  
wherein ℜ𝑚 denotes the water quality dataset matrix for the mth parameter and 𝜙𝑖𝑗 indi-

cates the observed value at the 𝑖𝑡ℎ{𝑖 ∈ (1, 𝛼)} sampling location of the 𝑗𝑡ℎ{𝑗 ∈ (1, 𝛿)} sampling 

frequency. 

Step 2: Probability Estimation 

 The next step involves estimating the probability, defined by the ratio of the number of oc-

currences (frequency) of the observed water quality values residing within the permissible 

limits set by various standards to the total number sampling frequency (Eq. 4. 31).  

𝑃𝛿

=
1

4
×
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒𝑠 𝑡ℎ𝑒 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑣𝑎𝑙𝑢𝑒𝑠 𝑎𝑑ℎ𝑒𝑟𝑒 𝑡𝑜 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑙𝑖𝑚𝑖𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
 

4. 31 

 
A factor of 0.25 is included in the estimation of probability because the value of −𝑃𝛿 ln 𝑃𝛿  

is a natural logarithmic function, attaining the maximum value at 
1

𝑒
=

1

2.718
≅ 0.368, after 

which the curve again follows a decreasing trend (Fig. 4. 11). 

The probability value (𝑃𝛿) corresponding to the −𝑃𝛿 ln 𝑃𝛿  value of 0.368 is ≅0.37. Hence, 

for the sake of easy computations, we introduce a factor of 0.25 so that the −𝑃𝛿 ln 𝑃𝛿  is always 

an increasing function, as the probability values lie between 0 and 0.25. 

 

 
A It is important to note that since the proposed methodology is based on the probabilistic approach, 
thus, the more the sampling frequency, the better and a more practical picture of the uncertainty, and 
therefore a more reliable WQI, is obtained. 
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Fig. 4. 11. Curve of {−𝑃 𝑙𝑛 𝑃} vs. P. 

 
Step 3: Preparing a final water quality dataset matrix 

The matrix ℜ𝑚∈(1,𝛽) is then reorganized with respect to sampling locations, wherein each 

sampling location, 𝑛 ∈ (1, 𝛼), has its independent dataset matrix, (𝜓𝑛∈(1,𝛼)), given by Eq. 4. 

32. 

𝜓𝑛∈(1,𝛼) =

[
 
 
 
 
 
𝜉11 𝜉12 𝜉13 … 𝜉1𝛽
𝜉21 𝜉22 𝜉23 … 𝜉2𝛽
𝜉31 𝜉32 𝜉33 … 𝜉3𝛽
⋮ ⋮ ⋮ ⋱ ⋮
𝜉𝛿1 𝜉𝛿2 𝜉𝛿3 … 𝜉𝛿𝛽]

 
 
 
 
 

 4. 32 

  
where 𝜓𝑛 denotes the water quality dataset matrix for the nth sampling location and 𝜉𝑢𝑣 

indicates the observed value of the 𝑣𝑡ℎ{𝑣 ∈ (1, 𝛽)} water quality parameter for the 𝑢𝑡ℎ{𝑢 ∈

(1, 𝛿)} sampling period. Thus, a total of α number of matrices are formed. 

Step 4: Estimation of information entropy and entropy sub-indices 

For each 𝜓𝑛∈(1,𝛼) matrix, from the probability function 𝑃𝛿  computed from Eq. 4. 31, corre-

sponding entropy values (𝑒𝑣;{𝑣∈(1,𝛽)}) are estimated for each independent water quality pa-

rameter, given by Eq. 4. 33. 
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𝑒𝑣;{𝑣∈(1,𝛽)} = {−𝑃𝛿 ln 𝑃𝛿} 4. 33 

  
In the case of null or zero probability value for some sampling location or water quality 

parameter, the corresponding −𝑃𝛿 ln 𝑃𝛿  value is taken as 0, which is consistent with the limit, 

described by Eq. 4. 34 (Cover 1999). 

lim
𝑝→0+

𝑝 ln 𝑝 = 0 4. 34 

  
The entropy weights are then computed using Eq. 4. 35. 

𝑤𝑣;{𝑣∈(1,𝛽)} =
1 − 𝑒𝑣

∑ (1 − 𝑒𝑣)
𝛽
𝑣=1

 4. 35 

  
Similar computations are undertaken for all α sampling locations. 

Step 5: Estimation of Modified Entropy-weighted Water Quality Index (MEWQI) 

The final step of the proposed methodology is estimating MEWQI values, which are computed 

by Eq. 4. 36. 

𝑀𝐸𝑊𝑄𝐼𝛿 =∑𝑤𝑣 × {
𝐶𝑣
𝑆𝑣
} × 100

𝛽

𝑣=1

=∑[{
1 − 𝑒𝑣

∑ (1 − 𝑒𝑣)
𝛽
𝑣=1

} × {
𝐶𝑣
𝑆𝑣
× 100}]

𝛽

𝑣=1

 4. 36 

  
where, 𝑀𝐸𝑊𝑄𝐼𝛿  is the modified entropy water quality index value for the 𝛿𝑡ℎ period at 

the 𝛼𝑡ℎ sampling location. 

The final MEWQI values are ranked into six classes, as mentioned in Table 4. 4. 

4.5.2. Computation of WQI values employing multivariate statistics 

One of the primary problems arising from a significantly large and sophisticated dataset is its 

interpretability. This results in adopting various statistical tools for extracting valuable infor-

mation from the dataset. Multivariate statistics, especially cluster and factor analysis, aid in 

acquiring information from massive datasets without any significant loss of information. Hi-

erarchical cluster analysis (HCA) categorizes variables or cases, depending upon their simi-

larities or variance, while principal component analysis (PCA) (a part of factor analysis) re-

duces the dataset dimensionality and assigns weights (called factor loadings/component 

scores). In the present investigation, water quality index (WQI) values are proposed based on 

multivariate statistics. The following stepwise measures were implemented: 

Step 1: HCA on the overall WQ dataset 

HCA was employed on the mean values of all the parameters (variables) for all 23 sampling 

locations (cases). This classified all the sampling locations into different clusters based on 
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high intra-cluster and low inter-cluster similarity. The entire dataset was first normalized 

through z-transformation before initiating Ward’s clustering method through the squared Eu-

clidean measure of interval (Wilks 2011). Each sampling location is initially considered an 

independent cluster; thereafter, the sampling locations with the closest resemblances regard-

ing the water quality parameters are grouped as a single cluster. This process repeats until 

all the sampling locations are grouped under one large cluster. 

Step 2: PCA on independent clusters 

The clustering process was followed by applying PCA to each independent cluster, thus pro-

ducing factor loadings/principal component scores (PCs). Keiser-Meyer-Olkin (KMO) crite-

rion (Kaiser 1960) verified the sampling adequacy, whereas the PCA applicability was vali-

dated through Bartlett’s sphericity test (Dalal et al. 2010). The PCs were subsequently rotated 

through Varimax rotation (Tabachnick et al. 2007), such that the varifactors (VFs) are orthog-

onal and do not correlate with each other. Only factors with eigenvalues greater than one 

were accounted for determining the factor loadings. 

Step 3: Determination of weights/sub-indices for each water quality parameter 

The weights or sub-indices for each water quality parameter were then calculated by compu-

ting the product of the relative eigenvalues and relative loading values. The relative eigenval-

ues and loading values were computed by dividing the corresponding eigenvalue or loading 

value, obtained through PCA, with the summation of all eigenvalues and loading values, mak-

ing the overall sum one. This was applied to all parameters for all the clusters. If the PCA 

resulted in one factor, the relative eigenvalue for the single factor is taken as one, and the 

relative loading values are computed likewise. 

Step 4: Estimation of PCA-WQI 

After estimating the weights of each parameter for all sampling locations, the WQI values 

were determined using the formula given by Eq. 4. 37. 

𝑃𝐶𝐴 −𝑊𝑄𝐼 =∑{𝑤𝑗 × (
𝑂𝑗

𝑆𝑗
)} × 100

𝑛

𝑗=1

 4. 37 

  
where 𝑤𝑗, 𝑂𝑗 and 𝑆𝑗 indicate the weight assigned, observed and the standard reference 

value of the jth parameter, respectively. 

Standard reference values were considered taking into account the suitability of water for 

respective end-use. For estimating WQI values for domestic use and heavy metal contamina-

tion, Indian Standard IS:10500 (2012) was utilized. On the other hand, for assessing the irri-

gation suitability, FAO (Ayers & Westcot 1985) and WHO (WHO 2011) guidelines were 
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adopted. Water quality classification for irrigation suitability is shown in Table 4. 5, while 

water quality classification for heavy metal contamination assessment and domestic use is 

shown in Table 4. 6. 

Table 4. 5. Classification of water quality for irrigation suitability. 

IWQI Range Classification 

0-25 Excellent 

> 25-50 Very Good 

> 50-75 Average 

> 75 Poor 

 
Table 4. 6. Water quality classification for domestic use and assessing heavy metal contamination. 

Range of WQI values Category 

WQI < 50 Excellent 

50 ≤ WQI < 100 Good 

100 ≤ WQI < 200 Poor 

200 ≤ WQI < 300 Very Poor 

WQI ≥ 300 Unsuitable for usage 

 

4.5.3. Sensitivity Assay 

Sensitivity analysis is usually conducted to test a model's reliability and the impact of a par-

ticular input parameter on the assessed results. The larger the sensitivity, the more unstable 

are the assessed outputs (Lodwick et al. 1990; Gao et al. 2020). In the present study, sensitiv-

ity analyses were carried out for each water quality parameter to check their influence on the 

respective WQI values and thus, determine its reasonability. The sensitivity values were de-

termined by employing the expression given by Eq. 4. 38. 

𝑆𝑖(%) =
|
𝑈𝑖
𝑁 −

𝑢𝑖
𝑛 |

𝑈𝑖
× 100% 

4. 38 

  
where Ui and ui denote the MEWQI values in the presence of the ith parameter (physico-

chemical component) and after removing it, respectively. N and n are the number of water 

quality components while estimating Ui and ui, respectively. 

4.5.4. Correctness of proposed WQIs 

Developing and proposing an index is incomplete without checking for its correctness. Hence, 

each novel WQI developed in the present study has been subjected to correctness checking. 

The detailed methodologies adopted for checking the correctness are as follows. 
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4.5.4.1. Drinking suitability 

For assessing the health of the water column of Deepor Beel with regard to drinking suitabil-

ity, 24 parameters were considered. To understand the proposed methods’ (entropy-

weighted and PCA induced) efficacy, a significantly reliable tool known as the cluster analysis 

was employed on the water quality dataset, averaged over the entire sampling period. IBM 

SPSS Statistics (v.25) was used for the computation process. Ward’s method employing the 

Squared Euclidean distance method was employed after the entire dataset was normalized 

using the Z-scale transformation (Wilks 2011). The clustering process resulted in a graphical 

interpretation through a dendrogram, which provided information regarding the high intra-

cluster and low inter-cluster similarities. 

4.5.4.2. Irrigation suitability 

The water quality for irrigation suitability is an indicator of crop quality and its effects on the 

soil characteristics. Superior quality of crop production necessitates the use of water pos-

sessing all essential nutrients and devoid of any pathogenic contamination. This is attributed 

to the adverse effects of water quality on crop yield due to its toxicity and nutrient inade-

quacy. Hence, several factors have been accounted for determining the suitability of Deepor 

Beel water for irrigation, as described below (measurements inside the square brackets indi-

cate the respective ionic concentration levels in meq/L of the corresponding elements). 

a. Sodium Adsorption Ratio (SAR) 

SAR (Eq. 4. 39) is measured as sodium concentration with respect to calcium and magnesium, 

essentially determining the measure of sodium hazard (Todd 1980). 

𝑆𝐴𝑅 =
[𝑁𝑎+]

√[𝐶𝑎
2+] + [𝑀𝑔2+]

2

 
4. 39 

b. Kelly’s Ratio (KR) 

KR (Eq. 4. 40) is another tool for measuring sodium hazard, expressed as a fraction of sodium 

to calcium and magnesium concentrations (Kelley 1963). 

𝐾𝑅 =
[𝑁𝑎+]

[𝐶𝑎2+] + [𝑀𝑔2+]
 4. 40 

  
c. Soluble sodium Percentage (SSP) 

When present in excess amount, sodium contributes to the retardation of plant growth by 

aiding in a decline in the soil’s permeability. Thus, assessment of SSP (Eq. 4. 41) is critical 

(Ghalib 2017). 
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𝑆𝑆𝑃 =
[𝑁𝑎+] + [𝐾+]

[𝑁𝑎+] + [𝐾+] + [𝐶𝑎2+] + [𝑀𝑔2+]
× 100 4. 41 

  
d. Residual Sodium Carbonate (RSC) 

RSC is another tool for evaluating the irrigation suitability of water, expressed as Eq. 4. 42 

(Gupta & Gupta 1997). 

𝑅𝑆𝐶 = {([𝐻𝐶𝑂3
−] + [𝐶𝑂3

2−]) − ([𝐶𝑎2+] + [𝑀𝑔2+])} 4. 42 

  
e. Permeability Index (PI) 

Soil permeability is an essential factor in considering crop productivity. It is, however, signif-

icantly affected by the long-term usage of water rich in nutrients. PI (Eq. 4. 43) is thus esti-

mated to evaluate soil suitability for crop growth (Doneen 1964). 

𝑃𝐼 = {
[𝑁𝑎+] + √[𝐻𝐶𝑂3

−]

[𝑁𝑎+] + [𝐶𝑎2+] + [𝑀𝑔2+]
} × 100 4. 43 

  
f. Magnesium Adsorption Ratio (MAR) 

Magnesium, in excess quantities, renders the water more alkaline, thus disrupting the crop 

growth considerably. MAR (Eq. 4. 44) helps determine the extent of magnesium hazard to the 

crop yield (Raghunath 1987). 

𝑀𝐴𝑅 = {
[𝑀𝑔2+]

[𝐶𝑎2+] + [𝑀𝑔2+]
} × 100 4. 44 

  
Additionally, the hydro geochemistry of the water samples was tested through the use of 

Piper Trilinear Diagram, Durov plots, Wilcox and USSL plots, the details of which are pre-

sented in the later chapters. 

4.5.4.3. Heavy metal contamination 

The efficacy of HMI was verified by comparing it with the existing heavy metal pollution index 

(HPI), contamination index (CI) and heavy metal evaluation index (HEI). The details of these 

indices are provided herewith.  

a. Heavy metal Pollution Index (HPI) 

The globally accepted HPI assigns weights based on the inverse proportionality of the recom-

mended standard values for each component proposed by Mohan et al. (1996), given by Eq. 

4. 45 

𝐻𝑃𝐼 =
∑ 𝑊𝑖𝑄𝑖
𝑛
𝑖=1

∑ 𝑊𝑖
𝑛
𝑖=1

 4. 45 
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 where 𝑄𝑖  and 𝑊𝑖 indicate the sub-index and unit weight assigned to the ith parameter and 

n denotes the number of parameters considered. 

The sub-index for the ith parameter is estimated through Eq. 4. 46 

𝑄𝑖 =
|𝑀𝑖 − 𝐼𝑖|

𝑆𝑖 − 𝐼𝑖
 4. 46 

  
where Mi, Ii and Si represent the observed, acceptable and permissible values, respec-

tively. The critical value for drinking water is proposed to be 100. 

b. Contamination Index (CI) 

CI evaluates the overall extent of contamination of water quality. It sums up the collective 

effects of a number of water quality parameters considered unsafe for domestic water 

(Prasanna et al. 2012) and was calculated using the following formula (Eq. 4. 47). 

𝐶𝐼 =∑{
𝐶𝑎𝑖
𝐶𝑠𝑖

− 1}

𝑛

𝑖=1

 4. 47 

  
where 𝐶𝑎𝑖 and 𝐶𝑠𝑖 represent the analytical value and the permissible value of the ith com-

ponent. 

The concentrations of heavy metals exceeding the permissible limits were not considered 

for the estimation of CI values. The degree of contamination is usually made use of as an indi-

cation for estimating the degree of metal pollution in water. The monitoring sites were clas-

sified under three categories based on the CI values indicated in Table 4. 7. 

Table 4. 7. Degree of contamination based on CI values. 

CI values Category 

CI < 1 Low 

1 ≤ CI < 3 Medium 

CI > 3 High 

 
c. Heavy metal Evaluation Index (HEI) 

HEI provides a general quality of water with regard to heavy metals and is computed using 

Eq. 4. 48. 

𝐻𝐸𝐼 =∑
𝐻𝑖
𝐻𝑖𝑚𝑎𝑥

𝑛

𝑖=1

 4. 48 
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where 𝐻𝑖 and 𝐻𝑖𝑚𝑎𝑥  represent the monitored and permissible values of the ith parameter, 

respectively. Classification of the water samples for HEI is based on the multiples of the mean 

value obtained. 

4.6. Phase II; IIIrd Objective: Assessment of sediment column quality 

with respect to heavy metals 

The present study is a first of its kind on the sediment contamination in Deepor Beel, carried 

out in four distinct goals. The first and foremost goal was to identify the latent pollution 

sources contributing to the wetland's sediment contamination. For this purpose, the hierar-

chical clustering of the raw sediment dataset was carried out, which categorized the sampling 

locations into statistically significant clusters, depending on their similarities in behaviours. 

The principal component analysis was then carried out on the dataset for three seasons; pre-

monsoon, monsoon and post-monsoon, respectively, which showed significant temporal 

changes in the pollution sources. This was followed by determining and quantifying the 

sources' contribution to the pollution. This necessitated polling the entire sediment dataset 

to a single matrix and carrying out multiple iterations for the simulation of the model. 

After identifying and quantifying the contribution of different pollution sources, the sec-

ond goal was to assess the contamination levels. Various indices such as contamination factor, 

pollution load index, enrichment factor, and the geo-accumulation index were employed. Ad-

ditionally, the potential ecological risks associated with the sediment column was esti-

mated—this provided information regarding the individual and cumulative effects of each 

heavy metal on the aquatic ecology. 

Thirdly, chemical speciation analyses of all the heavy metals were conducted to determine 

their available forms in the sediment column. This provided information related to the leach-

ability and bio-fractionation of the heavy metals present in the sediment column. 

Finally, the studies were validated through elemental analyses; X-ray powder diffraction 

(XRD) followed by Scanning electron microscope - Energy Dispersive X-Ray Spectroscopy 

(SEM-EDS), determining the elemental composition and forms of heavy metals present in the 

sediment columns from various parts of the wetland. 

Seven heavy metals (Cr, Cd, Fe, Mn, Cu, Pb, and Mg) were chosen for analysis based on the 

available literature on the probable pollution sources available near the wetland, i.e., the land-

fill and discharges from various small and large-scale manufacturing units (Sun et al. 2001; 

Mohan & Gandhimathi 2009; Nibedita & Bhattacharyya 2013; El-Salam & Abu-Zuid 2015; 
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Vaverková et al. 2018). All the analyses were carried out using Atomic Absorption Spectro-

photometer (AAS) (Varian-Spectra 55B), and all the measurements were taken in triplicates. 

All the standards were prepared under controlled conditions. The absorbance values of the 

standards were well within the acceptable limits, and the values obtained for the blanks were 

always less than the minimum detection limits (MDLs). The standard deviation of all the trip-

licates was observed to be less than 5%. 

The details of the clustering process, principal component analysis, and positive matrix 

factorization model have already been explained in section 4.4. Details of other methodolo-

gies adopted are presented in the following sub-sections.  

4.6.1. Metal contamination and risk assessment 

Various tools were employed to determine the heavy metal contamination of the sediment 

samples of Deepor Beel, as well as its potential ecological risk corresponding to each heavy 

metal. A detailed description of the indices is as follows: 

a. Contamination Factor (CF) 

The contamination factor (CF) proves to be the first step towards the risk assessment, which 

is estimated as the ratio of the observed metal concentration to its corresponding reference 

value (Eq. 4. 49) (Islam et al. 2015a). In the present study, the background concentrations of 

the metals are considered to be the reference values (Fukue et al. 2006). It is usually esti-

mated to determine a metal’s contamination level. 

𝐶𝐹 =
𝐶𝑚
𝐶𝑏

 4. 49 

  
where 𝐶𝑚 and 𝐶𝑏 indicate the observed metal concentration and its corresponding back-

ground value. The CF is categorized as: 

𝐶𝐹 = {

< 1 𝑙𝑜𝑤 𝑐𝑜𝑛𝑡𝑎𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛
1 − 3 𝑚𝑜𝑑𝑒𝑟𝑎𝑡𝑒 𝑐𝑜𝑛𝑡𝑎𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛
3 − 6 𝑐𝑜𝑛𝑠𝑖𝑑𝑒𝑟𝑎𝑏𝑙𝑒 𝑐𝑜𝑛𝑡𝑎𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛
≥ 6 𝑣𝑒𝑟𝑦 ℎ𝑖𝑔ℎ 𝑐𝑜𝑛𝑡𝑎𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛

 4. 50 

  
b. Pollution Load Index (PLI) 

The pollution load index is determined based on Eq. 4. 51. It provides a picture of the overall 

pollution of a particular site or locality by providing its toxicity state (Angulo 1996; 

Dhamodharan et al. 2019). It is categorized as sites having no pollution (PLI ≤ 1), slight pol-

lution (1 ≤ PLI ≤ 2), moderate pollution (2 ≤ PLI ≤ 3), or highly polluted (PLI > 3) (Liu et al. 

2016a; Liu et al. 2016b). 
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𝑃𝐿𝐼 = √𝐶𝐹1 × 𝐶𝐹2 × 𝐶𝐹3 ×…× 𝐶𝐹𝑝
𝑝

 4. 51 

  
where CF indicates the contamination factor for each p (7 in this case) heavy metals. 

c. Enrichment Factor (EF) and Geo-accumulation index (Igeo) 

The enrichment factor (EF) is a well-established technique for estimating the degree of con-

taminants in the environment (Liaghati et al. 2004; Franco-Uría et al. 2009), given by Eq. (4. 

52). Here, iron (Fe) is used as a tracer distinguishing natural and anthropogenic contamina-

tion. 

𝐸𝐹 =

{
𝐶𝑚
𝐶𝐹𝑒

}
𝑠𝑎𝑚𝑝𝑙𝑒

{
𝐶𝑚
𝐶𝐹𝑒

}
𝐵𝐺

 4. 52 

  
where BG corresponds to the background concentration of the heavy metal; 𝐶𝑚 and 𝐶𝐹𝑒 

correspond to the concentrations of the metal and iron, respectively. EF is responsible for 

determining whether a particular site is affected by anthropogenic contamination. Thus, EF 

is categorized as: 

𝐸𝐹 =

{
 
 

 
 

≤ 1 𝐵𝐺 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛
1 − 2 𝑀𝑖𝑛𝑖𝑚𝑢𝑚 𝑒𝑛𝑟𝑖𝑐ℎ𝑚𝑒𝑛𝑡
2 − 5 𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒 𝑒𝑛𝑟𝑖𝑐ℎ𝑚𝑒𝑛𝑡
5 − 20 𝑆𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡 𝑒𝑛𝑟𝑖𝑐ℎ𝑚𝑒𝑛𝑡
20 − 40 𝑉𝑒𝑟𝑦 ℎ𝑖𝑔ℎ 𝑒𝑛𝑟𝑖𝑐ℎ𝑚𝑒𝑛𝑡
> 40 𝐸𝑥𝑡𝑟𝑒𝑚𝑒𝑙𝑦 ℎ𝑖𝑔ℎ 𝑒𝑛𝑟𝑖𝑐ℎ𝑚𝑒𝑛𝑡

 4. 53 

  
The geo-accumulation index (Igeo) (Eq. 4. 54) is a widely accepted tool for determining the 

heavy metal contamination of the sediment samples and comparing the current contamina-

tion levels to that of the pre-industrial levels (Muller 1969; Chakravarty & Patgiri 2009; El-

Amier et al. 2017). The categorization adopted for Igeo is shown through Eq. 4. 55 

𝐼𝑔𝑒𝑜 = log2 {
𝐶𝑝

1.5𝐵𝑝
} 4. 54 

  

𝐼𝑔𝑒𝑜 =

{
 
 
 

 
 
 
≤ 0 𝑁𝑜𝑡 𝑝𝑜𝑙𝑙𝑢𝑡𝑒𝑑
0 − 1 𝑁𝑜 𝑡𝑜 𝑚𝑜𝑑𝑒𝑟𝑎𝑡𝑒 𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛
1 − 2 𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒 𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛
2 − 3 𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒 𝑡𝑜 𝑠𝑡𝑟𝑜𝑛𝑔 𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛
3 − 4 𝑆𝑡𝑟𝑜𝑛𝑔 𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛
4 − 5 𝑆𝑡𝑟𝑜𝑛𝑔 𝑡𝑜 𝑒𝑥𝑡𝑟𝑒𝑚𝑒 𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛
> 5 𝐸𝑥𝑡𝑟𝑒𝑚𝑒 𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛

 4. 55 
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where Cp and Bp indicate the observed and background concentration of the pth heavy 

metal. The number 1.5 is used as a background correction of the matrix. 

d. Potential ecological risk (PER) 

The potential ecological risk (PER) is introduced for assessing the impact of one or more ele-

ments on the ecology of a particular study area. The method considers the risk index (RI), 

which reflects the sensitivity of the biological community and their toxicity response (Islam 

et al. 2015b). The primary governing equations involved are represented by Eq. (4. 56 - 4. 58). 

𝑅𝐼 = ∑𝐸𝑟
𝑝

𝑛

𝑝=1

 4. 56 

  
where, 

𝐸𝑟
𝑝
= 𝐶𝐹𝑝 × 𝑇𝑟

𝑝
 4. 57 

  

𝑇𝑟
𝑝
=

{
 
 

 
 
10 𝐴𝑠
30 𝐶𝑑
2 𝐶𝑟
5 𝐶𝑢, 𝑃𝑏 𝑎𝑛𝑑 𝑁𝑖
1 𝑍𝑛
40 𝐻𝑔

 4. 58 

  
The basic nomenclatures involved in estimating the PER are as follows: 

𝐸𝑟
𝑝

 indicates the potential ecological risk index for each heavy metal (Yi et al. 2011); CF is 

the contamination factor; 𝑇𝑟
𝑝

 is the toxicity response coefficient for each element given in Eq. 

4. 58 (Islam et al. 2015a; Lu et al. 2015). 4 metals (Cr, Cd, Cu, and Pb) were investigated for 

assessing the potential ecological risk of the wetland through the sediment contamination as 

the values of 𝑇𝑟
𝑝

 for other metals were unavailable. Therefore, another term called the inte-

grated pollution degree (𝐶𝑑) has been coined as follows: 

𝐶𝑑 = ∑𝐶𝐹𝑝
𝑛

𝑝=1

 4. 59 

  
𝐶𝑑 is categorized as given in Eq. 4. 60 (Fu et al. 2009). 

𝐶𝑑 = {

< 5 𝐿𝑜𝑤 𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛
5 − 10 𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒 𝑃𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛
10 − 20 𝐻𝑖𝑔ℎ 𝑃𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛
≥ 20 𝑉𝑒𝑟𝑦 ℎ𝑖𝑔ℎ 𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛

 4. 60 

  
RI and 𝐸𝑟

𝑝
 can be categorized as given in Eq. 4. 61 (Guo et al. 2010). 
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𝑅𝐼 = {

< 150 𝐿𝑜𝑤 𝑟𝑖𝑠𝑘
150 − 300 𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒 𝑟𝑖𝑠𝑘
300 − 600 𝐶𝑜𝑛𝑠𝑖𝑑𝑒𝑟𝑎𝑏𝑙𝑒 𝑟𝑖𝑠𝑘
≥ 600 𝑆𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡 𝑟𝑖𝑠𝑘

 

 

 4. 61 

𝐸𝑟
𝑝
=

{
 
 

 
 

< 40 𝐿𝑜𝑤 𝑟𝑖𝑠𝑘
40 − 80 𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒 𝑟𝑖𝑠𝑘
80 − 160 𝐶𝑜𝑛𝑠𝑖𝑑𝑒𝑟𝑎𝑏𝑙𝑒 𝑟𝑖𝑠𝑘
160 − 320 𝐻𝑖𝑔ℎ 𝑟𝑖𝑠𝑘
≥ 320 𝑉𝑒𝑟𝑦 ℎ𝑖𝑔ℎ 𝑟𝑖𝑠𝑘

 

 

  

4.6.2. Heavy metal fractionation of sediment column 

Chemical proportioning of heavy metals for the sediment samples was carried out using the 

procedure laid down by Tessier et al. (1979). Five different fractional speciations were ob-

tained, the details of which are given in Table 4. 8 (Gibbs 1973; Salomons & Förstner 1980). 

Table 4. 8. Speciation of heavy metals in sediments and their extraction procedures. 

Frac-

tion 
Form Extraction protocol 

F1 Exchangeable *Sample is first extracted with 7.5mL of 0.05M ammonium acetate 

(Duration of 1 h). 

F2 Bound to Carbonates *Residue obtained from F1 is extracted with 10mL of 0.17M acetic 

acid at pH 7.0 (Duration of 5 h). 

F3 Reducible (iron and 

manganese oxides) 

**F2 residue obtained is extracted with 20mL of hydroxyl ammo-

nium chloride in 25% (v/v) acetic acid at pH 5.0, at 96±3 °C (Dura-

tion of 5 h). 

F4 Oxidizable Bound to 

organic matter and 

sulphide 

**F3 residue obtained is extracted with 5mL of 0.02M nitric acid and 

5mL of 3% hydrogen peroxide at 85±2 °C (Duration of 2 h).  

*This is followed by the addition of 6mL of hydrogen peroxide (Du-

ration of 3 h). After cooling, 5mL of 3.2M ammonium acetate is 

added with 20% (v/v) nitric acid (Duration of 30 min). 

F5 Residual (lattice) F4 residue obtained is extracted with a mixture of hydrofluoric and 

nitric acid (1:1, v/v) and then is subjected to digestion under pres-

sure and temperature in a closed container. 

* Continuous agitation is provided. 

**Occasional agitation is provided. 

After each extraction, the samples were centrifuged, and the supernatant was decanted before pro-

ceeding to the subsequent extraction process. 
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4.6.3. Elemental analyses 

XRD analysis was carried out for three samples (powdered); (i) samples from the central 

zone, (ii) Boragaon landfill site and (iii) industrial zone to determine the forms in which the 

HMs are present in the samples. SEM-EDS quantitative analyses were furthermore carried out 

to determine the morphology and the elemental composition of the sediment samples. Two 

representative samples (powdered) were chosen; one from the eastern part of the wetland 

(proximate to the Boragaon landfill) and the other from the western part (industrial zone). 

Elemental mapping of the samples was done to determine the weight percentages of the HMs 

present in those samples. 

4.7. Phase II; IVth Objective: Understanding the dynamics of heavy 

metals in a freshwater ecosystem through their toxicity and bioa-

vailability assay 

Heavy metal contamination has become more and more evident with the advent of anthropo-

genic interferences to the natural ecosystems. Environmental monitoring plays a crucial part 

in the sustenance of the aquatic ecosystem, allowing the researchers to understand the dy-

namics of the entire ecosystem on a broader scale. This helps in the sustenance of economi-

cally important biota (notably fish, hydrophytes, snails and crustaceans). With these perspec-

tives, the present investigation is carried out intending to assess the contamination levels of 

six different heavy metals (Cr, Cd, Fe, Mn, Cu, and Pb) in water, sediments and three different 

species of fish (Notopterus notopterus, Clarias batrachus, and Channa striata) commonly 

found and consumed in the region. Furthermore, an attempt has been made to assess the hu-

man health risk associated with exposure to water, sediment and fish species. The results of 

this study will provide a comprehensive understanding of the dynamics of the heavy metals 

in an aquatic ecosystem, which would, in a broader context, prove beneficial for its conserva-

tion and restoration. 

4.7.1. Potential human health risk assessment (HRA) 

As a result of human exposure to certain specific contaminants of known concentrations, es-

timation of risk employs an assessment technique known as health risk assessment (HRA) (Li 

et al. 2014b; Kusin et al. 2018). Three principal pathways have been established through 

which exposure to heavy metals can occur in human beings (adults and children); 1. direct 

ingestion of the heavy metals (oral), 2. adsorption through skin pores (dermal), and 3. inha-

lation, either through mouth or nose (Wu et al. 2009; Luo et al. 2012). Hence, typically, HRA 

consists of three major elements, i.e., identification of hazards, assessment of exposure levels, 
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dose-response, and risk characterization. In the water environment, the metals usually come 

in contact with the human body through the first two pathways, i.e., via ingestion and dermal 

adsorption (EPA 2004; Wu et al. 2009; Singh et al. 2018). However, heavy metal exposure in 

the sediment column takes place through all three pathways. The health risk associated with 

the water environment can be explained through Eq. 4. 62 and 4. 63, which provides the av-

erage daily dosages for heavy metals through different pathways. 

𝐶𝐷𝐼𝑖𝑛𝑔 =
𝐶𝑤 × 𝐼𝑛𝑔𝑅 × 𝐸𝐹 × 𝐸𝐷

𝐵𝑤 × 𝐴𝑇
 4. 62 

  

𝐶𝐷𝐼𝑑𝑒𝑟𝑚 = {
𝐶𝑤 × 𝑆𝐴 × 𝐾𝑝 × 𝐸𝑇 × 𝐸𝐹 × 𝐸𝐷

𝐵𝑤 × 𝐴𝑇
} × 10−3 4. 63 

  
For the sediment column, the average daily dosage of heavy metals can be estimated by 

computing the following equations (Eq. 4. 64 - 4. 66). 

𝐶𝐷𝐼𝑖𝑛𝑔 = {
𝐶𝑆𝐸𝐷 × 𝐼𝑛𝑔𝑅 × 𝐸𝐹 × 𝐸𝐷

𝐵𝑤 × 𝐴𝑇
} × 𝐶𝐹 4. 64 

  

𝐶𝐷𝐼𝑑𝑒𝑟𝑚 = {
𝐶𝑆𝐸𝐷 × 𝑆𝐴 × 𝐴𝐹𝑆𝐸𝐷 × 𝐴𝐵𝑆 × 𝐸𝐹 × 𝐸𝐷

𝐵𝑤 × 𝐴𝑇
} × 𝐶𝐹 4. 65 

  

𝐶𝐷𝐼𝑖𝑛ℎ =
𝐶𝑆𝐸𝐷 × 𝐸𝐹 × 𝐸𝐷

𝑃𝐸𝐹 × 𝐴𝑇
 4. 66 

  
where 𝐶𝐷𝐼𝑖𝑛𝑔 and 𝐶𝐷𝐼𝑑𝑒𝑟𝑚 indicate the average daily dosage of heavy metals through in-

gestion and dermal adsorption, respectively. The other parameters used in the equations 

have been stated in Table 4. 9 (a and b). 

HRA involved estimating carcinogenic (surficial sediment samples) and non-carcinogenic 

risk exposures (both water and sediment samples) in both adults and children through the 

bioavailability of the heavy metals. This quantification of risk characterization for non-car-

cinogenic risks was accomplished by estimating the Hazard Quotient (HQ) values expressed 

in Eq. 4. 67 (EPA 1989). 

𝐻𝑄 =
𝐶𝐷𝐼

𝑅𝑓𝐷
 4. 67 

  
where 𝑅𝑓𝐷 indicates the reference dosages for HRA calculation (USEPA 2011) (See Table 

4. 10).  
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Table 4. 9. Input parameters involved for health risk assessment. 

(a) Water 

Exposure 

parame-

ters 

Description Unit 

Value 

Reference 

Adult Child 

Cw Heavy metal concentration in 

water samples µg L-1 

Observed con-

centrations 

- 
 

IngR Ingestion rate of water L day-1 2.2 - (Wu et al. 

2009) 

EF Exposure frequency days 

year-1 

365 - (EPA 2004) 

ED Exposure duration Years 70 - (EPA 2004) 

Bw Body weight Kg 57.5 (Average 

Indian adult) - (USEPA 2011) 

AT Averaging Time (non–car-

cinogenic) Days 25550 - (DoE 2011) 

SA Surface area of skin that con-

tacts soil cm2 5700 - (USEPA 2011) 

Kp Dermal permeability coeffi-

cient cm h-1 Metal specific - (EPA 2004) 

ET Exposure time h day-1 0.6 - (EPA 2004) 

 
(b) Sediment 

Exposure 

parame-

ters 

Description Unit 

Value 

Reference 
Adult Child 

CSED Heavy metal concentra-

tion in sediment samples mg kg-1 Observed concentrations 

 

IngR Ingestion rate of sediment mg day-1 100 200 (USEPA 1997, 

2011) 

EF Exposure frequency days year-

1 

350* 350* (USEPA 1991, 

2011) 

TH-2896_176104004



Materials and methods  Chapter | 4 

 

Indian Institute of Technology Guwahati Page | 135 

ED Exposure duration Years 24** 6 (USEPA 2011) 

BW Body weight Kg 57.5 15 (NFI 2010; 

USEPA 2011) 

AT Averaging Time (non–car-

cinogenic) Days 

8760 

(356×24) 

2190 

(356×6) 

(USEPA 2011) 

CF Conversion factor 

 

1 × 10-6 1 × 10-6 (USEPA 2002) 

SA Surface area of skin that 

contacts soil cm2 5700 2800 (USEPA 2011) 

AFSED Skin adherence factor for 

soil mg cm-2 0.07 0.2 (USEPA 2011) 

ABS Dermal absorption factor 

 

0.03 (As); 0.001 (for 

other metals) 

(USEPA 2011) 

PEF Particle emission factor m3 kg-1 1.36 × 109 1.36 × 109 (USEPA 2002) 

*Default exposure frequency for residents assuming a person is out of station for 15 days per year 

(USEPA 1991). 

**Exposure duration is with an assumption that a person lives at one residence for 30 years (0–6 

years as a child and 7–30 years as an adult) (USEPA 1991). 

 
(c) Fish 

Exposure 

parame-

ters 

Description Unit 

Value 

Reference 
Adult Child 

EDI Estimated daily fish in-

take 

µg kg-1 

day-1 

Observed concentrations 

 

Cmetal Heavy metal concentra-

tion in fish samples mg kg-1 

DFC Daily fish consumption g day-1 97.2 57.5 (Gupta et al. 

2015) 

WAB Average body weight of 

the consumer 
kg 55.9 32.7 

(Gupta et al. 

2015) 

EF Exposure frequency Days 365 365 (Siddiqui et al. 

2019) 
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ED Exposure duration Years 70 70 (Siddiqui et al. 

2019) 

FIR Fish Ingestion rate gpcd 97.2 57.5 (Siddiqui et al. 

2019) 

AT Average exposure time for 

noncarcinogenic expo-

sure Days 25550 25550 

(Siddiqui et al. 

2019) 

 

To estimate the total non-carcinogenic contribution of risk for multiple pathways, a new 

term called the Hazard Index (HI) was coined (Chang et al. 2014). For estimating the HI val-

ues, the law of superposition is valid, and therefore, it helps in evaluating the total non-car-

cinogenic risks for multiple metals based on the dose additivity assumption. HI for assessing 

risk concerning multiple pathways and metals is given in Eq. 4. 68 and 4. 69, respectively. 

𝐻𝐼𝑝𝑎𝑡ℎ𝑤𝑎𝑦 = 𝐻𝑄𝑖𝑛𝑔 +𝐻𝑄𝑑𝑒𝑟𝑚 +𝐻𝑄𝑖𝑛ℎ 4. 68 

  
𝐻𝐼𝑚𝑒𝑡𝑎𝑙 = 𝐻𝑄1 +𝐻𝑄2 +𝐻𝑄3 +⋯+𝐻𝑄𝑚 4. 69 

  
where m signifies the number of heavy metals (in the current investigation, m = 6). HI< 1 

represented no significant risk, while HI> 1 indicated the probability of a potential non-car-

cinogenic risk, increasing the HI value (USEPA 2002). 

The HI is generally employed as a screening tool with regards to the components having 

a similar target. This is primarily because the HI does not consider the components' interac-

tions even though the additivity of the dose essentializes the action of all the components 

through identical mechanisms. This, in turn, aids in either overestimating or underestimating 

the health hazards, provided the interactions are less or more, respectively (Wilbur et al. 

2004). 

The carcinogenic investigation, involving the surficial sediment samples, associates Pb, 

Cr, and Cd heavy metals and As metalloid, as these compounds are labelled as carcinogenic 

by the International Agency for Research on Cancer (IARC 2012). Since, As is not considered 

in the current investigation, the carcinogenic HRA was evaluated associating the heavy met-

als; Pb, Cr, and Cd. 
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Table 4. 10. Reference dosage values for different heavy metals. 

 

(a) Water (µg/kg/day) 

Heavy metal RfDing RfDderm Reference 

Cr 3 0.015 (USEPA 2006) 

Cd 0.5 0.005 (USEPA 2006) 

Fe 300 45 (USEPA 2006) 

Mn 20 0.8 (USEPA 2006) 

Cu 40 12 (USEPA 2006) 

Pb 1.4 0.42 (WHO 2006) 

(b) Sediment (mg/kg/day) 

Heavy metal RfDing RfDderm RfDinh Reference 

Cr 4.00×10-02 8.00×10-03 1.00×10-04 (Giri & Singh 2017) 

Cd 1.00×10-03 2.50×10-05 1.00×10-05 (Giri & Singh 2017) 

Fe 3.00×10-03 7.50×10-05  (Giri & Singh 2017) 

Mn 7.00×10-01 1.40×10-01  (Giri & Singh 2017) 

Cu 2.40×10-02 9.60×10-04 5.00×10-05 (Giri & Singh 2017) 

Pb 3.50×10-03 5.25×10-04 1.50×10-04 (Giri & Singh 2017) 

(c) Fish (mg/kg/day) 

Heavy metal RfD Reference 

Cr 3.00×10-03 (USEPA 2010) 

Cd 1.00×10-03 (USEPA 2010) 

Fe 7.00×10-01 (USEPA 2010) 

Mn 1.40×10-01 (USEPA 2010) 

Cu 4.00×10-02 (USEPA 2010) 

Pb 4.00×10-03 (USEPA 2010) 

TH-2896_176104004



Chapter | 4 Materials and methods 

 

138 | Page Indian Institute of Technology Guwahati 

The health risk due to carcinogenic metals is expressed as total lifetime cancer risk (LCR), 

which is also based on the principle of superposition, and is evaluated using Eq. 4. 70 and 4. 

71. 

𝐶𝑎𝑛𝑐𝑒𝑟 𝑅𝑖𝑠𝑘 = 𝐶𝐷𝐼 × 𝐶𝑆𝐹 4. 70 

  
𝐿𝐶𝑅 = ∑𝐶𝑎𝑛𝑐𝑒𝑟 𝑅𝑖𝑠𝑘 = 𝐶𝑎𝑛𝑐𝑒𝑟 𝑅𝑖𝑠𝑘𝑖𝑛𝑔 + 𝐶𝑎𝑛𝑐𝑒𝑟 𝑅𝑖𝑠𝑘𝑑𝑒𝑟𝑚 + 𝐶𝑎𝑛𝑐𝑒𝑟 𝑅𝑖𝑠𝑘𝑖𝑛ℎ 4. 71 

  
where cancer risk is estimated for each pathway described by Eq. 4. 64 - 4. 66. CSF (mg 

kg-1 day-1) indicates the cancer slope factors for each heavy metal; 0.5 for Cr, 6.3 for Cd and 

0.0085 for Pb (USEPA 2011). The United States Environmental Protection Agency (USEPA) 

has marked threshold limits for the cancer risk and the LCR values. The human body's cancer 

risks have been limited to an acceptable value of 0.0001, while the LCR's tolerable range var-

ies from 1.0×10-6 to 1.0×10-4 (USEPA 2011). 

Health risk associated with the consumption of fish was assessed by evaluating the esti-

mated daily intake (EDI) of fish (Eq. 4. 72), followed by the target hazard quotient (THQ) (Eq. 

4. 73) and the total target hazard quotient (TTHQ) (Eq. 4. 74). The assessment was carried 

out for four different organs (muscle, liver, gill, and skin) of the three fish species (N. no-

topterus, C. batrachus, and C. striata) collected from three distinct zones of Deepor Beel. The 

THQ values provided the non-carcinogenic influence on the human bodies due to the fish in-

take; THQ exceeding a unit value indicated potential non-carcinogenic health risk to human 

beings (USEPA 2000). The cumulative impact exposure to more than one metal was assessed 

by calculating the arithmetic sum of all the THQ values, which resulted in the total target haz-

ard quotient (TTHQ). 

𝐸𝐷𝐼 = {
𝐷𝐹𝐶 × 𝐶𝑚𝑒𝑡𝑎𝑙

𝑊𝐴𝐵
} 4. 72 

  

𝑇𝐻𝑄 = {
𝐸𝐹 × 𝐸𝐷 × 𝐹𝐼𝑅 × 𝐶𝑚𝑒𝑡𝑎𝑙

𝑅𝑓𝐷 ×𝑊𝐴𝐵 × 𝐴𝑇
} × 10−3 4. 73 

  
𝑇𝑇𝐻𝑄 = 𝑇𝐻𝑄𝐻𝑀1 + 𝑇𝐻𝑄𝐻𝑀2 +⋯+ 𝑇𝐻𝑄𝐻𝑀𝑚  4. 74 

  
For carcinogenic evaluation due to the consumption of the fish species, two metals la-

belled as "possible carcinogenic influence on humans," i.e., Cd and Pb, were considered (alt-

hough Cr is also marked; however, USEPA has not published the CSF values yet) (USEPA 2010; 

IARC 2012). The lifetime cancer risk (TR) for both the heavy metals was evaluated using the 

critical slope factor (CSF) values through Eq. 4. 75. 
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𝑇𝑅 = {
𝐸𝐹 × 𝐸𝐷 × 𝐹𝐼𝑅 × 𝐶𝑚𝑒𝑡𝑎𝑙 × 𝐶𝑆𝐹

𝑊𝐴𝐵 × 𝐴𝑇
} × 10−3 4. 75 

  
All the parameters used in Eq. 4. 72 - 4. 75 have been described with their values in Table 

4. 9c. The tolerable limits for TR lie in the range 1.0×10-04 to 1.0×10-06, i.e., the risk of devel-

oping cancer over a lifetime lies in the range 1 in 10,000 to 10,00,000. 

4.7.2. Bioaccumulation Factor (BAF) 

Bioaccumulation means the agglomeration of contaminants to higher trophic levels from 

lower levels. Fishes are considered to be very good bio accumulators as far as heavy metals 

are concerned. The bioaccumulation of heavy metals in various fish organs is estimated 

through the bioaccumulation factor, governed by Eq. 4. 76 (Zhuang et al. 2013). 

𝐵𝐴𝐹 = {
(𝐶𝑚)𝑓𝑖𝑠ℎ

𝐶𝑆𝐸𝐷
} 4. 76 

  
where (𝐶𝑚)𝑓𝑖𝑠ℎ and 𝐶𝑆𝐸𝐷 indicate the heavy metal concentrations in fish tissues/organs 

and sediment column, respectively (both expressed as mg kg-1, dry weight). 

4.8. Phase III; Vth Objective: Assessment of nutrient (N-P) dynamics 

in wetlands through a one-dimensional model for assessing the eu-

trophication levels induced by various pollution sources 

The present study aims to provide a suitable foundation for developing a eutrophic-ecological 

model for Deepor Beel, India. Water, sediment, and water hyacinth samples were collected 

from various parts of the wetland and subjected to analyses continuously from Oct 2017 to 

Feb 2019. The collected samples were analyzed for various physico-chemical parameters, 

quintessential for developing a eutrophication-based ecological model. Monthly water sam-

ples were analyzed for seven parameters; pH, dissolved oxygen (DO), total Kjeldahl nitrogen 

(TKN), ammonia, organic nitrogen, nitrate and phosphate, while monthly samples of the wa-

ter hyacinths and sediments were analyzed for five parameters; organic nitrogen, total 

Kjeldahl nitrogen (TKN), ammonia, nitrate and total phosphorus. All the procedures pertain-

ing to the sampling, preservation and collection of various samples adhered to the standard 

procedures (APHA 2012). A conceptual diagram was first constructed, and the corresponding 

differential equations about different functions were formulated. Subsequently, a code was 

developed in MATLAB based on the logic formulated through the conceptual diagram. Sensi-

tivity analysis was first performed on various state variables, identifying the parameters most 
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sensitive and thus, exhibiting maximum variability in the model. The model was then sub-

jected to calibration for defining the rate constants based on which; it was subjected to further 

validation. Finally, the model was simulated for two plausible alternatives to verify the reduc-

tion of the eutrophication levels in Deepor Beel; (i) Harvesting of water hyacinths and (ii) 

Setting up of a treatment unit for nitrogen and phosphorus removal. The detailed procedure 

adopted in the study follows herewith. 

4.8.1. Model Conceptualization 

The conceptual diagram for the one-dimensional ecological model for nutrient distribution in 

the wetland ecosystem is given in Fig. 4. 12. The model is divided into three levels: plant layer, 

water column and sediment column. Eight state variables are considered for the model: or-

ganic nitrogen, ammonia nitrogen, nitrate-nitrogen and total phosphorus (OrgN, NH3N, NO3N, 

and P, respectively) in the water column; total nitrogen and total phosphorus in the sediment 

layer, referred to as sediment nitrogen and sediment phosphorus (SN and SP), respectively; 

total nitrogen and total phosphorus in plant layer, referred to as plant nitrogen and plant 

phosphorus (PN and PP), respectively. OrgN in the water column transforms into NH3N that 

further transforms into NO3N by ammonification and nitrification, respectively. NO3N further 

converts into nitrogen (N2) gas due to denitrification (Metcalf & Eddy 2017). OrgN also settles 

down on the sediment layer, which undergoes mineralization to transform into NH3N that 

gets suspended to re-enter the water column again. NH3N and NO3N are consumed by micro-

organisms, assisting in the conversion of these compounds back into OrgN. Plants consume 

NH3N and NO3N through their roots along with the microbial biofilm developed over their 

root surface. Eventually, when the plants die, nutrients are returned back into the water col-

umn as OrgN. Total phosphorus in the water column also settles down on the lake bottom and 

is consumed by the plants' roots that later re-enter the water column by resuspension and 

plant decay. 

The following assumptions were taken into account while developing the conceptualizing 

the model: 

▪ Nitrogen in the water was assumed to exist in only three forms: organic nitrogen, ammonia 

nitrogen and nitrate nitrogen. As the wetland remains mainly in aerobic conditions, other 

forms of nitrogen such as nitrite nitrogen are considered negligible concentrations and 

hence not considered while formulating the conceptual diagram. Similarly, phosphorus in 

water is usually present in the form of phosphates (Metcalf & Eddy 2017). Hence, phos-

phates in water were considered representative of total phosphorus in the water. 
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▪ Uniform water depth was considered across the wetland, and the variation in concentra-

tion of different state variables and forcing functions along the depth was overlooked, 

keeping in view the one-dimensional nature of the model. 

▪ Maximum plant nitrogen and plant phosphorus present in water hyacinth biomass were 

10000 g/m2/day and 2500 g/m2/day, respectively. 

▪ The average productivity of water hyacinth was assumed 50 g dry mass/m2/day over the 

entire surface of Deepor Beel and has been assumed to have a sinusoidal variation such 

that higher productivity occurs in the winter. In comparison, lower productivity occurs in 

the monsoon. Peak productivity was assumed to be 53 g dry mass/m2/day based on the 

observations made by Reddy and Tucker (1983). 

▪ The wetland's sediment layer's depth was assumed to be 0.3 m (Van Dam et al. 2007). 

▪ It was assumed that the mixing of the wetland's nutrients occurs immediately as advection 

and diffusion of the nutrients are not considered in the one-dimensional model. 

The following generalized symbolic mass balance equation was used as the basis for de-

veloping various equations in the model: 

𝑉
𝑑𝐶

𝑑𝑡
= 𝑄𝑖𝐶𝑖 + 𝑉∑(𝑟𝑐)𝑗 − 𝑄𝑒𝐶𝑒

𝑚

𝑗=1

 4. 77 

  
where, 

𝑉 (
𝑑𝐶

𝑑𝑡
) is the volumetric rate of change of substance in the reactor (g/day). 

𝑄𝑖  and 𝑄𝑒 represent the inflowing and outflowing flow rates, respectively (m3/day). 

V is reactor volume (m3). 

𝐶𝑖 and 𝐶𝑒 signify the influent and effluent concentrations, respectively (g/m3). 

𝑟𝑐 is volumetric reaction rate (g/m3.day).  

m is the number of reactions that involve the substance. 

Using the concept from Eq. 4. 77, the model equations for the rate of change of different 

parameters were formulated. 
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Fig. 4. 12. Conceptual diagram of the ecological model. 
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I. Organic Nitrogen 

𝑑(𝑂𝑟𝑔𝑁)

𝑑𝑡
= 𝑟𝑜𝑟𝑔𝑛𝑖 + 𝑟𝑛𝑑𝑐 + 𝑟𝑚𝑢1 + 𝑟𝑚𝑢2 − 𝑟𝑎𝑚 − 𝑟𝑛𝑠 − 𝑟𝑜𝑟𝑔𝑛𝑒 4. 78 

  
The inflowing and outflowing rates of OrgN were calculated using the following equations 

(Eq. 4. 79 and 4. 80). 

𝑟𝑜𝑟𝑔𝑛𝑖 =
𝑄𝑖
𝐴
× 𝑂𝑟𝑔𝑁𝑖  4. 79 

  

𝑟𝑜𝑟𝑔𝑛𝑒 =
𝑄𝑒
𝐴
× 𝑂𝑟𝑔𝑁𝑒  4. 80 

  
The rate of ammonia uptake by the microorganisms for growth was taken as a function of 

temperature, ammonia nitrogen and organic nitrogen present in the water column. Hence, it 

was represented as follows (Eq. 4. 81). 

𝑟𝑚𝑢1 = 𝑓{𝑇,𝑁𝐻3, 𝑂𝑟𝑔𝑁} 4. 81 

  
This function was assumed to follow the Monod kinetic equation for ammonia nitrogen 

with the incorporation of plant-biofilm in it (Polprasert & Agarwalla 1994). The temperature 

factor was incorporated by considering the Arrhenius kinetics. As it might be possible that 

microorganisms may prefer to feed on ammonia nitrogen over nitrate nitrogen, a preference 

factor, P1, can also be incorporated (Mayo & Bigambo 2005). Thus, the rate of ammonia uptake 

by the microorganisms can be given by Eq. 4. 82. 

𝑟𝑚𝑢1 = [(𝜇𝑚𝑎𝑥,20 + 𝑟𝑏) × 𝜃1
𝑇−20 ×

𝑁𝐻3𝑁

𝐾1 +𝑁𝐻3𝑁
] × 𝑂𝑟𝑔𝑁 × 𝑃1 4. 82 

  
Similarly, the rate of nitrate uptake was taken as the function of temperature, nitrate ni-

trogen and organic nitrogen (Eq. 4. 83) and was further calculated as Eq. 4. 84. 

𝑟𝑚𝑢2 = 𝑓{𝑇,𝑁𝑂3, 𝑂𝑟𝑔𝑁} 4. 83 

  

𝑟𝑚𝑢2 = [(𝜇𝑚𝑎𝑥,20 + 𝑟𝑏) × 𝜃2
𝑇−20 ×

𝑁𝑂3𝑁

𝐾2 +𝑁𝑂3𝑁
] × 𝑂𝑟𝑔𝑁 × 𝑃2 4. 84 

  
The decay rate of the PN, ammonification rate and settling rate of OrgN was calculated as 

first-order reactions as given by Eq. 4. 85, 4. 86 and 4. 87. 

𝑟𝑛𝑑𝑐 = 𝑅𝑛𝑑𝑐 × 𝑂𝑟𝑔𝑁 4. 85 

  
𝑟𝑎𝑚 = 𝑅𝑎𝑚 × 𝑂𝑟𝑔𝑁 4. 86 
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𝑟𝑛𝑠 = 𝑅𝑛𝑠 × 𝑂𝑟𝑔𝑁 4. 87 

  
II. Ammonia Nitrogen 

𝑑(𝑁𝐻3𝑁)

𝑑𝑡
= 𝑟𝑛ℎ𝑛𝑖 − 𝑟𝑛 − 𝑟𝑝𝑢1 − 𝑟𝑚𝑢1 + 𝑟𝑛𝑟𝑠 + 𝑟𝑎𝑚 − 𝑟𝑛ℎ𝑛𝑒 4. 88 

  
The rate of nitrification of ammonia was assumed to be a function of ammonia, dissolved 

oxygen, pH, temperature and organic nitrogen (Eq. 4. 89). 

𝑟𝑛 = 𝑓{𝑁𝐻3𝑁,𝐷𝑂, 𝑝𝐻, 𝑇, 𝑂𝑟𝑔𝑁} 4. 89 

  
To model the nitrification model, the Monod equation (Eq. 4. 90) was used, which couples 

both ammonia nitrogen and dissolved oxygen present in the water column (Mayo & Bigambo 

2005). Correction factors were applied for pH and temperature, respectively. 

𝑟𝑛 = (
𝜇𝑛
𝑌𝑛
+ 𝑟𝑏) ×

𝑁𝐻3𝑁

𝐾𝑛ℎ + 𝑁𝐻3𝑁
×

𝐷𝑂

𝐾𝑛𝑜 + 𝐷𝑂
× 𝐶𝑇 × 𝐶𝑝𝐻 × 𝑂𝑟𝑔𝑁 4. 90 

  
The correction for temperature (𝐶𝑇) and correction for pH (𝐶𝑝𝐻) was calculated as given 

in Eq. 4. 91 and 4. 92 (Mayo & Bigambo 2005). 

𝐶𝑇 = 𝑒
0.098(𝑇−15) 4. 91 

  

𝐶𝑝𝐻 = {
1 − 0.833 × (7.2 − 𝑝𝐻) 𝑝𝐻 < 7.2

1 𝑝𝐻 ≥ 7.2
 4. 92 

  
The rate of ammonia uptake by plants was also described by the Monod type equation 

(Eq. 4. 93). However, the amount of ammonia uptake by plants will also depend upon the 

amount of plant nitrogen already present, similar to the logistic equation (Van Dam et al. 

2007). 

𝑟𝑝𝑢1 = 𝜇𝑚𝑝𝑢1 × 𝑃𝑁 × (
𝑁𝐻3𝑁

𝐾𝑝1 +𝑁𝐻3𝑁
) × (1 −

𝑃𝑁

𝑃𝑁𝑚𝑎𝑥
) 4. 93 

  
The rate of ammonia resuspension can be modelled as first-order reaction given by Eq. 4. 

94. 

𝑟𝑛𝑟𝑠 = 𝑅𝑛𝑟𝑠 × 𝑆𝑁 4. 94 

  
The inflowing and outflowing rate of NH3N were calculated using Eq. 4. 95 and 4. 96. 

𝑟𝑛ℎ𝑛𝑖 =
𝑄𝑖
𝐴
× 𝑁𝐻3𝑁𝑖 4. 95 

  

TH-2896_176104004



Materials and methods  Chapter | 4 

 

Indian Institute of Technology Guwahati Page | 145 

𝑟𝑛ℎ𝑛𝑒 =
𝑄𝑒
𝐴
× 𝑁𝐻3𝑁𝑒 4. 96 

  
III. Nitrate Nitrogen 

𝑑(𝑁𝑂3𝑁)

𝑑𝑡
= 𝑟𝑛𝑜𝑛𝑖 + 𝑟𝑛 − 𝑟𝑝𝑢2 − 𝑟𝑚𝑢2 − 𝑟𝑑𝑛 − 𝑟𝑛𝑜𝑛𝑒 4. 97 

  
The inflowing and outflowing rate of 𝑁𝑂3𝑁 was calculated using the following equations 

(Eq. 4. 98 and 4. 99). 

𝑟𝑛𝑜𝑛𝑖 =
𝑄𝑒
𝐴
× 𝑁𝑂3𝑁𝑖 4. 98 

  

𝑟𝑛𝑜𝑛𝑒 =
𝑄𝑒
𝐴
× 𝑁𝑂3𝑁𝑒 4. 99 

  
The rate of nitrate utilization will be similar to that of ammonia nitrogen (Eq. 4. 100). 

𝑟𝑝𝑢2 = 𝜇𝑚𝑝𝑢2 × 𝑃𝑁 × (
𝑁𝑂3𝑁

𝐾𝑝2 +𝑁𝑂3𝑁
) × (1 −

𝑃𝑁

𝑃𝑁𝑚𝑎𝑥
) 4. 100 

  
The denitrification rate was calculated using Eq. 4. 101. 

𝑟𝑑𝑛 = (𝑅𝑑𝑛,20 + 𝑟𝑏) × 𝜃3
𝑇−20 × 𝑁𝑂3𝑁 4. 101 

  
IV. Plant Nitrogen 

𝑑(𝑃𝑁)

𝑑𝑡
= 𝑟𝑝𝑢1 + 𝑟𝑝𝑢2 − 𝑟𝑛𝑑𝑐 4. 102 

  
V. Sediment Nitrogen 

𝑑(𝑆𝑁)

𝑑𝑡
= 𝑟𝑛𝑠 − 𝑟𝑛𝑟𝑠 4. 103 

  
VI. Total Phosphorus 

𝑑𝑃

𝑑𝑡
= 𝑟𝑝𝑖 + 𝑟𝑝𝑟𝑠 + 𝑟𝑝𝑑𝑐 − 𝑟𝑝𝑠 − 𝑟𝑝𝑝𝑢 − 𝑟𝑝𝑒 4. 104 

  
The inflowing and outflowing rates of total phosphorus were calculated using the follow-

ing equations (Eq. 4. 105 and 4. 106). 

𝑟𝑝𝑖 =
𝑄𝑖
𝐴
× 𝑃𝑖 4. 105 
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𝑟𝑝𝑒 =
𝑄𝑒
𝐴
× 𝑃𝑒 4. 106 

  
The decay rate of plant phosphorus, phosphorus regeneration rate, phosphorus settling 

rate and phosphorus utilization rate by plants for growth were calculated using equations 

similar to those used for nitrogen counterparts (Eq. 4. 107 - 4. 110). 

𝑟𝑝𝑑𝑐 = 𝑅𝑝𝑑𝑐 × 𝑃 4. 107 

  
𝑟𝑝𝑟𝑠 = 𝑅𝑝𝑟𝑠 × 𝑆𝑃 4. 108 

  
𝑟𝑝𝑠 = 𝑅𝑝𝑠 × 𝑃 4. 109 

  

𝑟𝑝𝑝𝑢 = 𝜇𝑚𝑝𝑝𝑢 × 𝑃𝑃 × (
𝑃

𝐾𝑝3 + 𝑃
) × (1 −

𝑃𝑃

𝑃𝑃𝑚𝑎𝑥
) 4. 110 

  
VII. Plant Phosphorus 

𝑑(𝑃𝑃)

𝑑𝑡
= 𝑟𝑝𝑝𝑢 − 𝑟𝑝𝑑𝑐 4. 111 

  
VIII. Sediment Phosphorus 

𝑑(𝑆𝑃)

𝑑𝑡
= 𝑟𝑝𝑠 − 𝑟𝑝𝑟𝑠 4. 112 

  

4.8.2. Sensitivity analysis 

Sensitivity analysis of a model can be broadly described as an effort to gage the sensitivity of 

the parameters, forcing functions or sub-models involved in an ecological model (Jørgensen 

and Bendoricchio, 2001). It is carried out a number of times during the modelling process of 

an ecological system to identify the most sensitive parts of the developed model. It can be also 

used to refine the most sensitive components of the model. 

Sensitivity analysis is performed by incrementing or decrementing the components of the 

model by a certain amount, depending the uncertainty involved in the component, and sub-

sequently recording the response of the state variables to such a change. The changes in the 

components can be carried out one-at-a-time (OAT) or all-at-a-time (AAT) (Pianosi et al., 

2016). In the OAT method, the sensitivity analysis of the model is carried out by varying the 

value of only one of the components (generally a parameter) at a time while keeping the val-

ues of other components fixed. On the other hand, all the components of the model are varied 

at the same time in the AAT method to understand the sensitivity of the all the components 

TH-2896_176104004



Materials and methods  Chapter | 4 

 

Indian Institute of Technology Guwahati Page | 147 

as well as the collective influence of the components on the model. In fact, based on the effect 

of collective influence of the components, the sensitivity analysis itself can be classified into 

two categories; local sensitivity analysis and global sensitivity analysis (Pianosi et al., 2016). 

Local sensitivity analysis refers to that method of sensitivity analysis which neglects collec-

tive influence of the components and typically uses OAT sampling method for estimation. On 

the other hand, global sensitivity analysis considers the effects of the joint interactions of the 

components on the model while utilizing either OAT or AAT sampling approaches for the es-

timation, i.e., it considers simultaneous variation of all independent input parameters. 

The sensitivity, S, of a parameter can be calculated using the following equation. 

𝑆 =
(
𝜕𝑣
𝑣
)

(
𝜕𝑃
𝑃
)

 4. 113 

  
where v is a state variable of the model and P denotes the parameters. The sensitivity of 

a sub-model can be evaluated by removing the sub-model entirely from the model or altering 

the mathematical equation involved in the sub-model. The consequent changes in the values 

of the state variables provides a qualitative measure of the sensitivity of that sub-model. Such 

sensitivity analysis can be helpful in structural modifications of the model. 

Global sensitivity analysis of the one-dimensional ecological model was carried out by 

One-At-a-Time (OAT) sampling approach, following the method described by Morris (1991). 

In the Morris method, it is assumed that if the input variables (parameters) are changed by 

the same relative amount, then the input variable that causes the highest variation in the out-

put variable (state variable) is the most sensitive in the model. The Morris method is also 

known as the Elementary Effects method, as it calculates the elementary effect of change in 

the input variable (positive or negative) on the output variable. The elementary effect is cal-

culated by Eq. 4. 114. 

𝐸𝐸𝑖(𝑥) =
[𝑦(𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑖−1, 𝑥𝑖 + Δ, 𝑥𝑖+1, … , 𝑥𝑘) − 𝑦(𝑥)]

Δ
 4. 114 

  
where y is the output variable, 𝑥 is the input vector, and 𝑥𝑖 is an element in the input vec-

tor. Δ is the change in 𝑥𝑖 and 𝑘 is the number of elements in the input vector. As pointed out 

by King and Perera (2013), the Morris method requires 2k simulations of the model to deter-

mine the sensitivity of all the input variables. 

In order to carry out sensitivity analysis using the Morris method, a trajectory of changes 

in the input variables of a k variable model was constructed. This was done by considering a 

normalized range of probable values for each input variable and dividing each range by equal 
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intervals or levels. Base values of the input variables were randomly selected from 0 to ∆ to 

mark the starting point of the trajectory. The trajectory was then subsequently calculated by 

the final trajectory matrix B* as given by the following equations (Saltelli et al. 2008). 

𝐵∗ = {𝐽𝑚,1𝑥
∗ + (

Δ

2
) [(2𝐵 − 𝐽𝑚,𝑘)𝐷

∗ + 𝐽𝑚,𝑘]} 𝑃
∗ 4. 115 

  
where, 

𝐵∗ is a strictly lower triangular matrix of 1’s 

𝐽𝑚,𝑘 is a 𝑚 − 𝑘 matrix of 1’s where 𝑚 = 𝑘 + 1 

𝑥∗ is the base input vector 

𝐽𝑚−1 is a column vector of 1’s 

𝐷∗ is a k-dimensional diagonal matrix in which each element is +1 or -1 with same 

probability 

𝑃∗ is a k-by-k random permutation matrix of 0’s and 1’s in which each row contains a 

solitary 1 and varies from the other rows by the relative position of that 1. 

 
The elementary effects were finally measured by two measures given by the following 

equations (Morris 1991; Campolongo et al. 2007) (Eq. 4. 115, 4. 116, and 4. 117). 

𝜇𝑖
∗ =

(∑ |𝐸𝐸𝑛|
𝑟
𝑛=1 )

𝑟
 4. 116 

  

𝜎𝑖 = √
1

𝑟
∑(𝐸𝐸𝑛 − 𝜇𝑖)

2

𝑟

𝑛=1

 4. 117 

  
where, 

𝜇𝑖 =
∑ 𝐸𝐸𝑛
𝑟
𝑛=1

𝑟
 4. 118 

  
Moreover, r is the number of trajectories constructed during the analysis. 

𝜇𝑖
∗ is the absolute mean of all the elementary effects due to the ith input variable, free from 

non-monotonic behaviour of the elementary effects, which measures the degree of sensitivity 

of the input variables considered in the analysis. A high value of this sensitivity index indicates 

that the output variable is highly sensitive to the input variable considered. 𝜎𝑖 is the standard 

deviation of all the elementary effects due to ith input variable, higher value of which indicates 

non-linearity or interaction of the input variable with other variables of the model. 
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4.8.3. Model calibration and validation 

Calibration of the one-dimensional eutrophication model was carried out using the data ob-

tained from October 2017 to October 2018, and the model was then validated using the data 

obtained during the period October 2018 to February 2019. Euler rectangular method of in-

tegration was employed to solve all the differential equations involved in the model in 

MATLAB R2018b version. 

4.9. Summary 

This chapter aimed at providing to understand the limnology of wetlands in response to an-

thropogenic interferences to the natural ecosystem. A framework for the research was de-

signed, and this framework was further used to study different objectives. The changes oc-

curring in the natural ecosystem were primarily attributed to heavy metal and nutrient con-

tamination. Different novel methodologies adopted to study these changes have been pre-

sented in this chapter and finally validated through a eutrophic-based ecological model. 
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We never know the worth of water till the 
well is dry. 

- Thomas Fuller 

 

5 
Application of Environmetrics tools for geo-

chemistry, water quality assessment and ap-

portionment of pollution sources 
 
This chapter presents the results of the Ist objective of the research. A detailed insight into the 

pollution source identification and apportionment has been delivered. The chapter starts 

with the descriptive statistics of the water quality dataset, followed by the outputs of the dif-

ferent Environmetrics tools employed in the research. 

5.1. Descriptive statistics of the WQ dataset 

A summary of the overall descriptive statistics of various WQ parameters is shown in Table 

5. 1. It was observed that most of the elements exceeded the acceptable limit as set by 

IS:10500 (2012), which is an indicator for water contamination of the wetland. Only Cd ex-

hibited negative skewness, while all other parameters exhibited positive skewness, with a 

majority in the highly positively skewed (skewness > 1) category. This indicates that they 

have a long right-hand tail curve when normally distributed. As far as the kurtosis of the ob-

served dataset is concerned, about 57.2% of the parameters were observed to be of the Plat-

ykurtic category (Kurtosis < 3), thus indicating a flatter normally distributed curve. On the 

other hand, the rest were found to be Leptokurtic (kurtosis > 3), indicating a higher peak rep-

resentation of the normally distributed data. Overall WQ dataset has been represented 

through pattern plots, given in Appendix A of the thesis. 
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Table 5. 1. Statistical summary of different physio-chemical water quality parameters of Deepor Beel, 
Assam. 

Parame-

ter 

Unit of 

measure-

ment 

Max Min SD Mean 
Skew

ness 

Kurto-

sis 

IS:10500 

(2012) * 

DO mg/L 17.53 0.98 3.01 7.03 0.21 0.07 - 

pH pH units 8.51 5.31 0.52 6.72 0.64 0.76 6.5a - 8.5b 

EC µS/cm 0.58 0.13 0.08 0.28 0.79 0.73 - 

Turbidity NTU 114.50 0.30 20.26 21.16 1.65 2.56 1a - 5b 

TA mg/L as 

CaCO3 

182.00 20.06 29.83 84.15 1.31 1.71 200a - 

600b 

TH mg/L as 

CaCO3 

150.00 30.00 21.18 66.49 1.76 3.40 200a - 

600b 

BOD5 mg/L 98.60 4.50 14.28 20.27 2.29 7.72 - 

COD mg/L 416.87 12.12 57.43 82.05 1.87 5.75 - 

TDS mg/L 874.67 0.00 144.09 218.08 1.64 3.76 500a - 

2000b 

TSS mg/L 624.17 4.27 111.82 153.47 1.52 2.73 - 

F- mg/L 5.71 0.00 0.44 0.41 9.48 107.62 1.0a -1.5b 

Cl- mg/L 123.37 3.77 12.76 20.56 4.15 24.50 250a - 

1000b 

NO3- mg/L 30.11 0.00 3.38 1.65 5.31 34.97 45 

PO43- mg/L 4.99 0.00 1.13 0.92 1.61 1.57 - 

SO42- mg/L 110.81 2.41 14.30 16.38 3.09 12.78 200a - 

400b 

Na+ mg/L 48.20 0.67 9.92 8.19 1.37 1.11 - 

K+ mg/L 34.10 0.07 4.59 4.41 1.58 5.60 - 

Ca2+ mg/L 184.00 4.21 28.02 56.20 1.39 3.17 75a - 200b 

TKN mg/L 42.30 2.38 6.87 14.89 1.10 1.46 - 

Mg mg/L 9.26 0.01 2.73 4.85 0.29 1.23 30a - 100b 

Cr μg/L 466.40 1.80 36.52 44.40 1.26 0.77 0.05 

Cd μg/L 16.20 1.00 3.19 5.70 -0.07 1.43 0.003 

Fe μg/L 1606 49 280.62 553.40 1.15 1.59 0.3 

Mn μg/L 870 47.40 145.37 308 0.48 0.36 0.1a - 0.3b 

Cu μg/L 980 45 229.43 468.8 0.33 1.26 0.05a - 

1.5b 

Pb μg/L 87.50 3.00 14.66 21.80 1.96 5.56 0.01 

NH3- mg/L 5.57 0.20 0.70 1.19 2.12 7.24 0.5 

OrgN mg/L 39.83 2.18 6.35 13.69 1.12 1.59 - 
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* Standards prescribed by the Indian Standard Drinking Water – Specification (IS:10500 2012) (Sec-

ond Revision). 
a Requirement (Acceptable limit). 
b Permissible limit in the absence of any alternate source. 

It is also important to note that elements not having a permissible limit indicate no relaxation to 

their acceptable limit values. 
 

 5.2. Hierarchical clustering of sampling locations and its validation 

The hierarchical clustering of the 23 sampling locations of Deepor Beel resulted in classifying 

them into three major groups (clusters 1, 2, and 3), represented through a dendrogram (Fig. 

5. 1a). The clustering was then validated using the agglomeration schedule coefficients, which 

generated a plot like a scree plot, but only backward (Fig. 5. 1b). The number of agglomerative 

schedule coefficients represents heterogeneity in a cluster solution (known as the Stopping 

Rule in hierarchical clustering). Hence, our main objective was to maximize the heterogeneity 

(distinction) for obtaining better clustering results. A single factor solution (single cluster) is 

the most distinct, with the following best being the split-up of the cluster into two parts, i.e., 

the formation of two clusters. However, often, two numbers of clusters are not considered to 

be ideal. Hence, the check is carried out for three clusters, then four, and so on until no signif-

icant jump (flatter slope) arises wherein the distinction is considered unsuitable. In the cur-

rent study, it was observed that a steep slope was produced until the third cluster process, 

after which the slope of the curve became relatively flatter, thus indicating a lack of difference 

in the homogeneity among the clusters. This can also be visualized in Fig. 5. 1a, where distinct 

clusters were observed until the third clustering, after which the distance between the clus-

tering schedule decreased significantly with the formulation of new clusters. This provided a 

relatively unclear picture about the further clustering process. Thus, three clusters (Fig. 5. 1a) 

were considered for the analysis. The sites categorized into 3 clusters were then plotted on a 

GIS platform to visualize the sampling locations better (Fig. 5. 1c). It was observed that the 

three locations belonging to cluster 3 were in the closest proximity to the Boragaon landfill 

site, thus providing evidence for maximum possible contamination among all the locations. 

Furthermore, cluster 2 categorizes all the sites located in the middle portion of the wetland, 

which has remained devoid of any significant anthropogenic contamination, thus indicating 

the sites having the least pollution. Lastly, the locations categorized under cluster 1 were ob-

served to primarily belong to the areas proximate to the industrial complex (Western side of 

the wetland) or between the landfill site and the middle area. This is evidence of a moderate 

level of pollution, the sections between the landfill and the central portion of the wetland act-

ing as a transition zone between high and medium contamination, respectively. 
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(a) (b) 

 

(c) 

Fig. 5. 1. Hierarchical clustering (a) Dendrogram representation (b) validation of clustering and (c) 
representations of sampling locations through GIS plotting. 
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5.3. Discriminant analysis 

The discriminant analysis (DA) technique was employed on the raw WQ dataset to determine 

the Spatio-temporal variation of the WQ parameters. Standard and stepwise modes were 

used for constructing the classification functions (CFs) (Table 5. 2). It was observed that only 

9 (EC, TDS, TSS, PO43-, Na+, Mg, Cd, Pb and OrgN) out of the 28 parameters (based on the Fish-

er's Linear Discriminating Functions) were responsible for the discrimination, as well as the 

spatial variability among the three clusters. The generation of the CFs was validated using the 

classification matrix (Table 5. 3), which provided correct classifications among the discrimi-

nating functions using the stepwise mode of DA for 73.9% of the cross-validated grouped 

cases. The scores of the two functions were plotted (Fig. 5. 2a) along with the Wilk's lambda 

(λ) values of the discriminating functions (Fig. 5. 2b). The values of λ varied from 0 - 0.14, 

which is numerically insignificant, thus indicating that the classes or groups formed are dis-

tinctive and that there is minimum overlapping between them. 

Table 5. 2. Classification functions for discriminant analysis of the spatial variations along Deepor Beel. 

Classification Function Coefficients 

Standard mode Stepwise mode 

 
Cluster Cluster 

1.00 2.00 3.00 1.00 2.00 3.00 

DO -279.321 -217.418 -517.047    

pH -244.949 621.552 -1946.884    

EC 44886.626 56994.354 17176.709 15857.332 13221.401 13926.393 

Turbidity 11.420 -16.576 58.262    

Alkalinity 278.840 227.627 389.087    

Hardness 40.375 -16.160 136.897    

BOD5 -516.219 -422.640 -648.016    

COD 69.615 31.753 120.657    

TDS 54.132 44.286 79.294 -5.362 -4.031 -2.896 

TSS -1.473 .097 -1.858 -.418 -.177 .180 

F- 1972.947 1646.654 2419.821    

Cl- -81.130 -56.241 -109.744    

NO₃- -66.961 -47.201 -57.353    

PO43- 517.219 489.412 1596.487 524.481 569.092 943.303 

SO42- 3.645 13.609 -20.632    

Na+ 301.637 326.161 218.933 92.884 86.114 118.290 

K+ 187.663 85.017 440.358    

Ca2+ -69.354 -49.078 -110.620    

TKN 98.193 20.189 203.213    
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Mg 524.014 499.660 488.266 553.758 466.641 490.048 

Cr 726.350 713.277 582.055    

Cd 20755.572 20470.825 28886.247 64908.078 63699.964 95741.628 

Fe -3866.103 -3853.944 -3543.238    

Mn 4096.467 4151.461 3587.756    

Cu 18679.943 18892.675 17487.073    

Pb 4560.400 4596.263 3600.740 -13594.566 -12600.372 -16764.891 

NH3- -422.741 -441.312 -448.577    

OrgN 72.609 73.789 75.372 60.170 55.527 72.409 

(Constant) -25656.941 -24058.597 -29344.87 -4213.607 -3517.647 -6156.426 

Fisher's linear discriminant functions 

 

Table 5. 3. Classification matrix for discriminant analysis of the spatial variation along Deepor Beel. 

Classification Resultsa,c 

  
Cluster 

Predicted Group Membership 

Total 1 2 3 

Original 

Count 

1 11 0 0 11 

2 0 9 0 9 

3 0 0 3 3 

% Correct 

1 100.0 0 0 100.0 

2 0 100.0 0 100.0 

3 0 0 100.0 100.0 

Cross-validatedb 

Count 

1 8 1 2 11 

2 0 7 2 9 

3 1 0 2 3 

% Correct 

1 72.7 9.1 18.2 100.0 

2 0 77.8 22.2 100.0 

3 33.3 0 66.7 100.0 

a. 100.0% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified 

by the functions derived from all cases other than that case. 

c. 73.9% of cross-validated grouped cases correctly classified. 
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(a) 

 

(b) 

Fig. 5. 2. (a) Scatter plot for the spatial discrimination analysis of water quality variations across three 
clusters (DA stepwise mode) (b) Wilk’s Lambda values for the nine discriminating parameters. 
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5.4. Latent pollution sources 

PCA employed on the normalized WQ dataset resulted in the formation of two primary prin-

cipal components (PC-1 and PC-2), with eigenvalues > 1. KMO and Bartlett's sphericity test 

results (Table 5. 4) revealed the measure of sampling adequacy to be 0.742, with 253 degrees 

of freedom and a chi-square value of approximately 3743.39 and the value of p close to zero 

(p < 0.05). This indicates the validity of the PCA due to their statistical significance between 

the variables (Kaiser 1974). Fig. 5. 3 represents the rotation factor matrix (Varimax rotation) 

of the two PCs. Values of PCs, numerically less than ±0.3, were considered weak loadings, 

while those with numerically higher values than ±0.7 were regarded as PCs with a significant 

contribution with strong loading values. PCs with intermediate values ± (0.3-0.7) were re-

garded to having a moderate impact. 

 

Fig. 5. 3. Rotation factor matrix (Varimax with Kaiser Normalization). 

 

Table 5. 4. The results of KMO and Bartlett’s sphericity test (obtained through PCA). 

KMO and Bartlett's Testa 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy 0.742 

Bartlett's Test of Sphericity 

Approximate Chi-Square 3743.387 

Degrees of Freedom 253 

Significance level 0.000 
a Based-on correlations 
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It was clearly observed that COD, BOD5, TDS, EC, Cd, Cr, Fe, Pb, Cu, Mn, and Mg exhibited 

strong positive loadings for PC-1, indicating substantial anthropogenic interference such as 

the Boragaon landfill and the industries in the wetland. Strong negative loading of DO dis-

played promising results in PC-1 as the values of DO vary inversely with the BOD/COD values. 

Furthermore, moderate loading values for Cl-, NH3
-, turbidity, TKN, and OrgN indicate a sec-

ondary source of organic contamination to the wetland (possibly from the Basistha River, 

which drains its water primarily composing municipal wastewater into Deepor Beel). PC-2, 

however, showed a strongly favourable loading for TSS while having moderate loadings for 

TH and Ca, indicative of a natural surface water runoff being the major probable contributor. 

Fig. 5. 4 presents an overall summary of the PCA carried out for the WQ dataset. It pro-

vides the parameters (variables) which are associated more with a particular component 

along with the correlations existing between them. 

 

 

Fig. 5. 4. PCA analysis results showing plot between the two PCs in a rotated space. 

 
For example, it can be observed that BOD5, EC, TDS, COD, and all the metals were observed 

to have a higher affinity towards PC-1. Similar is the case for TA, DO and pH. However, they 

lie on the opposite quadrant, thus displaying a highly negative correlation. Similarly, TSS, TH, 

Na+, Ca2+, NO3
-, and F- are affiliated more towards PC-2, with F- and NO3

- being negatively cor-

related to other variables.  
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(a) 

 
(b) 

Fig. 5. 5. GIS mapping showing the distribution of principal factors (a) PC-1 and (b) PC-2 for each of 
the sampling locations. 
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Fig. 5. 5 is a spatial representation of the PC loading values (PC-1 and PC-2). Clearly, PC-1 

had higher loading values near the landfill site and the industrial zone, representing sites hav-

ing higher anthropogenic contamination factors (Fig. 5. 5a). Similarly, PC-2 showed higher 

values towards the central region of the wetland (Fig. 5. 5b), thus indicating natural factors of 

contamination of Deepor Beel. 

5.5. Source apportionment 

The source apportionment and various factor contributions were estimated using the EPA - 

PMF software, which considers the concentration and uncertainty factors as input to the 

model. The resulting input parameters then generated a signal/noise ratio for each of the WQ 

parameters. Based on the S/N ratio, the parameters were classified as Strong (S/N > 2), Weak 

(0.2 < S/N < 2) and Bad (S/N < 0.2) respectively. Four factors; 1, 2, 3, and 4, were considered 

for the PMF analysis to assess each of their contributions to the water pollution of Deepor 

Beel, based on the results of the iterations for each factor obtaining the minimum Q(Ro-

bust)/Qexp value (Table 5. 5). The model was then simulated, considering all the input pa-

rameters and the four factors, providing results, as shown in Fig. 5. 6 and Fig. 5. 7. It can be 

seen that Factor 1 is primarily dominated by BOD5 (69.3%), COD (71%), Cr (78.5%), Fe 

(71.9%), Mn (70.6%) and Pb (58.6%). This indicates a source rich in organic matter, as well 

as heavy metals. Thus, leaching from the Boragaon landfill site can be considered the major 

source of contamination for Factor 1 since the municipal landfill site leachates are highly or-

ganic due to various organic wastes (e.g. food wastes) being dumped into the landfill. Also, 

the inorganic wastes rich in heavy metals such as batteries, scrap, and unused metals contrib-

ute to the leaching of heavy metals (Chu et al. 1994). Furthermore, DO (79.1%), pH (46.9%), 

TA (53.6%), TH (42.3%), Turbidity (51.4%), K+ (48.7%) and Ca2+ (51.2%) were observed to 

have significant contribution to water contamination of Deepor Beel pertaining to Factor 2. 

This is an indicator of a natural cause of pollution, such as surface water runoff. Similarly, for 

Factor 3, TDS (57.5%), NO3
- (55.4%), PO4

3- (63.5%), Na+ (63%), Mg2+ (83.2%), Cd (73.7%), 

and Cu (74%) were found to be the predominating parameters. Industrial wastewater efflu-

ents enriched with contagious trace metal elements along with cations and anions might be 

the primary factor responsible for this. Finally, TKN (67.6%), NH3
- (68.8%) and OrgN (67.2%) 

were found to be the parameters affecting Factor 4 the most. This indicates contamination 

from a source primarily rich in nutrients. Thus, discharge from Basistha River (carrying large 

concentrations of domestic sewage) might be the primary factor responsible. Fig. 5. 6a and 

Fig. 5. 6b represent the Factor Figureprints and the normalized contributions for all the 28 

WQ parameters, summarising the PMF results. 
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Table 5. 5. Summary of PMF and EE diagnostics by a run for water quality data of Deepor Beel. 

Diagnostic 2 factors 3 factors 4 factors 5 factors 6 factors 7 factors 

Qexp 247.9 358.1 1358.1 2043.1 830.4 375.8 

Q(True) 9731.1 7069.0 1566.9 3288.5 3290.6 4023.8 

Q(Robust) 9649.1 7017.3 1566.8 3245.3 3300.0 4001.9 

Q(Robust)/Qexp 38.92 19.59 1.15 1.59 3.97 10.64 
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Fig. 5. 7. PMF source profiling of 28 WQ parameters for Deepor Beel. 
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5.6. Summary 

This study presented a detailed insight into the geochemistry and assessment of water quality 

as well as apportioning of various pollution sources contributing to the water contamination 

of Deepor Beel using different Environmetrics tools. Critical concluding remarks of the study 

are as follows: 

a. Hierarchical clustering categorized the 23 sampling locations of the study area into three 

statistically distinct clusters. The clustering process was further validated using the "Stop-

ping Rule". It was observed that the sites closest to the Boragaon landfill, locations present 

in the central portion and the industrial zone of the wetland formed separate and distinct 

clusters based on the site similarities. They were considered as sites of high, low, and 

moderate contaminations, respectively. 

b. The discriminant analysis provided the significance of clustering by discriminating the 

parameters responsible. Nine (EC, TDS, TSS, PO4
3-, Na+, Mg, Cd, Pb and OrgN) out of 28 

parameters were responsible for the discrimination and the spatial variability among the 

three clusters. Low Wilk's λ values also validated that the groups formed were distinctive 

with minimum overlapping between them. 

c. The principal component analysis applied to the normalized dataset yielded two principal 

components, which aided in identifying potential pollution sources. PC-1 indicated an-

thropogenic contamination as the primary source, while PC-2 suggested natural phenom-

ena such as surface water runoff to be the primary source. Spatial representation of the 

sites also revealed similar results. 

d. The WQ dataset matrix was finally subjected to factorization generating a model for 

source apportionment. Leaching from the Boragaon landfill site, surface water runoff, dis-

charge of effluents from the industries in the wetland and discharge from Basistha River 

were found to be the significant factors for the pollution of Deepor Beel. 
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We still have too much air and water pollution 
and we still need to work to reduce it. But we 
also need to put the problem of pollution into 
a historical as well as scientific perspective. 

- Ronald Reagan 

 

6 
Indexing approach to assessing water quality 

depending on end-use of water 
 
This chapter provides detailed insights into the results obtained for Objective II. The spatio-

temporal variations of water quality in Deepor Beel for different end-uses of water have been 

assessed through two primary indexing techniques, i.e., information entropy and multivariate 

statistics.  

6.1. Assessment of overall water quality 

For assessment of the overall water quality of Deepor Beel, the entire water quality dataset 

was divided seasonally into three categories; pre-monsoon (January-March), monsoon 

(April-September), and post-monsoon (October-December) period. 

6.1.1. Modified Entropy-weighted WQI approach 

Table 6. 1 and Fig. 6. 1 provide a detailed representation of the Spatio-temporal variability of 

the MEWQI. 

Table 6. 1. Percentage distribution (sampling locations) of MEWQI classes across various seasons. 

Classes Pre-monsoon Monsoon Post-monsoon 

Excellent 0.00 0.00 0.00 

Very Good 4.35 0.00 0.00 

Good 65.22 0.00 47.83 

Fair 21.74 0.00 39.13 

Poor 8.70 56.52 8.70 

Extremely Poor 0.00 43.48 4.35 
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(a) 

  

(b) (c) 

 

(d) 

Fig. 6. 1. Spatio-temporal variation of MEWQI. 
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The pre-monsoon period was observed to be the best as far as the water quality of Deepor 

Beel is concerned, as more than 65% of the sampling locations fell under the "Good" category, 

while none of the locations was classified as "Extremely Poor". However, the sampling loca-

tions 9 and 15 fell under the "Poor" category, while the 16th location had a MEWQI value of 

just less than 200 (197). These locations are the closest to the Boragaon landfill, while site 15 

is the confluence point of Deepor Beel and the Basistha River, thereby rendering it very high 

MEWQI values, even during the lean period. Additionally, site 17 fell under the "Very Good" 

category, making it the cleanest site. 

The monsoon was observed to have the most adverse effect on the water quality of Deepor 

Beel, as all locations, irrespective of their proximity to any probable pollution source, fell un-

der the "Poor" or "Extremely Poor" category. The MEWQI values varied from a minimum of 

203 to a maximum of well over 450, thereby showing the extent of pollution in the entire 

wetland. This is primarily attributed to large amounts of leaching from the solid waste 

dumpsite and the discharges from the industries. Also, vast amounts of stormwater runoff 

from the vicinity of the area, such as the Rani and Garbhanga forest reserve, further enhance 

water pollution. Significant discharges of heavy metals and organic loadings were found to be 

the major contributing factor for the degradation of water quality during the monsoon. 

For the post-monsoon period, the water quality remains more or less within the "Good" 

and "Fair" range, while some sites (9 and 16) remained within the "Poor" category. Location 

15 fell under the "Extremely Poor" category. This is indicative of the receding monsoon, and 

with that, the leaching of contaminants from various pollution sources is also reduced to a 

considerable extent. This makes the wetland less susceptible to water pollution, and thus the 

water quality starts improving with the advent of the pre-monsoon period. 

To understand the proposed method's efficacy, a significantly reliable tool known as the 

cluster analysis was employed on the water quality dataset, averaged over the entire sam-

pling period. IBM SPSS Statistics (v.25) was used for the computation process. Ward's method 

employing the Squared Euclidean distance method was employed after the entire dataset was 

normalized using the Z-scale transformation (Wilks 2011). The clustering process resulted in 

a graphical interpretation through a dendrogram, which provided information regarding the 

high intra-cluster and low inter-cluster similarities (Fig. 6. 2a) (Shrestha & Kazama 2007). 

Clearly, at Dlink/Dmax = 10, the 23 sampling locations were found to be categorized into three 

clusters; Clusters 1, 2, and 3, the spatial mapping of which as shown in Fig. 6. 2b. It was ob-

served that locations 9, 15, and 16 (cluster 1) displayed similar behaviour, verified by the 

MEWQI values obtained. These three locations always displayed significantly higher yet nu-

merically closer values even during the lean periods of pre-monsoon and post-monsoon. This 
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makes them highly polluted (HP) locations. Likewise, cluster 2 (locations 1, 2, 3, 5, 6, 8, 10, 

14, and 17) primarily comprise locations with considerably low pollution (LP). This is also 

reflected in the MEWQI values obtained, as shown in Fig. 6. 1, wherein these locations consti-

tuted the minimum MEWQI values, with 17 being the cleanest site, during the pre-monsoon 

period, having a value less than 100. Lastly, the third cluster (locations 4, 7, 11, 12, 13, 18, 19, 

20, 21, 22, and 23) constituted sites of relatively moderate pollution (MP), which is also in-

dicative of the MEWQI values that lied between the HP and LP locations. It is also interesting 

to observe that sites 7, 11, 12, and 13 acted as a buffer zone between clusters 1 and 2, making 

it even more convenient to understand the reliability of the use of the proposed MEWQI meth-

odology. 

6.1.2. PC-weighted WQI approach 

For determining the PCA-WQI values, the first step was to categorize the sampling locations 

based on their similarities. The HCA classified the sampling locations into three principal cat-

egories, as depicted through dendrogram and spatial representation through Fig. 6. 2. Clearly, 

cluster 1 represents high pollution sites, owing to their proximity to the landfill. Cluster 2 

indicates sites receiving the minimum pollution, while cluster 3 represents sites with moder-

ate pollution loadings; the pollution levels lie between clusters 1 and 2. Additionally, as the 

sites progress from the high pollution to the minimum pollution, a transition occurs between 

them, represented by sites 7, 11, 12 and 13 (moderate pollution).  

Post HCA, PCA on each cluster was carried out, resulting in principal components, i.e., PCs 

used to estimate sub-index values. The PCs for each cluster are given in Table 6. 2. It is evident 

that cluster 1 is primarily attributed to the anthropogenic contamination due to the leaching 

from the Boragaon landfill. This is because PC-1, which contributes to nearly 61% of the var-

iance, is governed by parameters such as DO, BOD, PO4
3-, SO4

2-, Ca2+, Mg2+, Cr, Cd, Fe, Mn, Cu, 

and Pb, which are strong indicators of anthropogenic contamination. Negative DO is at-

tributed to positive BOD, as both vary inversely to each other. Likewise, cluster 2 is primarily 

attributed to natural contamination and minimum anthropogenic interferences.  

This is because PC-1 of cluster 2 that accounts for nearly 54% of the variances are gov-

erned by naturally contaminating components, such as pH, EC, Turbidity, TA, TDS, and PO43-. 

Furthermore, cluster 3 is primarily attributed to heavy metal leaching from the industries 

located nearby. This is attributed to PC-1 of cluster 3, which accounts for about 50% of the 

variances and is governed by parameters such as EC, and heavy metals like Mg2+, Cr, Cd, Fe, 

Mn, Cu, and Pb. 
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(b) 

Fig. 6. 2. Result of the cluster analysis through (a) a Dendrogram and (b) its spatial extent. 

 

(a) 
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Table 6. 2. Varimax-rotated component matrix for different water quality parameters for 23 different 
monitoring locations of Deepor Beel (Rotation method: Varimax with Kaiser normalization). 

(a) Cluster 1 

Eigenvalue 14.627 9.373 

Variance (%) 60.945 39.055 

Cumulative variance (%) 60.945 100 

Principal Component 1 2 

DO -0.994 0.111 

pH -0.952 -0.306 

EC 0.932 -0.363 

Turbidity -0.195 -0.981 

TA -0.932 0.363 

TH 0.261 -0.965 

BOD 0.996 0.087 

TDS 0.994 -0.112 

F- 0.321 0.947 

Cl- 0.819 -0.574 

NO3- -0.215 0.977 

PO43- -0.818 -0.576 

SO42- 0.946 0.323 

Na+ -0.363 0.932 

K+ 0.429 0.903 

Ca2+ 0.958 0.286 

Mg2+ 0.995 -0.100 

Cr 0.975 0.224 

Cd 0.975 -0.22 

Fe 0.892 0.451 

Mn 0.985 0.171 

Cu 0.999 0.039 

Pb 0.966 0.259 

NH4- -0.293 -0.956 

(b) Cluster 2 

Eigenvalue 12.892 4.204 2.445 2.089 1.256 

Variance (%) 53.715 17.516 10.186 8.702 5.234 

Cumulative variance (%) 53.715 71.231 81.418 90.12 95.354 

Principal Component 1 2 3 4 5 

DO -0.899 -0.318 0.185 -0.018 -0.081 

pH -0.864 -0.294 0.326 0.169 -0.002 

EC 0.912 0.382 -0.066 0.072 0.103 

TH-2896_176104004



Indexing approach to assessing water quality… Chapter | 6 

Indian Institute of Technology Guwahati Page | 171 

Turbidity 0.743 0.555 0.114 0.176 0.041 

TA -0.85 -0.332 0.281 0.007 -0.044 

TH 0.111 -0.214 0.943 -0.042 -0.144 

BOD 0.877 0.457 -0.073 0.044 0.1 

TDS 0.871 0.446 -0.11 0.031 0.099 

F- 0.015 -0.032 -0.057 -0.992 0.028 

Cl- 0.155 -0.145 -0.388 -0.576 0.658 

NO3- -0.55 0.187 0.785 0.164 -0.056 

PO43- 0.816 0.384 0.378 0.005 0.109 

SO42- -0.108 -0.389 -0.14 0.272 0.819 

Na+ -0.011 0.143 0.648 0.412 -0.142 

K+ 0.201 -0.111 0.064 0.767 0.501 

Ca2+ -0.238 -0.199 0.937 -0.036 -0.109 

Mg2+ 0.361 0.922 -0.087 -0.046 -0.082 

Cr 0.411 0.89 -0.149 -0.033 -0.091 

Cd 0.608 0.786 0.014 0.057 0.062 

Fe 0.274 0.924 -0.158 -0.058 -0.153 

Mn 0.414 0.908 0.022 0.04 -0.008 

Cu 0.261 0.961 0.018 0.047 -0.06 

Pb 0.565 0.807 0.058 0.084 0.068 

NH4- 0.453 0.233 -0.229 -0.006 0.776 

(c) Cluster 3 

Eigenvalue 11.928 4.064 2.607 1.414 1.355 

Variance (%) 49.702 16.933 10.864 5.893 5.644 

Cumulative variance (%) 49.702 66.634 77.499 83.392 89.036 

Principal Component 1 2 3 4 5 

DO -0.974 0.05 -0.065 0.087 0.096 

pH -0.827 -0.024 -0.363 0.275 -0.078 

EC 0.978 -0.006 -0.053 -0.031 -0.039 

Turbidity -0.35 -0.644 0.096 -0.264 0.602 

TA -0.976 0.012 -0.05 -0.086 0.103 

TH -0.289 0.541 0.268 -0.06 -0.646 

BOD 0.961 0.011 0.053 -0.129 -0.056 

TDS 0.95 0.000 0.008 -0.132 -0.131 

F- 0.184 -0.197 -0.312 -0.496 -0.31 

Cl- -0.253 0.445 0.255 0.287 -0.049 

NO3- 0.265 0.087 0.907 0.249 -0.007 

PO43- 0.201 -0.271 -0.015 0.914 0.024 

SO42- 0.038 0.007 -0.077 0.179 0.767 
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Na+ -0.072 0.469 0.786 0.027 -0.314 

K+ -0.599 0.75 -0.11 -0.14 0.197 

Ca2+ 0.05 0.876 0.339 -0.101 -0.136 

Mg2+ 0.972 -0.102 -0.029 0.175 0.03 

Cr 0.971 -0.085 -0.046 0.138 0.099 

Cd 0.939 -0.01 -0.096 0.143 0.191 

Fe 0.966 -0.142 0.066 0.123 0.066 

Mn 0.977 -0.121 0.02 0.116 0.079 

Cu 0.912 -0.321 0.117 0.049 -0.045 

Pb 0.961 -0.006 -0.033 0.174 0.099 

NH4- 0.163 0.42 0.307 0.631 0.161 

 
The PCs obtained from the PCA for each independent cluster were then used to compute 

the sub-index values, details of which are represented in Table 6. 3. The weights computed 

from Table 6. 3 were finally employed to determine the overall PCA-WQI through Eq. 4.37.  

Table 6. 3. Weights for different variables in water samples from Deepor Beel. 

(a) Cluster 1 

PC 
Eigen-

value 

Relative eigen-

value 
Variable 

Loading 

Value 

Relative Loading 

Value 
Weight 

1 14.627 0.609 DO 0.994 0.062 0.038 

   pH 0.952 0.059 0.036 

   EC 0.932 0.058 0.035 

   TA 0.932 0.058 0.035 

   BOD 0.996 0.062 0.038 

   TDS 0.994 0.062 0.038 

   Cl- 0.819 0.051 0.031 

   PO43- 0.818 0.051 0.031 

   SO42- 0.946 0.059 0.036 

   Ca2+ 0.958 0.059 0.036 

   Mg2+ 0.995 0.062 0.038 

   Cr 0.975 0.060 0.037 

   Cd 0.975 0.060 0.037 

   Fe 0.892 0.055 0.034 

   Mn 0.985 0.061 0.037 

   Cu 0.999 0.062 0.038 

   Pb 0.966 0.060 0.037 

   Total 16.128   

2 9.373 0.391 Turbidity 0.981 0.147 0.058 
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   TH 0.965 0.145 0.057 

   F- 0.947 0.142 0.056 

   NO3- 0.977 0.147 0.057 

   Na+ 0.932 0.140 0.055 

   K+ 0.903 0.136 0.053 

   NH4- 0.956 0.144 0.056 

   Total 6.661   

(b) Cluster 2 

PC 
Eigen-

value 

Relative eigen-

value 
Variable 

Loading 

Value 

Relative Loading 

Value 
Weight 

1 12.892 0.563 DO 0.899 0.132 0.074 

   pH 0.864 0.126 0.071 

   EC 0.912 0.133 0.075 

   Turbidity 0.743 0.109 0.061 

   TA 0.850 0.124 0.070 

   BOD 0.877 0.128 0.072 

   TDS 0.871 0.127 0.072 

   PO43- 0.816 0.119 0.067 

   Total 6.832   

2 4.204 0.184 Mg2+ 0.922 0.149 0.027 

   Cr 0.890 0.144 0.026 

   Cd 0.786 0.127 0.023 

   Fe 0.924 0.149 0.027 

   Mn 0.908 0.146 0.027 

   Cu 0.961 0.155 0.028 

   Pb 0.807 0.130 0.024 

   Total 6.198   

3 2.445 0.107 TH 0.943 0.285 0.030 

   NO3- 0.785 0.237 0.025 

   Na+ 0.648 0.196 0.021 

   Ca2+ 0.937 0.283 0.030 

   Total 3.313   

4 2.089 0.091 F- 0.992 0.564 0.051 

   K+ 0.767 0.436 0.040 

   Total 1.759   

5 1.256 0.055 Cl- 0.658 0.292 0.016 

   SO42- 0.819 0.364 0.020 

   NH4- 0.776 0.344 0.019 

   Total 2.253   
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(c) Cluster 3 

PC 
Eigen-

value 

Relative eigen-

value 
Variable 

Loading 

Value 

Relative Loading 

Value 
Weight 

1 11.928 0.558 DO 0.974 0.079 0.044 

   pH 0.827 0.067 0.037 

   EC 0.978 0.079 0.044 

   TA 0.976 0.079 0.044 

   BOD 0.961 0.078 0.043 

   TDS 0.950 0.077 0.043 

   Mg2+ 0.972 0.079 0.044 

   Cr 0.971 0.079 0.044 

   Cd 0.939 0.076 0.042 

   Fe 0.966 0.078 0.044 

   Mn 0.977 0.079 0.044 

   Cu 0.912 0.074 0.041 

   Pb 0.961 0.078 0.043 

   Total 12.364   

2 4.064 0.190 Turbidity 0.644 0.237 0.045 

   Cl- 0.445 0.164 0.031 

   K+ 0.750 0.276 0.053 

   Ca2+ 0.876 0.323 0.061 

   Total 2.715   

3 2.607 0.122 NO3- 0.907 0.536 0.065 

   Na+ 0.786 0.464 0.057 

   Total 1.693   

4 1.414 0.066 F- 0.496 0.243 0.016 

   PO43- 0.914 0.448 0.030 

   NH4- 0.631 0.309 0.020 

   Total 2.041   

5 1.355 0.063 TH 0.646 0.457 0.029 

   SO42- 0.767 0.543 0.034 

   Total 1.413   

 
Fig. 6. 3 details the PCA-WQI values obtained for all 23 sampling locations of Deepor Beel 

for all three seasons. The spatio-temporal maps depicting the variation of water quality in the 

wetland clearly indicates that the monsoon plays a significant role in the deterioration of the 

water quality of Deepor Beel. Additionally, the principal governing factor for water pollution 

remains the Boragaon landfill, which is evident from the pre-monsoon and post-monsoon 

plots. 
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(a) 

  

(b) (c) 

 

(d) 

Fig. 6. 3. Spatio-temporal variation of PCA-WQI. 
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The results obtained from both the methodologies, i.e., modified entropy weighted method 

and multivariate statistical method, are found to go hand-in-hand with one another, as is clear 

from Fig. 6. 1 and Fig. 6. 3. Now, prior to the application of the methods in any monitoring 

programme, it is essential that we test the reliability of both methods. Hence, sensitivity anal-

yses were conducted to test the reliability of a model and the impact of a particular input 

parameter on the assessed results.  

The effects of removing each physico-chemical parameter on the MEWQI and PCA-WQI 

score are represented in Fig. 6. 4 and Fig. 6. 5. It was observed that for MEWQI, the overall 

sensitivity value varied from 0.16 – 1.49%, with an average value of 0.39%. It was further 

observed from the box-plot that BOD5 showed the maximum sensitivity at 1.49%, which was 

followed by PO43-, while other parameters displayed near similar characteristics in the varia-

bility (Fig. 6. 4a). The effects of various parameters on all 23 sampling locations are shown in 

Fig. 6. 4b, wherein it was observed that BOD5 was the most sensitive to locations 15 and 16, 

while PO43- was the most sensitive to locations primarily in the central portion of the wetland, 

thus indicating organic contamination and use of agro-based fertilizers to have more impact 

on the water quality of these locations, respectively. Similarly, for PCA-WQI, the sensitivity 

values varied from 0.19 – 2.00%, with an average value of 0.63%. In this case, the maximum 

sensitivity was shown by Cl-, which was followed by Na+ and Ca2+. Fig. 6. 5b shows the sensi-

tivity values in pattern plots for all the sampling locations. It was observed that site 6 was the 

most sensitive towards the three parameters, which shows natural contamination to have 

played a major role in the impact of water quality in this area. 

However, the MEWQI and PCA-WQI values were not found to be sensitive to any particular 

or a few parameters, thus suggesting that values obtained from both methods did not have a 

significant impact on the removal of any one or a few parameters. In other words, the devel-

oped indices did not possess excessive reliance on a few specific parameters; instead, all pa-

rameters played an equal role in assessing water quality (Abtahi et al. 2015). This suggests 

that the development of the proposed MEWQI and PCA-WQI are correct as well as extremely 

reliable.  

 

TH-2896_176104004



In
d

exin
g ap

p
ro

ach
 to

 assessin
g w

ater q
u

ality…
 

C
h

ap
ter | 6

 

In
d

ian
 In

stitu
te o

f T
ech

n
o

lo
g

y
 G

u
w

ah
ati 

P
age | 1

7
7

 

 
(b) Pattern plot showing spatial extent 

Fig. 6. 4. Sensitivity analysis of the parameters involved in estimation of MEWQI. 

 

(a) Box plot showing statistics of sensitivity values for all parameters 
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(b) Pattern plot showing spatial extent 

Fig. 6. 5. Sensitivity analysis of the parameters involved in estimation of PCA-WQI. 

 

(a) Box plot showing statistics of sensitivity values for all parameters 
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6.2. Assessment of water quality for specific end-use 

6.2.1. Assessment of water quality for heavy metal contamination 

Similar procedures to assessing overall water quality were employed to determine the heavy 

metal contamination in a water body. The results obtained for both methods are discussed 

herewith. 

6.2.1.1. Modified entropy-weighted WQI approach 

For modified entropy-weighted heavy metal index (MEHMI), it was observed that monsoon 

played a crucial role in the heavy metal contamination in the water column of the wetland, 

particularly in the sites proximate to the Boragaon landfill (Fig. 6. 6). This is followed by the 

region in the industrial complex (in the western part). Monsoon is followed by the post-mon-

soon period, while the pre-monsoon period remained the best among the three seasons, as 

far as heavy metal contamination is concerned. This is primarily attributed to the discharge 

of heavy metals in significant concentrations from the landfill (in the form of leachates) fol-

lowed by the small-and-large-scale industries. During the pre-monsoon period, there is min-

imum leaching from the landfill as well as industrial effluents, which makes it relatively less 

contaminated. 

6.2.1.2. PC-weighted WQI approach 

To determine the proposed heavy metal index, HCA was first applied to the raw water quality 

dataset, which rendered a dendrogram (Fig. 6. 7a), categorizing the 23 monitoring locations 

into three statistically significant clusters at Dlink/Dmax <5. Cluster 1 comprised eight sites (1, 

2, 3, 5, 6, 8, 10 and 17), which correspond to sites in the mid-zone of the wetland. Similarly, 

cluster 2 and cluster 3 encompassed 7 (7, 9, 11, 12, 13, 15 and 16) and 8 (4, 14, 18, 19, 20, 21, 

22 and 23) sites, respectively. Sites included in cluster 2 were adjacent to the solid waste 

landfill site and cluster 3 mostly comprised of sites proximate to the industrial zone, except 

site 14. Based on the average heavy metal concentrations in these clusters, clusters 1, 2 and 3 

were assigned as regions of low pollution (LP), heavy pollution (HP), and moderate pollution 

(MP) sites, respectively. Fig. 6. 7b provides a spatial representation of the sites, classified 

based on HCA, showing the transition of various locations from one cluster to another. 

PCA was then applied independently on the datasets of each cluster, which assisted in data 

reduction and the identification of various pollution sources. Table 6. 4 summarizes the re-

sults obtained from PCA, including eigenvalues, (cumulative) variance and communalities. 

The loading values were graded as “strong”, “moderate”, and “weak” for values >0.75, 0.50 – 

0.75, and 0.30 - 0.50, respectively (Liu et al. 2003).  
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(a) 

  
(b) (c) 

 
(d) 

Fig. 6. 6. Spatio-temporal variation of MEHMI. 
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Three different principal components (PCs), accounting for about 85% of the total cumu-

lative variance, were extracted for the dataset corresponding to cluster 1. Factor 1, accounta-

ble for 47.25% of the variance, displayed strong loadings for Cu and Mn, moderate for Fe and 

Cd and weak loadings for Pb. Similarly, factor 2, accounting for an additional 21.92% of the 

variance, exhibited strong positive loadings for Cr, whereas weak loading values were found 

for Mg and Mn. Although Cr shows a strongly favourable loading for cluster 1, it can be ob-

served that the concentration of Cr in these sites are well within the acceptable limits laid 

down by WHO and IS 10500: 2012 (Annexure A). Finally, factor 3, responsible for 15.86% of 

the variance, showed a strongly favourable loading on Pb, moderate loading on Mg, and weak 

loading on Mn. Based on the above analysis, it can be clearly indicated that sites pertaining to 

cluster 1 primarily represent pollution due to the wearing of rocks and topsoil. 

 

  

(a) Ward’s minimum variance Dendrogram (b) Spatial representation 

Fig. 6. 7. Result of cluster analysis for the estimation of HMI. 

 
Likewise, only one PC was extracted for the datasets pertaining to both clusters 2 and 3. 

The factor loadings obtained for cluster 2 signified 91.2% of the total variance, whereas clus-

ter 3 accounted for 96.72% of the variance. Both clusters indicated very strong positive load-

ings for all the heavy metals. Also, the heavy metal concentrations in these sites were higher 

than the permissible limits for most of the year, suggesting a single pollution source. Sites 

corresponding to cluster 2 may be presumed to be heavily affected by contamination from 

the landfill, whereas, on the other hand, effluents from the industries adjacent to the sites of 

cluster 3 may be the dominant source for the degradation of water quality. 
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Table 6. 4. Varimax rotated component matrix for metals for 23 different monitoring locations of Deepor 
Beel (Rotation method: Varimax with Kaiser normalization). 

(a) Cluster 1 

Eigenvalues 

Variance (%) 

Cumulative variance (%) 

3.308 

47.251 

47.251 

1.534 

21.919 

69.169 

1.110 

15.855 

85.024 
Communalities 

Variable Factor 1 Factor 2 Factor 3 

Cu 0.793 -0.510 0.030 0.889 

Mg -0.754 0.278 0.528 0.925 

Mn 0.751 0.379 0.260 0.776 

Fe 0.705 -0.142 0.094 0.525 

Cr -0.016 0.941 0.008 0.885 

Cd 0.624 -0.750 -0.102 0.962 

Pb 0.130 -0.010 0.986 0.989 

(b) Cluster 2 

Eigenvalues 

Variance (%) 

Cumulative variance (%) 

6.383 

91.181 

91.181 
Communalities 

Variable Factor 1 

Cu 0.935 0.875 

Mg 0.983 0.967 

Mn 0.896 0.803 

Fe 0.956 0.914 

Cr 0.989 0.979 

Cd 0.972 0.946 

Pb 0.949 0.900 

(c) Cluster 3 

Eigenvalues 

Variance (%) 

Cumulative variance (%) 

6.770 

96.718 

96.718 
Communalities 

Variable Factor 1 

Cu 0.982 0.965 

Mg 0.998 0.996 

Mn 0.996 0.992 

Fe 0.966 0.934 

Cr 0.996 0.992 

Cd 0.991 0.982 

Pb 0.954 0.909 
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Table 6. 5. Weights for different variables for determining HMI values. 

(a) Cluster 1 

PC 

(1) 

Eigen-

value 

(2) 

Relative Eigen-

value 

(3) 

Varia-

ble 

(4) 

Loading 

value 

(5) 

Relative Loading 

value 

(6) 

Weight 

(3)×(6) 

1 3.308 0.556 

Cu 0.793 0.276 0.153 

Mn 0.751 0.261 0.145 

Fe 0.705 0.245 0.136 

Cd 0.624 0.217 0.121 

 Total 2.873   

2 1.534 0.258 Cr 0.941 1.000 0.258 

3 1.110 0.186 
Mg 0.528 0.349 0.065 

Pb 0.986 0.651 0.121 

 Total 1.514   

(b) Cluster 2 

1 6.383 1.000 

Cu 0.935 0.140 0.140 

Mg 0.983 0.147 0.147 

Mn 0.896 0.134 0.134 

Fe 0.956 0.143 0.143 

Cr 0.989 0.148 0.148 

Cd 0.972 0.146 0.146 

Pb 0.949 0.142 0.142 

   Total 6.68   

(c) Cluster 3 

1 6.770 1.000 

Cu 0.982 0.143 0.143 

Mg 0.998 0.145 0.145 

Mn 0.996 0.145 0.145 

Fe 0.966 0.140 0.140 

Cr 0.996 0145 0.145 

Cd 0.991 0.144 0.144 

Pb 0.954 0.139 0.139 

   Total 6.883   
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(a) 

  
(b) (c) 

 
(d) 

Fig. 6. 8. Spatial variation of HMI values across Deepor Beel stretch. 
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The weight coefficients (pi) assigned for each metal, estimated from PCA, for individual 

clusters are provided in Table 6. 5. The HMI values for the 23 monitoring locations were eval-

uated based on equation 5, taking the annual mean concentrations of heavy metals into ac-

count. The HMI values ranged from 73.08 to 202.83, with a mean value of 123.52, indicating 

the water in Deepor Beel to be “Poor”. A spatial representation of the HMI values is shown in 

Fig. 6. 8, which clearly indicates the sites proximate to the solid waste landfill to be the most 

contaminated. Leaching from the contaminated landfill, especially during monsoon, might be 

the possible reason for the degraded water quality. 

6.2.1.3. Correctness of MEHMI and HMI values 

As stated in Chapter 4, the correctness of the proposed indices was checked by comparing 

them with the already existing indices. The results obtained are described as follows. 

HPI 

HPI values obtained from Eq. 4.45 and 4.46 have been tabulated in Table 6. 6. A spatial repre-

sentation of the HPI values is also shown in Fig. 6. 9. It was observed that only 30.4% of the 

monitoring locations of Deepor Beel exceeded the critical pollution limit. These primarily con-

stitute the sites proximate to the landfill, thus indicating leaching effects as the predominant 

cause for pollution in the wetland. The mean HPI value of all sites was found to be 75.77, 

which is well below the critical limit. 

 

Fig. 6. 9. Spatial variation of HPI values across Deepor Beel stretch. 
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CI 

CI values have been calculated using Eq. 4.47, considering the mean annual heavy metal con-

centrations for each site and the permissible limits as per the guidelines in IS:10500 (2012). 

Table 6. 6 and Fig. 6. 10 provide the estimated CI values and a spatial representation, respec-

tively. It was observed that 30% of the sites fall under the “High” contamination group, 

whereas only 13% constitutes “Medium” contaminated sites. A large percentage (57%) of the 

sites are still in the “Low” contamination category. The sites which fall under the high con-

tamination category are found to be near the landfill. On the other hand, a large portion of the 

area close to the industrial zone still comes under the low contamination category. This indi-

cates that the landfill is one major contributor to water pollution in Deepor Beel as far the 

heavy metals are concerned, whereas the effluents from the industries do not have a similar 

effect. 

 

Fig. 6. 10. Spatial variation of CI values along Deepor Beel. 

 

HEI 

HEI values ranged from 5.14 to 14.24, with a mean value of 8.68. The values were divided into 

three groups based on the multiple of the mean value to differentiate between various pollu-

tion levels such as “Low (HEI < 9)”, “Medium (9 < HEI < 18)” and “High (HEI > 18)” (Edet & 

Offiong 2002). Based on these classification ranges, it was observed that about 70% of the 

sites fall under the “Low” category, while none are classified to be highly contaminated. 
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Table 6. 6. Values of various indices for sampling stations along Deepor Beel with their descriptive statis-
tics (averaged over the entire sampling period). 

Sampling 

Stations 
HPI values CI values HEI values MEHMI values HMI values 

1 51.29 0.84 5.14 56.04 73.08 

2 51.35 1.29 5.73 153.93 81.40 

3 51.02 1.01 5.42 63.75 77.45 

4 52.94 2.89 8.22 81.95 116.71 

5 58.89 1.33 5.68 69.05 79.44 

6 47.48 1.01 5.42 34.65 77.50 

7 127.98 7.78 13.21 178.23 188.15 

8 53.37 1.31 5.74 58.64 81.38 

9 133.84 8.18 13.62 177.27 194.13 

10 54.61 1.26 5.67 162.86 80.26 

11 114.63 6.81 12.24 170.05 174.32 

12 123.77 7.36 12.80 160.66 182.29 

13 116.58 6.57 12.00 191.23 171.21 

14 50.84 2.05 6.95 65.85 98.77 

15 143.79 8.77 14.24 211.12 202.83 

16 139.59 8.66 14.12 197.97 201.11 

17 49.84 1.07 5.55 59.91 79.22 

18 57.10 3.52 8.92 147.01 126.58 

19 55.38 3.20 8.55 84.60 121.37 

20 52.69 2.70 7.97 79.50 113.23 

21 52.09 2.56 7.74 76.81 110.01 

22 51.93 2.41 7.52 73.06 106.84 

23 51.68 2.28 7.30 70.00 103.66 

Minimum 47.48 0.84 5.14 34.65 73.08 

Maximum 143.79 8.77 14.24 211.12 202.83 

Mean 75.77 3.69 8.68 114.09 123.52 

 
The major difference between HPI, MEHMI, and HMI can be inferred from Fig. 6. 9, Fig. 6. 

8, and Fig. 6. 6. The primary difference lies with sites 4 and 18-23, which show nominal water 

quality with respect to heavy metal contamination based on HPI values. On the other hand, 

MEHMI and HMI values categorize these sites between “Poor” and “Extremely Poor”, thereby 

contradicting it. However, from Annexure A, it can be observed that these sites are heavily 

contaminated with Cd, Fe, Mn and Pb (concentrations reaching well beyond the permissible 

limits), although concentrations of Mg, Cr and Cu lie within the permissible limits. This is pri-

marily attributed to the contamination as a result of industrial effluents. Furthermore, the CI 
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values classify these locations under a “medium” degree of contamination except sites 18 and 

19, with a “high” degree of contamination. This infers that the values of the proposed indices 

resemble a more realistic picture of the water quality compared to the existing indices. 

6.2.2. Assessment of water quality for examining its irrigation suitability 

6.2.2.1. Physico-Chemical water quality characterization with respect to irrigation suit-

ability of water 

Physico-chemical characterization of the Deepor Beel’s water is represented through spatial 

distribution maps of all 13 water quality parameters (averaged over the entire sampling pe-

riod), given in Fig. 6. 11. 

The pH variation (Fig. 6. 11a) shows that most sites, except the locations proximate to the 

landfill, correspond to values within permissible limits (i.e., 6.5 – 8.5). The pH of the sampling 

locations near the landfill indicates slight acidic characteristics, primarily attributing to leach-

ing from the landfill. As the landfill comprises various types of wastes, such as lead-acid bat-

teries and plastic stabilizers from several households and industries, there is every chance of 

acidic leaching from these wastes, eventually entering the Deepor Beel ecosystem and ren-

dering a significant decrease in the pH. 

The electrical conductivity (EC) (Fig. 6. 11b) and total dissolved solids (TDS) (Fig. 6. 11c) 

values for the entire wetland can be seen to vary from 203 to 439 µS/cm, and 102 to 430 

mg/L, respectively, which are well within acceptable limits for both drinking as well as irri-

gation use. Higher EC and TDS values can be observed near the landfill region, followed by the 

industrial zone, and minimum values were observed in the central region of the wetland. This 

is indicative of higher ionic concentrations near the landfill and industrial regions compared 

to the central zone, primarily representing anthropogenic interferences rather than geogenic 

contributions. Furthermore, there exists a positive correlation between EC and TDS for water 

in Deepor Beel, thus suggesting TDS to be a significant contributor to the ionic concentrations 

(Ali et al. 2012; Rusydi 2018). 

The major anions present in the water follow the order; HCO3- > Cl- > SO42- > NO3- > PO43- > 

F-, while all the concentrations were found to be within acceptable limits (Fig. 6. 11d-i). Ele-

vated F- concentrations were observed in a tiny fraction of the wetland (in the central part), 

primarily owing to many agricultural inputs from the surrounding areas or combustion of 

coals from the brick kilns present nearby (Gao et al. 2016). However, higher levels of Cl- were 

observed near the landfill, which is also the region where the wetland receives its water from 

the Basistha River. This is indicative of a significant contribution of domestic sewage into the 
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Deepor Beel from the Basistha River. NO3- concentrations were observed to have lower values 

near the landfill. This is primarily because of the high organic contamination near the landfill, 

which renders the oxygen to deplete and convert to ammonium nitrogen (NH4-N) due to mi-

crobial oxygen demand through the denitrification process (Sørensen 1978; Metcalf & Eddy 

2017). PO4
3- and SO4

2- display similar spatial variability across the wetland, with higher con-

centrations in the eastern and northern regions. This is primarily attributed to the phosphate-

based fertilizers used by the farmers, household discharge through the Basistha River and the 

leaching of organic matter from the nearby landfill. Finally, HCO3- concentration levels are 

observed to be minimum in the eastern region of the wetland, attributing to the higher acidic 

levels of the water due to leaching. HCO3- is a measure of buffering capacity of water. Hence, 

the drop in pH levels to the acidic range abruptly alters the HCO3- concentrations, reducing 

their values as the HCO3- ions, gaining more H+ ions, get converted to H2CO3 (Tresguerres et 

al. 2010). 

Among the cations, the primary pattern of variance observed is Ca2+ > Na+ > Mg2+ > K+ (Fig. 

6. 11j-m). While all the four cations are mostly naturally occurring, K+ may be contributed 

through fertilizer application (in the northern part of the wetland) and Mg2+ through either 

fertilizer application (in the northern region) or industrial discharge (in the western region). 

Leaching from the landfill also contributes to a significant extent to the accumulation of Mg2+ 

in the water column of the wetland (eastern portion). 

 

  

(a) (b) 

TH-2896_176104004



Chapter | 6 Indexing approach to assessing water quality… 

190 | Page Indian Institute of Technology Guwahati 

  

(c) (d) 

  

(e) (f) 

  

(g) (h) 
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(i) (j) 

  

(k) (l) 

 

(m) 

Fig. 6. 11. Spatial representation of various water quality parameters (averaged) of Deepor Beel (sampling 
constituted from Oct’17 to Feb’19). 
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6.2.2.2. Hydrochemical water classification 

The hydrochemical classification of Deepor Beel water samples for three seasons; pre-mon-

soon (Jan-Mar), monsoon (Apr-Sep), and post-monsoon (Oct-Dec), is explained through Piper 

(Fig. 6. 12) and Durov (Fig. 6. 13) plots. A detailed analysis of the charge balance errors shows 

the concentration levels of different cations and anions used in the investigation, expressed 

as meq/L.  

 

  

(a) (b) 

 

(c) 

Fig. 6. 12. Piper diagram showing the major Hydrochemical classifications of Deepor Beel water for 
three seasons (Langguth 1966). 
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(a) (b) 

 

(c) 

Fig. 6. 13. Durov diagram showing the Hydrochemical processes involved for Deepor Beel water for 
three seasons (Lloyd & John William Heathcote 1985). 

 
It was observed that the charge balance errors during different seasons of the year varied 

as; Pre-monsoon (0.026 - 2.319 meq/L; average of 1.492 meq/L) > Monsoon (0.033 – 3.521; 

average of 1.100 meq/L) > Post Monsoon (0.07 – 1.625; average of 0.842 meq/L). All the val-

ues lay within the acceptable error range. Also, the regions near the Boragaon landfill had 

higher charge balance errors, followed by the industrial and central regions. This is because, 

during the pre-monsoon period, the concentration levels of different ions remain significantly 

higher due to dry weather flow conditions, which makes the ionic charge concentrations 

highly disproportionate. This phenomenon can be clearly verified by referring to the overall 

spatial distribution of EC (µS/cm) (Fig. 6. 11b), wherein it can be observed that higher EC 

values are primarily concentrated to the sites proximate to the landfill. Grapher Software (v. 

12) was used for plotting both Piper and Durov plots. The Piper diagram involves plotting the 

major cations (Na+, K+, Ca2+, and Mg2+) and anions (Cl-, SO42-, and HCO3-) (all concentrations 

expressed as mill equivalent percentages, meq %) in separate triangles. 
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Table 6. 7. Hydrochemical analysis of water samples from Deepor Beel (all values are expressed as meq/L). 

(a) Pre-Monsoon season 

 

 

Sampling 

Locations
F

-
Cl

- NO3
-

PO4
3-

SO4
2-

Na
+

K
+

Ca
2+

Mg
2+ HCO3

- Σ Cations Σ Anions
Data 

Error

1 0.022 0.449 0.011 0.011 0.334 0.079 0.013 3.781 0.111 1.555 3.984 2.382 1.603

2 0.025 0.411 0.023 0.013 0.311 0.029 0.002 3.432 0.215 1.704 3.678 2.488 1.191

3 0.021 0.587 0.039 0.010 0.336 0.150 0.002 3.539 0.148 1.452 3.838 2.444 1.393

4 0.021 0.471 0.001 0.010 0.222 0.038 0.001 3.793 0.184 1.316 4.017 2.040 1.976

5 0.025 0.376 0.008 0.016 0.344 0.031 0.003 3.554 0.132 1.608 3.720 2.377 1.343

6 0.017 0.320 0.011 0.006 0.457 0.027 0.101 4.232 0.101 1.735 4.462 2.546 1.917

7 0.021 0.326 0.013 0.015 0.202 0.038 0.007 3.758 0.236 1.144 4.040 1.721 2.319

8 0.013 0.692 0.023 0.011 0.643 0.080 0.089 2.764 0.117 1.644 3.051 3.025 0.026

9 0.024 0.588 0.027 0.020 0.327 0.033 0.024 3.375 0.258 1.057 3.689 2.043 1.646

10 0.025 0.368 0.002 0.017 0.304 0.038 0.003 3.764 0.222 1.755 4.028 2.472 1.556

11 0.020 0.488 0.024 0.020 0.232 0.046 0.006 3.370 0.234 1.160 3.656 1.945 1.711

12 0.021 0.494 0.024 0.003 0.627 0.049 0.002 2.947 0.246 1.245 3.245 2.413 0.832

13 0.020 0.516 0.023 0.015 0.269 0.076 0.002 3.074 0.240 1.169 3.392 2.012 1.381

14 0.020 0.548 0.021 0.011 0.467 0.061 0.001 3.063 0.150 1.437 3.275 2.503 0.772

15 0.020 1.364 0.004 0.011 0.374 0.058 0.009 3.807 0.321 0.613 4.195 2.386 1.809

16 0.025 0.577 0.042 0.008 0.246 0.056 0.012 3.627 0.284 0.966 3.979 1.864 2.115

17 0.022 0.541 0.021 0.010 0.281 0.060 0.001 3.405 0.141 1.486 3.607 2.360 1.246

18 0.025 0.401 0.001 0.012 0.194 0.034 0.002 2.894 0.206 1.219 3.136 1.853 1.283

19 0.021 0.480 0.002 0.008 0.266 0.017 0.000 3.295 0.197 1.362 3.510 2.139 1.371

20 0.022 0.528 0.001 0.012 0.206 0.013 0.013 4.194 0.177 1.346 4.397 2.114 2.283

21 0.019 0.642 0.001 0.010 0.181 0.057 0.002 3.135 0.172 1.359 3.366 2.212 1.154

22 0.017 0.532 0.002 0.009 0.191 0.051 0.004 3.411 0.162 1.424 3.629 2.175 1.453

23 0.022 0.407 0.002 0.010 0.180 0.034 0.001 3.758 0.157 1.387 3.949 2.008 1.941
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(b) Monsoon season 

 

Sampling 

Locations
F

-
Cl

- NO3
-

PO4
3-

SO4
2-

Na
+

K
+

Ca
2+

Mg
2+ HCO3

- Σ Cations Σ Anions
Data 

Error

1 0.016 0.542 0.016 0.067 0.145 0.672 0.112 2.332 0.455 2.473 3.571 3.259 0.312

2 0.015 0.475 0.139 0.067 0.154 0.881 0.141 2.939 0.548 2.807 4.509 3.657 0.852

3 0.019 0.546 0.016 0.062 0.221 0.596 0.106 2.048 0.503 2.357 3.253 3.221 0.033

4 0.015 0.410 0.034 0.040 0.214 0.732 0.174 3.047 0.528 2.073 4.482 2.786 1.696

5 0.016 0.559 0.015 0.059 0.199 0.504 0.094 2.167 0.483 2.600 3.249 3.447 0.198

6 0.017 0.564 0.144 0.074 0.318 0.880 0.125 3.510 0.429 2.670 4.943 3.787 1.156

7 0.019 0.630 0.099 0.047 0.295 1.024 0.177 3.667 0.568 1.860 5.436 2.950 2.486

8 0.017 0.637 0.015 0.049 0.398 0.498 0.105 2.269 0.458 2.508 3.329 3.625 0.297

9 0.019 0.685 0.009 0.095 0.247 0.667 0.140 2.307 0.596 1.820 3.710 2.874 0.836

10 0.020 0.497 0.027 0.067 0.350 0.893 0.164 3.561 0.558 2.980 5.176 3.941 1.235

11 0.021 0.577 0.016 0.077 0.268 0.681 0.179 2.352 0.564 2.037 3.776 2.996 0.780

12 0.019 0.547 0.003 0.064 0.217 0.682 0.165 2.128 0.585 1.927 3.560 2.778 0.783

13 0.018 0.620 0.151 0.064 0.255 1.142 0.191 4.694 0.575 1.972 6.601 3.080 3.521

14 0.016 0.472 0.063 0.061 0.360 0.842 0.172 3.911 0.507 2.313 5.433 3.285 2.148

15 0.022 0.586 0.016 0.073 0.234 0.459 0.202 2.115 0.648 1.568 3.424 2.500 0.924

16 0.023 0.794 0.014 0.074 0.570 0.926 0.308 2.003 0.617 1.750 3.854 3.225 0.628

17 0.042 0.634 0.029 0.074 0.130 0.555 0.100 1.944 0.500 2.415 3.099 3.324 0.225

18 0.017 0.477 0.085 0.054 0.167 0.840 0.149 2.288 0.542 2.123 3.818 2.922 0.896

19 0.015 0.468 0.049 0.064 0.174 0.859 0.151 2.565 0.535 2.153 4.110 2.921 1.188

20 0.015 0.486 0.109 0.076 0.394 0.811 0.166 2.621 0.523 2.187 4.121 3.267 0.854

21 0.019 0.779 0.027 0.048 0.345 0.862 0.367 3.722 0.518 2.213 5.470 3.432 2.038

22 0.021 0.726 0.036 0.057 0.213 0.914 0.311 4.021 0.514 2.240 5.760 3.293 2.468

23 0.021 0.753 0.029 0.049 0.132 0.927 0.312 2.686 0.511 2.267 4.436 3.251 1.185
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(c) Post-monsoon season 

 

 

Sampling 

Locations
F

-
Cl

- NO3
-

PO4
3-

SO4
2-

Na
+

K
+

Ca
2+

Mg
2+ HCO3

- Σ Cations Σ Anions
Data 

Error

1 0.012 0.599 0.023 0.009 0.517 0.149 0.139 1.442 0.372 1.602 2.102 2.762 0.660

2 0.018 0.387 0.017 0.004 0.240 0.064 0.089 2.603 0.470 1.690 3.226 2.356 0.870

3 0.013 0.517 0.045 0.013 0.711 0.187 0.140 2.492 0.412 1.476 3.231 2.775 0.456

4 0.033 0.385 0.011 0.013 0.298 0.314 0.176 2.258 0.444 1.345 3.191 2.085 1.106

5 0.014 0.392 0.027 0.007 0.194 0.184 0.143 1.864 0.401 1.536 2.592 2.169 0.423

6 0.012 0.525 0.017 0.015 0.574 0.153 0.121 3.852 0.338 1.695 4.464 2.839 1.625

7 0.020 0.481 0.005 0.010 0.226 0.129 0.137 2.784 0.481 1.252 3.532 1.994 1.538

8 0.024 1.023 0.014 0.017 0.957 0.226 0.184 1.401 0.387 1.536 2.198 3.572 1.374

9 0.013 0.506 0.007 0.009 0.344 0.216 0.155 1.352 0.538 1.156 2.260 2.034 0.226

10 0.011 0.371 0.007 0.008 0.284 0.165 0.145 2.877 0.473 1.942 3.660 2.624 1.036

11 0.016 0.468 0.007 0.008 0.255 0.210 0.097 2.541 0.480 1.268 3.328 2.021 1.307

12 0.030 0.361 0.004 0.012 0.413 0.059 0.097 2.688 0.516 1.230 3.359 2.050 1.309

13 0.022 0.770 0.014 0.008 0.279 0.288 0.128 2.121 0.489 1.261 3.026 2.353 0.673

14 0.019 0.491 0.007 0.008 0.280 0.163 0.147 1.022 0.418 1.377 1.748 2.181 0.433

15 0.017 2.145 0.013 0.011 1.038 0.203 0.153 1.821 0.585 1.064 2.762 4.287 1.526

16 0.023 0.419 0.005 0.007 0.728 0.181 0.135 1.986 0.570 1.121 2.872 2.303 0.569

17 0.123 1.169 0.011 0.004 0.469 0.174 0.048 2.926 0.414 1.532 3.562 3.307 0.254

18 0.025 0.469 0.009 0.008 0.190 0.169 0.081 2.357 0.459 1.370 3.065 2.070 0.995

19 0.031 0.855 0.007 0.009 0.298 0.281 0.105 2.137 0.450 1.344 2.973 2.544 0.429

20 0.013 0.443 0.024 0.005 0.664 0.237 0.146 1.758 0.437 1.358 2.577 2.507 0.070

21 0.020 0.365 0.024 0.008 0.437 0.216 0.142 2.438 0.431 1.410 3.227 2.265 0.961

22 0.013 0.370 0.008 0.009 0.455 0.196 0.133 2.384 0.427 1.379 3.140 2.234 0.906

23 0.028 0.679 0.015 0.011 0.397 0.166 0.161 2.467 0.425 1.462 3.219 2.592 0.627
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The plots are then projected to a central diamond region, which provides the overall water 

classification (Piper 1944). On the other hand, the Durov plot considers a composite plotting 

of two ternary diagrams wherein the meq % concentration plots of major cations and anions 

are plotted against each other while considering the TDS concentration (mg/L) and pH values 

as well (Durov 1948). While the Piper plot provides information regarding the hydro-chemi-

cal water classification, the Durov plot provides the processes involved along with the classi-

fication. 

In the present investigation, it was observed that the Piper and Durov plots showed con-

sistency to the results shown in Table 6. 7. From the Piper plots for three seasons, it is evident 

that the water characteristics change with seasons. During the pre-monsoon period, the water 

from all sampling locations except site 15 is observed to belong to Ca2+ - HCO3- category, which 

is also evident from Table 6. 7a. Site 15 particularly belongs to Ca2+ - Cl- category. This is pri-

marily because of the significant Cl- discharge into the wetland through the Basistha River. 

The pre-monsoon period is considered to have the lowest flow; hence, with a constant dis-

charge of sewage effluents from the city, the Cl- concentrations (meq %) in the river becomes 

the most prominent, compared to other anions (Girija et al. 2007; Kelly et al. 2010). Site 15 is 

the confluence point of the Basistha River and the input point of Deepor Beel, therefore, dis-

playing higher Cl- content compared to other sampling locations. During the monsoon season, 

the Deepor Beel water is observed to shift towards the Mg2+ water range, while site 16 is on 

the border range of Ca2+ and Mg2+. This is attributed to leaching from the landfill, carrying 

considerable amounts of heavy metals, including Mg2+ (Wu et al. 2018). Furthermore, all wa-

ter samples are found to be in the HCO3- range, including water from site 15. This is due to 

heavy stormwater discharge into the Basistha River, diluting the Cl- concentration levels. Fi-

nally, for the post-monsoon season, the cationic elements of water decreased for both Ca2+ 

and Mg2+, while for the anionic portion, the HCO3
- content declined with an increment for the 

Cl- content. Again, this is attributed to the increase in the concentration levels of domestic 

sewage in the Basistha river with the decrement in the stormwater flow (Manna & Aftabuddin 

2009). 

Similarly, the Durov plot suggests that the water in Deepor Beel has mixed water type 

characteristics during the monsoon and post-monsoon periods. The water is found to be con-

centrated primarily near the central region of the square box (Fig. 6. 11b & c), indicating fresh-

water with simple dissolution and hence, no major cation or anion concentrations (Lloyd & 

John William Heathcote 1985). For the pre-monsoon season, however, there is a significant 

amount of Na+ and K+ concentration levels. This is suggestive of dominant reverse ion ex-

change of Na+ and K+ with Cl-, accumulated in the water column through massive discharges 
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of domestic sewage containing high levels of NaCl (Ravikumar et al. 2015). Lastly, higher TDS 

levels were found to persist in the water column in the monsoon season, compared to the 

other two seasons, due to an increase in ionic levels due to stormwater intrusion into the 

wetland. These storm waters carry with them dissolved particles, resulting from weathering 

of topsoil or rocks in the nearby areas (Bhattacharyya & Kapil 2010; Qiao et al. 2017). 

6.2.2.3. Modified entropy-weighted WQI approach 

The MEIWQI values obtained for three seasons and all locations suggested that the 

water column of Deepor Beel is highly suitable for agricultural purposes (Fig. 6. 14). 

This is primarily attributed to the discharge of considerable amounts of nutrients, in 

the form of nitrates and phosphates, from the Basistha River. The results obtained in 

the current study show excellent correlation to the results obtained wherein the irri-

gation suitability of the water column was verified using cluster analysis, followed by 

the USSL (U.S.S.L 1954) and Wilcox (Wilcox 1955) plots (Fig. 6. 18), as shown in the 

subsequent sections. 

6.2.2.4. PC-weighted WQI approach 

HCA was first employed on the raw standardized (Z-scale transformed) water quality da-

taset, which resulted in categorizing the 23 sampling locations into three statistically signifi-

cant clusters. The clustering process is represented through a Dendrogram, given in Fig. 6. 

15a. The cluster analysis result was then transferred to a GIS platform for a more comprehen-

sive spatial representation (Fig. 6. 15b). It was observed that cluster 1 comprises the sites, 

primarily towards the eastern side of the wetland, whereas cluster 2 consists primarily of 

locations in the central zone. Cluster 3, on the other hand, is mainly concentrated in the west-

ern region, near the industrial complex, while including sites 7, 12, and 13. Based on the above 

observations, it may be presumed that cluster 1 sites are highly polluted (HP) and can be 

termed HP sites, while clusters 2 and 3 can be considered as low pollution (LP) and moderate 

pollution (MP) sites. Thus 7, 12, and 13 act as a transition between HP and LP sites. 

After grouping all 23 locations into different clusters, PCA was carried out on each inde-

pendent cluster's datasets. The results of the PCA produced component scores called princi-

pal components (PCs). The result of PCA for all three clusters is represented in Table 6. 8. It 

can be observed that cluster 1 displayed 100% of the total variance through three PCs. pH, 

EC, TDS, Cl-, SO42-, Mg2+, and HCO3- were the primary components of the first PC, accounting 

for more than 57% of the total variance. 
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(a) 

  
(b) (c) 

 
(d) 

Fig. 6. 14. Spatio-temporal variation of MEIWQI. 
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(a) (b) 

Fig. 6. 15. Results of the cluster analysis represented through (a) a Dendrogram and (b) GIS spatial 
representation of the points. 

 
This was followed by F-, NO3-, Na+, and K+ for the second PC (accounting for 29.8% of total 

variance) and PO43- and Ca2+ for the third PC (accounting for only 12% of the total variance). 

This attributes to organic loading from the leaching of the landfill and discharges from the 

Basistha River. Similarly, clusters 2 and 3 comprised 4 PCs each, accounting for 86.3 and 

92.8% of the total variance, respectively. For cluster 2, pH, EC, TDS, and HCO3- were the pri-

mary pollutants comprising PC 1, accounting for about 37% of the total variance. This is in-

dicative of natural contributions to the water of Deepor Beel. Likewise, for cluster 3, Mg2+, 

other than pH, EC, TDS, and HCO3- was found to be a significant contributor, thus suggesting 

industrial discharge to be a significant factor for water pollution in cluster 3. 

Table 6. 8. Varimax rotated component matrix for different water quality parameters for 23 different 
monitoring locations of Deepor Beel (Rotation method: Varimax with Kaiser normalization). 

(a) Cluster 1 

Principal Components 1 2 3 

Eigenvalues 7.537 3.873 1.590 

Variance (%) 57.977 29.794 12.230 

Cumulative variance (%) 57.977 87.770 100.000 

pH -0.927 -0.208 0.314 

EC 0.983 -0.185 -0.011 

TDS 1 -0.004 -0.014 

F- 0.4 0.905 0.145 

Cl- 0.828 -0.522 0.202 

NO3- -0.33 0.942 0.053 

PO43- -0.533 -0.477 -0.699 

SO42- 0.955 0.25 0.163 
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Na+ -0.296 0.953 -0.066 

K+ 0.66 0.751 -0.003 

Ca2+ -0.256 -0.067 0.964 

Mg2+ 0.997 0.024 -0.08 

HCO3- -0.984 0.176 0.031 

(b) Cluster 2 

Principal Components 1 2 3 4 

Eigenvalues 4.801 2.878 2.236 1.308 

Variance (%) 36.933 22.137 17.201 10.063 

Cumulative variance (%) 36.933 59.070 76.271 86.334 

pH 0.946 0.151 0.215 -0.061 

EC -0.962 0.114 0.07 0.135 

TDS -0.978 -0.045 -0.036 0.14 

F- -0.082 -0.059 -0.944 0.084 

Cl- -0.2 -0.419 -0.475 0.666 

NO3- -0.134 0.677 0.188 -0.091 

PO43- 0.058 0.908 -0.129 -0.017 

SO42- -0.135 -0.12 0.414 0.833 

Na+ 0.008 0.716 0.482 -0.197 

K+ 0.069 0.135 0.838 0.452 

Ca2+ 0.415 0.887 0.004 -0.064 

Mg2+ 0.136 0.037 0.028 -0.761 

HCO3- 0.976 0.142 0.031 -0.108 

(c) Cluster 3 

Principal Components 1 2 3 4 

Eigenvalues 5.796 3.254 1.614 1.401 

Variance (%) 44.587 25.029 12.418 10.781 

Cumulative variance (%) 44.587 69.616 82.034 92.814 

pH -0.935 -0.133 -0.147 0.038 

EC 0.988 -0.006 -0.069 -0.104 

TDS 0.972 -0.012 -0.13 0.017 

F- 0.013 -0.808 -0.18 0.07 

Cl- -0.412 0.323 0.777 0.034 

NO3- 0.515 0.298 0.472 0.598 

PO43- 0.343 -0.106 0.894 -0.029 

SO42- 0.217 0.088 0.122 -0.947 

Na+ 0.013 0.568 0.507 0.624 

K+ -0.652 0.662 -0.14 -0.194 
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Ca2+ 0.102 0.945 -0.029 0.198 

Mg2+ 0.933 -0.174 0.24 -0.138 

HCO3- -0.992 0.006 -0.031 -0.048 

 
The estimation of weights/sub-index values for all parameters and locations is given in 

Table 6. 9. For determining the weights of each parameter, the absolute values of each com-

ponent score obtained from the PCA were considered. This is because the negative sign of 

scores gives the direction of that variable, while the magnitude provides its strength. Also, a 

strong negative loading implies that the specific parameter is inversely correlated to a factor 

or variable.  

Table 6. 9. Weights for different variables in water samples from Deepor Beel. 

(a) Cluster 1 

PC 
Eigen-

value 

Relative Eigen-

value 
Variable Loading 

Relative load-

ing 
Weight 

1 7.537 0.580 pH 0.927 0.1389 0.0805 

   EC 0.983 0.1473 0.0854 

   TDS 1.000 0.1498 0.0869 

   Cl- 0.828 0.1241 0.0719 

   SO42- 0.955 0.1431 0.0830 

   Mg2+ 0.997 0.1494 0.0866 

   HCO3- 0.984 0.1474 0.0855 

   Total 6.674   

2 3.873 0.298 F- 0.905 0.2549 0.0759 

   NO3- 0.942 0.2653 0.0790 

   Na+ 0.953 0.2684 0.0800 

   K+ 0.751 0.2115 0.0630 

   Total 3.551   

3 1.590 0.122 PO43- 0.699 0.4203 0.0514 

   Ca2+ 0.964 0.5797 0.0709 

   Total 1.663   

(b) Cluster 2 

PC 
Eigen-

value 

Relative Eigen-

value 
Variable Loading 

Relative load-

ing 
Weight 

1 4.801 0.428 pH 0.946 0.2450 0.1048 

   EC 0.962 0.2491 0.1066 

   TDS 0.978 0.2532 0.1083 

   HCO3- 0.976 0.2527 0.1081 
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   Total 3.862   

2 2.878 0.256 NO3- 0.677 0.2124 0.0545 

   PO43- 0.908 0.2848 0.0730 

   Na+ 0.716 0.2246 0.0576 

   Ca2+ 0.887 0.2782 0.0713 

   Total 3.188   

3 2.236 0.199 F- 0.944 0.5297 0.1055 

   K+ 0.838 0.4703 0.0937 

   Total 1.782   

4 1.308 0.117 Cl- 0.666 0.2947 0.0343 

   SO42- 0.833 0.3686 0.0430 

   Mg2+ 0.761 0.3367 0.0392 

   Total 2.26   

(c) Cluster 3 

PC 
Eigen-

value 

Relative Eigen-

value 
Variable Loading 

Relative load-

ing 
Weight 

1 5.796 0.480 pH 0.935 0.1940 0.0932 

   EC 0.988 0.2050 0.0985 

   TDS 0.972 0.2017 0.0969 

   Mg2+ 0.933 0.1936 0.0930 

   HCO3- 0.992 0.2058 0.0989 

   Total 4.820   

2 3.254 0.270 F- 0.808 0.3346 0.0902 

   K+ 0.662 0.2741 0.0739 

   Ca2+ 0.945 0.3913 0.1055 

   Total 2.415   

3 1.614 0.134 Cl- 0.777 0.4650 0.0622 

   PO43- 0.894 0.5350 0.0716 

   Total 1.671   

4 1.401 0.116 NO3- 0.598 0.2757 0.0320 

   SO42- 0.947 0.4366 0.0507 

   Na+ 0.624 0.2877 0.0334 

   Total 2.169   

 
The IWQI values for each sampling location are then computed using Eq. 4.37. Fig. 6. 16 

provides the spatio-temporal IWQI representation for Deepor Beel. It was found that all the 

sampling locations fell under the "Very good" category for all three seasons, making them fit 

for irrigation use.  
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(a) 

  
(b) (c) 

 
(d) 

Fig. 6. 16. IWQI values and their spatio-temporal representation. 
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6.2.2.5. Irrigation suitability assessment 

To check the correctness of the proposed MEIWQI and IWQI, the suitability of Deepor Beel 

water for irrigation use was determined through various irrigation water quality parameters, 

as depicted in Fig. 6. 17. Table 6. 10 presents the classification of these water quality param-

eters and the percentage of samples within those classes. 

SAR (expressed as meq/L) measures the adverse effects of Na+ on the plants and soil in the 

presence of Ca2+ and Mg2+. Values exceeding 20 may have severe implications for soil and 

plant health. SAR, for Deepor Beel, ranged between 0.45 to 4.37 meq/L, which were well 

within the acceptable limits (Fig. 6. 17a). These low values of SAR rendered the water of 

Deepor Beel fit for irrigation for all three seasons. However, it was observed that the monsoon 

season displayed a considerable surge in the SAR values compared to the other two seasons. 

This phenomenon can be linked to the weathering of rocks, and topsoil erosion during the 

stormwater flow into the wetland, increasing the Na+ concentrations. The pre-monsoon sea-

son displayed the lowest SAR values, making the water the most suitable for irrigation use. 

Similarly, KR values ranged from 0.003 to 0.448, which were well below the acceptable limit 

of 1 (Fig. 6. 17b). 

SSP (expressed as %) ranged from 0.5 to 41.23, with a mean value of 15.77 (Fig. 6. 17c). 

Monsoon season was observed to have the most significance, while site 16 showed maximum 

Na% value. This may have detrimental effects on the soil structure, aeration, and infiltration 

capacity due to high osmotic pressure (Singaraja et al. 2014). This further retards the nutrient 

absorbing capacity of the crops (Naseem et al. 2012). 

RSC is rendered a helpful tool in evaluating the irrigation suitability through CO32- and 

HCO3- ratio (Selvakumar et al. 2017). A negative RSC value means Na+ being a dominant cat-

ion. An excess Na+ offsets the Ca2+ and Mg2+ ions by precipitating them as CO2. However, a 

positive RSC indicates elevated concentrations of HCO3- ions through Ca2+ and Mg2+ ions in the 

form of calcium bicarbonate and magnesium bicarbonate (Chitsazan et al. 2017). The RSC 

values of Deepor Beel's water was found to be negative for all seasons, pre-monsoon being 

the most negative for most of the locations. This indicated the water to be fit for irrigation for 

all seasons and locations. 

The soil's permeability is considerably affected through long-term utilization of water rich 

in minerals, such as Ca2+, Mg2+, Na+, and HCO3- (Singh et al. 2008). Some of them include a 

reduction in soil aeration, which makes it difficult to sow seeds and retards seeding develop-

ment. 
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(a) (b) 

  

(c) (d) 

  

(e) (f) 

Fig. 6. 17. Different irrigation water quality parameters variation through different seasons. 

 

Classification of water for PI was proposed by Doneen (1964), who categorized the PI val-

ues into three classes, as given in Table 6. 10. Based on this classification, the water of Deepor 

Beel was rendered suitable for irrigation as all values fell between 25 - 75%. 

MAR values typically ranged from 2.33 to 29.01, with an average value of just over 13. 

Based on the water classification for MAR, the water can be deemed fit for irrigation use. High 

magnesium concentration increases the soil alkalinity, retarding its infiltration capacity 

(Hussain et al. 2017). 
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Table 6. 10. Summary of sample values according to the various specified standards. 

Parameter Range Class % of samples 

SAR ≤ 20 

> 20-40 

> 40-60 

> 60-80 

> 80 

Excellent 

Good 

Permissible 

Doubtful 

Unsafe 

100 

- 

- 

- 

- 

KR ≤ 1 

> 1 

Suitable 

Unsuitable 

100 

- 

SSP ≤ 50 

> 50 

Suitable 

Unsuitable 

100 

- 

RSC ≤ 1.25 

> 1.25-1.70 

> 1.70-2.10 

> 2.10-2.50 

> 2.50 

None 

Increasing 

Significant 

High 

Severe 

100 

- 

- 

- 

- 

PI > 75% 

25-75% 

≤ 25% 

Excellent 

Suitable 

Unsuitable 

- 

100 

- 

MAR ≤ 50 

> 50 

Suitable 

Unsuitable 

100 

- 

 

A definite relation exists between the SAR and SSP with EC. This can be reflected through 

the USSL and Wilcox plots, respectively. The USSL plot considers EC (µS/cm) on a logarithmic 

scale as the X-axis and SAR as Y-axis. On the contrary, the Wilcox plot uses EC (µS/cm) on a 

standard scale as X-axis and SSP as Y-axis. Both plots classify the water samples accordingly, 

as shown in Fig. 6. 18. Keeping view of this, the water samples were plotted for all three sea-

sons. It was observed that the Deepor Beel water, for most locations and sampling periods, 

fell in the S1-C2, i.e., low sodium and medium salinity category based on the USSL plot. On the 

other hand, the Wilcox plot showed that all samples fell under the Excellent to Good Zone, 

indicating their viability for irrigation use. 

The results of the proposed MEIWQI and IWQI were thus observed to associate excellently 

with all the irrigation water quality parameters, thereby reflecting its efficiency and applica-

bility at a global scale. 
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(b) Wilcox diagram (Wilcox 1955) 

 

 

(a) USSL diagram (U.S.S.L 1954) 

Fig. 6. 18. Rating of water samples to determine irrigation feasibility. 
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6.3. Summary 

This chapter provides insights into the results obtained for the proposed methodologies in 

assessing the water quality of a water body through indexing approaches. Two objective-

based methodologies were proposed, and critical concluding remarks from the results ob-

tained are as follows. 

a. The overall water quality of Deepor Beel suggested that the Boragaon landfill plays a sig-

nificant role in the water quality of Deepor Beel. The contamination levels are more evi-

dent during the monsoon, as leaching from the landfill gets directly discharged into the 

water column of the wetland. This was verified through both the proposed methodolo-

gies, which provided a significant correlation with the obtained results. 

b. The efficacy and reliability of the methods were checked through the sensitivity analyses. 

Both MEWQI and PCA-WQI values were not found to be too sensitive to any particular or 

a few parameters; instead, all parameters had more or less equal contributions to the as-

sessment of water quality, thus rendering them to be highly effective in the assessment of 

water quality. 

c. These methods were then employed to assess water quality for specific purposes, de-

pending on the end-use of water. MEHMI and HMI obtained through modified entropy 

weights and PC-weights, respectively, showed excellent correlation amongst them. Their 

efficacies were verified through some other indices such as CI and HEI, and the results 

obtained were compared to the existing HPI. Results indicated a superior correlation for 

the proposed indices as compared to the existing one. Likewise, MEIWQI and IWQI values 

were obtained through modified entropy weights and PC-weights, respectively. The re-

sults obtained showed that the water in Deepor Beel was rendered suitable for irrigation 

due to the significant amount of nutrients present in the water column of the wetland. The 

efficacies of the results obtained for MEIWQI and IWQI were checked using various indi-

cators for irrigation suitability of water. The results showed to correlate excellently with 

the different irrigation water quality parameters, such as SAR, KR, SSP, RSC, PI, and MAR. 

Also, validation with USSL and Wilcox plots substantial evidence of the high reliability of 

the proposed indices. 

The results of this study will be of substantial aid to various policy-makers and govern-

ment or semi-government organizations in taking appropriate steps for improving the health 

of a water body. This would further aid in properly managing funds allocated for the restora-

tion and rejuvenation of the water bodies. This is because it will help identify the critical pol-

lution limits essential in the restoration process of the water bodies, thereby aiding in updat-

ing the regulatory norms for future policies. Additionally, the proposed novel methods are 
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not limited to any particular water body or geography; instead, they may be universally 

adopted. 
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Erosion, desertification, and pollution have 
become our lot. It is a weird form of suicide, 
for we are bleeding our planet to death. 

- Gerald Durrell 

 

7 
Assessment of sediment column quality with 

respect to heavy metals 
 
The present chapter discusses the results of the IIIrd objective, i.e., assessing the quality of the 

sediment column of the wetland, including the impacts of sediment contamination on the 

aquatic ecology. Detailed analyses on specific indices developed for evaluating the sediment 

quality have also been discussed. Elemental analyses confirming the results obtained have 

been studied. 

7.1. Descriptive statistics of the sediment dataset 

The basic elaborative statistics (for all three seasons) have been presented in Table 7. 1. De-

tails of the sediment dataset have been shown in Appendix B through the sampling pattern 

plots. It can be clearly observed that the concentrations of the metals followed the trend; Mg 

> Fe > Mn > Cr > Pb > Cd > Cu. Most of the maximum concentrations were obtained from the 

sites close to the landfill, i.e., to the eastern part of the wetland. It can also be observed that 

the concentrations of Cr, Mn, and Pb were higher during the pre-monsoon period, while Cd, 

Cu, and Mg showed higher concentrations during the post-monsoon period. Fe, however, dis-

played relatively greater concentrations during the monsoon as compared to the other two 

seasons. Significant SD was observed for Cd, Cu, Fe and Mg, indicating high levels of variations 

in concentrations in the sediment columns of the wetland. Similarly, high CV values for Cd 

(38.86%), Cu (39.57%) and Mg (24.25%) were also observed from the dataset. All the HMs 

showed positive skewness, closely to highly positive skewness (skewness ≥ 1), thereby re-

flecting a long right-hand tail when normally distributed. Similarly, except Pb (leptokurtic, 

having a high peak), all the parameters showed platykurtic distribution, thus indicating flatter 

curves of normally distributed data. 
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Table 7. 1. Statistical summary of the metal concentrations (mg/kg) in sediment samples. 
 

Cr Cd Fe Mn Cu Pb Mg 

Max 240.626 127.055 10197.240 437.648 68.437 264.000 16880.000 

Min 137.021 35.071 7503.948 320.616 18.062 150.310 7039.000 

SD 28.201 23.543 540.711 25.385 13.039 21.391 2376.720 

Mean 172.393 60.576 8061.196 353.692 32.949 169.780 9799.513 

CV 16.359 38.866 6.708 7.177 39.573 12.599 24.253 

Skewness 0.582 0.941 1.186 1.010 0.879 2.147 0.923 

Kurtosis -0.721 -0.006 1.199 0.388 -0.098 5.315 0.010 

 

7.2. Pollution source identification and apportionment 

Based on their relative closeness, the raw sediment dataset was then subjected to hierarchical 

clustering to predict the site similarities. The dendrogram (tree diagram) obtained from the 

HCA (Fig. 7. 1a) revealed three distinct clusters at 
𝐷𝑙𝑖𝑛𝑘

𝐷𝑚𝑎𝑥
× 100 ≤ 5. Cluster 1 comprised sites 

7, 9, 11, 12, 13, 15, and 16, whereas cluster 2 comprised sites 4, 18, 19, 20, and 21, and the 

rest of the sites fell under cluster 3. The three clusters are spatially represented in Fig. 7. 1b, 

which shows that sites under cluster 1 are mainly proximate to the Boragaon landfill region, 

while the sites proximate to the industrial zone except sites 22 and 23 were the sites under 

cluster 2 and the majority of the sites (especially in the central region) were the sites repre-

sented by cluster 3. Thus, cluster 1 can be considered to be sites having high pollution, 

whereas clusters 2 and 3 can be considered as sites of moderate and low pollution, respec-

tively. 

PCA was then independently employed on the dataset for all three seasons, thereby pro-

ducing the principal components for the rotated matrix (Table 7. 2) to determine the probable 

pollution sources. Eigenvalues > 1 with factor loadings > 0.75 (strong positive loadings) were 

considered for the analysis. It was observed that the three seasons behaved differently owing 

to different environmental conditions. The pre-monsoon season accounted for more than 

99% of the cumulative variance, with Cd, Cu, Pb, and Mg being the principal components for 

factor 1, thus suggesting landfill and industrial contribution to the pollution of the sediments 

of the wetland. Similarly, factor 2 represented the earth's crust, as the major components con-

tributing are Cr, Fe, and Mn. Similar behaviour was observed during the monsoon period ex-

cept for Pb, which does not have a strongly favourable loading. This might be attributed to the 

wetland's increasing water levels during this period (Fig. 4. 9).  
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(b) 

Fig. 7. 1. Hierarchical cluster analysis of the sediment dataset showing (a) Dendrogram and (b) spatial representations of sampling locations. 

 

(a) 
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Table 7. 2. Rotated component loadings obtained through PCA for three seasons of the sediment dataset 
of Deepor Beel. 

Rotated Component Matrix a 

 Pre-monsoon Monsoon Post-monsoon Pre-monsoon Monsoon Post-monsoon 

Eigenvalues 4.962 4.198 4.202 2.018 2.358 2.448 

Variance 70.889 59.969 60.033 28.827 33.681 34.969 

Cumulative variance 70.889 59.969 60.033 99.715 93.65 95.002 

Heavy Metals Factor 1 Factor 2 

Cr 0.634 0.119 0.095 0.771 0.993 0.978 

Cd 0.998 0.986 0.991 0.059 0.023 0.125 

Fe -0.476 -0.173 0.756 0.877 0.853 -0.652 

Mn 0.377 0.274 0.569 0.926 0.922 0.643 

Cu 0.998 0.991 0.882 0.054 0.089 0.455 

Pb 0.966 0.659 0.187 0.241 0.695 0.968 

Mg 0.994 0.991 0.989 0.094 0.105 0.133 

Extraction Method: Principal Component Analysis. 

Rotation Method: Varimax with Kaiser Normalization a 

a. Rotation converged in 3 iterations. 

 
As a result, the leachates from the landfill (which essentially is the major source of Pb due 

to the dumping of Pb-acid batteries) remain in the water column rather than getting depos-

ited in the sediment column of Deepor Beel. Furthermore, the post-monsoon season sees a 

shift in the Pb to factor 2 with Cr. This is indicative of the deposition of Pb and Cr (from in-

dustries) into the sediment column of the wetland after the monsoon retreats. 

The PMF model assists in quantifying the contribution of each pollution source. The model 

takes into account the concentration and uncertainty profiles of the monitoring datasets as 

input files to provide the factor contributions. The uncertainty was determined by [0.1 × spe-

cies concentration + (standard deviation/3)], if the concentration was above the standard de-

viation (SD), else, the concentration was replaced by SD/2, and the uncertainty was assumed 

to be (5×SD/6) (Wang et al. 2016). Determining the optimum number of factors for the PMF 

analysis requires several iterations, and the most optimum number was obtained by read-

justing the number of sources till we obtain the value of Q closest to the number of degrees of 

freedom. In other words, iterations were performed considering the number of factors from 

2-7, and the Q values were obtained. The number of factors in the iteration having the mini-

mum Q(Robust)/Qexp value was considered as optimum. In the present case, four factors 
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were considered optimum as the value of Q(Robust)/Qexp is minimum for iteration with four 

factors (Table 7. 3).  

Table 7. 3. Summary of PMF and EE diagnostics for the sediment dataset of Deepor Beel. 

Diagnostic 2 factors 3 factors 4 factors 5 factors 6 factors 7 factors 

Qexp 654.3 2712.7 4936.5 3913.7 4783.7 4544.4 

Q(True) 2415.2 586.5 217.9 212.9 267.1 283.4 

Q(Robust) 3069.5 3299.2 5154.4 4126.6 5050.8 4827.8 

Q(Robust)/Qexp 4.691273 1.216205 1.044141 1.054399 1.055835 1.062362 

 
The fitness of the model was tested by comparing the observed versus predicted values of 

the HMs, thus obtaining the correlation coefficients (R2) (Fig. 7. 2). All the HMs except Fe 

(0.95) and Mn (0.89) exhibited R2 values higher than 0.99, thus exhibiting an excellent corre-

lation between the observed and predicted values and indicating high reliability of the model 

(Table 7. 4). Four factors were considered in the present study for source apportionment of 

the HMs in sediments of Deepor Beel. 

Table 7. 4. Correlation coefficients (R2) of different heavy metals in sediment samples collected from 
Deepor Beel. 

Species S/N Category Intercept Slope R2 

Cr 5.4 Strong 1.451 0.991 0.99 

Cd 3.2 Strong 0.201 0.996 0.99 

Fe 7.2 Strong 407.264 0.949 0.95 

Mn 7.1 Strong 28.967 0.917 0.89 

Cu 3.2 Strong -0.005 0.999 0.99 

Pb 6.0 Strong 1.960 0.988 0.99 

Mg 4.5 Strong 175.111 0.981 0.99 

 
Fig. 7. 3 represents the results of the PMF source apportionment for all the HMs considered 

in the study. It can be observed that there exist some discrepancies in the concentration pro-

files and the percentage of HMs occupying various factors. For example, it can be observed 

that a high concentration of Mg accounted for about only 10% of the total species in factor 1, 

whereas a low concentration of Cr accounted for more than 60% of the species in factor 4. 

Similar discrepancies can be seen for all the factors and all the HMs as well. The importance 

of having more significant percentages of species for a particular HM in a factor is much higher 

as compared to that of having higher concentrations of a particular HM in a factor, thereby 

indicating that a factor is majorly affected by the percentage of species rather than their con-

centration. Thus, the results obtained from the PMF simulations signifying both species con-

centrations and percentages aid in examining the pollution source apportionment. 
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(a) Cr (b) Cd 

  

(c) Fe (d) Mn 

  

(e) Cu (f) Pb 
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(g) Mg 

Fig. 7. 2. Correlations between observed concentrations and predicted concentrations of HMs for sedi-
ments (mg/kg) of Deepor Beel. 

 
The individual factor source contributions to the pollution of the sediment column of 

Deepor Beel is shown in Fig. 7. 4 (a and b). Factor 1 primarily constitutes Fe (38.2%) and a 

lesser portion of Mn (24.6%). This is indicative of the natural parent materials of the soil, 

deposited in the sediment column through various natural phenomena such as weathering or 

erosion from nearby areas (Sajn 2003; Acosta et al. 2010; Huang et al. 2018). Deepor Beel is 

surrounded by the Rani and Garbhanga forest reserve in the southern part. Inundated runoffs 

from these hilly regions get discharged into the wetland, especially during the monsoon. 

These runoffs carry eroded topsoil, which eventually ends up settled at the bottom. 

Factor 2 is primarily constituted of contributions from Fe (36.5%), Mn (34.4%), Pb 

(35.3%), Mg (34.1%) and Cd (28.7%). Factor 2 is likely to originate from the Boragaon landfill 

site situated in proximity to the wetland (eastern part). Various types of wastes originating 

from different sources such as domestic, hospitals, small scale industries etc., are being dis-

charged into it. This comprises lead-acid batteries and various plastic stabilizers from house-

holds and industries, respectively. Plastic stabilizers (Cadmium Oxide) form a primary source 

of Cd (Lu et al. 2007), while the lead-acid batteries contribute to the Pb contamination. During 

the monsoon, these metals get leached into the water columns, which eventually end up in 

the sediments through precipitation. 
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Fig. 7. 3. Results of PMF source apportionment modelling for heavy metals in sediments collected from Deepor Beel. 
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Factor 3 comprises Cd (47.5%), Cu (46.6%) and Mg (33.7%), which is a reflection of more 

on the pollution through agricultural and wastewater runoff (Xiao-Nan et al. 2005; Luo et al. 

2009). The Deepor Beel is susceptible to pollution from the Basistha River, which joins the 

wetland from its eastern front. The Basistha River carries with it, an accumulation of domestic 

and agricultural wastes from the city of Guwahati, eventually discharging its water in the wet-

land. The HMs getting discharged into the wetland is much higher during the dry (low-flow) 

period. With the advent of monsoon, dilution plays a significant role in reducing pollution 

levels. 

Finally, Factor 4 is constituted of pollution contribution through Cr (64.7%), Cu (34.6%), 

Pb (39.7%) and Mn (36.2%). Reports have been documented suggesting traffic emissions and 

discharges of industrial effluents to be the primary factors responsible for soil contamination 

pertaining to Cr, Cu and Pb (Imperato et al. 2003; Li et al. 2009). The western zone of the 

wetland has a cluster of various large and small-scale industries discharging their effluents 

into the wetland. The wetland is also surrounded by a national highway (NH 37) with contin-

uous flowing traffic. Hence, the continuous emissions from the vehicles on the national high-

way can be considered to be credible pollution sources. Thus, factor 4 can be primarily at-

tributed to the contributions from industrial effluents and traffic emissions from the high-

ways. 

 

 

(a) 
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(b) 

Fig. 7. 4. (a) Source contributions and (b) normalized contributions to heavy metals of each factor 
generated by the PMF model. 

 
While the PMF receptor model estimates the sources’ contribution to pollution, there is 

another model which roughly uses a similar technique (least-squares fitting); the Chemical 

Mass Balance (CMB) method. The major limitation of the PMF receptor model to the CMB 

technique lies in the error estimation, wherein precise error estimation is usually carried out 

in the CMB technique as compared to the PMF modelling technique. This is primarily because 

the CMB analysis is carried out on a sample-by-sample basis. As a result, it becomes possible 

to assign error estimates to each of the source contribution values. However, this can also 

lead to some misspecification of the source profiles as there can be errors in the estimated 

source contributions as a result of changes in the source profiles. Nevertheless, both tech-

niques use similar approaches in estimating the pollution source apportionment. Hence the 

output from both the models possesses certain similarities, although there also exist specific 

differences which depend on the input dataset and the estimates of the uncertainties. 

7.3. Contamination and ecological risk assessment 

7.3.1. Contamination Factor and Pollution Load Index 

Fig. 7. 5 shows the CF values for all the metals across the three seasons for each sampling 

location. It can be seen that the CF values mostly lie in the moderate contamination range (1 

- 3), except for some metals in certain seasons. Also, the CF values for the post-monsoon sea-

son can be observed to have relatively higher values as compared to other seasons. This 

makes the sediment column of the wetland more susceptible to contamination as the anthro-

pogenic discharges from the surroundings of the wetland can get precipitated or deposited 

more on the sediment column during this season. Furthermore, the CF values for Cd, Fe, and 

Mg were found be slightly less than other metals, thus, suggesting the natural occurrence of 

these heavy metals. The dominance of Cr, Mn and Pb in the CF values is indicative of anthro-

pogenic involvement in the addition of heavy metals in the sediments of Deepor Beel. 
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Fig. 7. 5. Contamination factor for sediment samples of Deepor Beel. 
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PLI values are spatially represented through Fig. 7. 6. Critical observations can be made 

from Fig. 7. 6 regarding the spatial and temporal variations of the PLI values. The post-mon-

soon period has been recorded as the season with maximum effects on the sediment column, 

while the monsoon season remains the least affected. Leaching from the landfill as well as 

outlets of various small- and large-scale industries remain the highest in the monsoon season. 

But these contaminants remain mostly in the water column.  

 

  

(a) Pre-Monsoon (b) Monsoon 

 

(c) Post-Monsoon 

Fig. 7. 6. PLI variations for three seasons across Deepor Beel. 

 
It is during the post-monsoon period that the deposition or precipitation of these contam-

inants on the sediment column from the water column is highest due to less turbulence and 

disturbances as a result of the stormwater flow into the wetland, which hinders the precipi-

tation process. Also, the water depth during the monsoon is significantly high compared to 

other seasons. The more considerable water depth also delays the accumulation process of 
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the heavy metals on the sediment columns. The PLI values, however, lie between 1 and 2, thus 

indicating moderate contamination in the wetland. 

7.3.2. Enrichment Factor and Geoaccumulation index 

Fig. 7. 7 and Table 7. 5 depict the enrichment factor values for all three seasons and all the 

heavy metals taken into consideration. It can be observed that the enrichment values do not 

exceed 2 in any case, thereby indicating that there is minimum enrichment, and thus the con-

tribution of the anthropogenic sources in the heavy metal enhancement of the sediment sam-

ples is still in the preliminary stage. Cd is found to be the most enriched among all the heavy 

metals, especially in the sites close to the landfill and Bharalu river. This can be attributed to 

the discharge from the agricultural runoff and domestic wastewater entering the wetland, 

which carries significant Cd with them (El Kammar et al. 1999; Faroon et al. 2012; Ramadan 

2014). Cd is followed by Pb, which is primarily due to the leaching effect from the landfill 

nearby. 

 

 
Fig. 7. 7. Enrichment Factor values for all sampling locations across Deepor Beel. 
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Table 7. 5. Enrichment factor for sediment samples of Deepor Beel. 

 

Pre-

monsoon
Monsoon

Post-

monsoon

Pre-

monsoon
Monsoon

Post-

monsoon

Pre-

monsoon
Monsoon

Post-

monsoon

Pre-

monsoon
Monsoon

Post-

monsoon

Pre-

monsoon
Monsoon

Post-

monsoon

Pre-

monsoon
Monsoon

Post-

monsoon

Pre-

monsoon
Monsoon

Post-

monsoon

1 1.213 1.134 1.064 0.797 0.684 0.957 1.000 1.000 1.000 1.148 1.080 1.066 0.879 0.708 0.964 1.168 1.050 1.043 0.954 0.827 0.979

2 0.953 0.974 0.994 0.927 0.973 0.883 1.000 1.000 1.000 0.980 1.000 1.004 0.904 0.965 0.883 0.966 1.001 1.004 0.945 0.989 0.938

3 1.087 1.047 1.010 1.137 1.048 1.229 1.000 1.000 1.000 1.036 1.000 0.992 1.186 1.063 1.229 1.061 0.997 0.993 1.102 1.019 1.114

4 1.123 1.065 1.014 1.186 1.067 1.277 1.000 1.000 1.000 1.054 1.000 0.988 1.242 1.087 1.277 1.088 0.996 0.990 1.143 1.027 1.153

5 0.880 0.933 0.985 0.829 0.931 0.763 1.000 1.000 1.000 0.944 1.000 1.013 0.787 0.913 0.763 0.912 1.004 1.011 0.863 0.972 0.855

6 0.965 0.981 0.996 0.948 0.980 0.919 1.000 1.000 1.000 0.985 1.000 1.003 0.931 0.975 0.919 0.975 1.001 1.003 0.960 0.992 0.956

7 1.321 1.161 1.035 1.495 1.167 1.756 1.000 1.000 1.000 1.137 1.001 0.972 1.659 1.217 1.755 1.226 0.991 0.976 1.375 1.065 1.395

8 0.771 0.870 0.968 0.687 0.865 0.595 1.000 1.000 1.000 0.886 0.999 1.027 0.625 0.832 0.595 0.826 1.008 1.023 0.743 0.942 0.733

9 1.358 1.178 1.039 1.548 1.185 1.812 1.000 1.000 1.000 1.155 1.001 0.968 1.723 1.239 1.812 1.253 0.990 0.973 1.418 1.072 1.434

10 0.715 0.835 0.959 0.617 0.830 0.513 1.000 1.000 1.000 0.855 0.999 1.036 0.546 0.790 0.513 0.781 1.011 1.030 0.681 0.926 0.671

11 1.285 1.145 1.031 1.443 1.150 1.691 1.000 1.000 1.000 1.121 1.001 0.975 1.593 1.195 1.690 1.200 0.992 0.979 1.334 1.058 1.356

12 1.085 1.044 1.011 1.118 1.045 1.146 1.000 1.000 1.000 1.041 1.000 0.991 1.142 1.057 1.146 1.064 0.997 0.992 1.096 1.019 1.094

13 0.996 0.998 0.999 0.995 0.998 0.993 1.000 1.000 1.000 0.998 1.000 1.000 0.993 0.997 0.993 0.997 1.000 1.000 0.995 0.999 0.996

14 0.773 0.872 0.968 0.694 0.867 0.614 1.000 1.000 1.000 0.885 0.999 1.028 0.637 0.836 0.614 0.826 1.008 1.023 0.746 0.943 0.741

15 1.347 1.171 1.039 1.520 1.178 1.735 1.000 1.000 1.000 1.154 1.001 0.968 1.673 1.229 1.735 1.248 0.990 0.973 1.402 1.071 1.410

16 0.988 0.994 0.998 0.984 0.994 0.982 1.000 1.000 1.000 0.994 1.000 1.001 0.982 0.992 0.982 0.991 1.000 1.001 0.987 0.997 0.988

17 0.739 0.851 0.962 0.651 0.846 0.565 1.000 1.000 1.000 0.866 0.999 1.033 0.589 0.810 0.565 0.799 1.010 1.028 0.709 0.933 0.703

18 1.169 1.088 1.019 1.255 1.091 1.379 1.000 1.000 1.000 1.074 1.000 0.984 1.333 1.117 1.379 1.120 0.995 0.987 1.196 1.036 1.208

19 0.995 0.997 0.999 0.993 0.997 0.991 1.000 1.000 1.000 0.998 1.000 1.001 0.992 0.997 0.991 0.996 1.000 1.000 0.995 0.999 0.995

20 0.957 0.977 0.994 0.939 0.976 0.919 1.000 1.000 1.000 0.979 1.000 1.005 0.925 0.970 0.919 0.968 1.001 1.004 0.951 0.990 0.950

21 0.995 0.997 0.999 0.993 0.997 0.990 1.000 1.000 1.000 0.998 1.000 1.001 0.991 0.996 0.990 0.996 1.000 1.000 0.994 0.999 0.994

22 0.975 0.986 0.997 0.963 0.986 0.949 1.000 1.000 1.000 0.988 1.000 1.003 0.954 0.982 0.949 0.981 1.001 1.002 0.971 0.994 0.970

23 0.963 0.980 0.995 0.947 0.979 0.924 1.000 1.000 1.000 0.983 1.000 1.004 0.933 0.974 0.924 0.973 1.001 1.003 0.958 0.992 0.955

Sampling 

Location

Enrichment Factor

Cr Cd Fe Mn Cu Pb Mg
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Table 7. 6. Geoaccumulation Index for sediment samples of Deepor Beel. 

 

Pre 

monsoon
Monsoon

Post 

monsoon

Pre 

monsoon
Monsoon

Post 

monsoon

Pre 

monsoon
Monsoon

Post 

monsoon

Pre 

monsoon
Monsoon

Post 

monsoon

Pre 

monsoon
Monsoon

Post 

monsoon

Pre 

monsoon
Monsoon

Post 

monsoon

Pre 

monsoon
Monsoon

Post 

monsoon

1 -0.404 -0.445 -0.558 -1.009 -1.174 -0.710 -0.682 -0.627 -0.647 -0.483 -0.515 -0.555 -0.869 -1.125 -0.699 -0.457 -0.556 -0.586 -0.750 -0.900 -0.677

2 -0.480 -0.508 -0.584 -1.124 -1.239 -0.906 -0.688 -0.651 -0.665 -0.519 -0.540 -0.566 -1.021 -1.202 -0.896 -0.513 -0.578 -0.598 -0.838 -0.940 -0.787

3 -0.349 -0.399 -0.539 -0.929 -1.128 -0.578 -0.678 -0.608 -0.633 -0.457 -0.497 -0.546 -0.764 -1.071 -0.568 -0.417 -0.539 -0.576 -0.687 -0.871 -0.600

4 -0.165 -0.243 -0.470 -0.666 -0.968 -0.177 -0.662 -0.543 -0.586 -0.365 -0.432 -0.515 -0.436 -0.885 -0.167 -0.280 -0.479 -0.543 -0.478 -0.768 -0.347

5 -0.367 -0.414 -0.545 -0.955 -1.143 -0.621 -0.679 -0.614 -0.638 -0.466 -0.503 -0.549 -0.798 -1.089 -0.610 -0.431 -0.544 -0.579 -0.708 -0.880 -0.625

6 -0.422 -0.460 -0.564 -1.037 -1.190 -0.756 -0.683 -0.633 -0.651 -0.492 -0.522 -0.558 -0.905 -1.144 -0.746 -0.471 -0.561 -0.589 -0.771 -0.910 -0.704

7 0.019 -0.085 -0.396 -0.417 -0.807 0.174 -0.644 -0.472 -0.533 -0.267 -0.361 -0.481 -0.135 -0.700 0.184 -0.138 -0.414 -0.505 -0.272 -0.659 -0.105

8 -0.394 -0.437 -0.555 -0.995 -1.166 -0.687 -0.681 -0.623 -0.645 -0.479 -0.512 -0.554 -0.851 -1.116 -0.677 -0.451 -0.553 -0.584 -0.739 -0.895 -0.664

9 0.093 -0.020 -0.365 -0.319 -0.741 0.305 -0.636 -0.442 -0.511 -0.225 -0.330 -0.466 -0.021 -0.626 0.314 -0.079 -0.386 -0.489 -0.190 -0.613 -0.010

10 -0.441 -0.476 -0.571 -1.066 -1.206 -0.805 -0.685 -0.639 -0.656 -0.501 -0.528 -0.561 -0.943 -1.163 -0.794 -0.485 -0.567 -0.592 -0.793 -0.920 -0.731

11 -0.045 -0.140 -0.423 -0.502 -0.863 0.057 -0.650 -0.498 -0.552 -0.301 -0.386 -0.493 -0.236 -0.764 0.067 -0.187 -0.437 -0.519 -0.343 -0.697 -0.188

12 0.086 -0.026 -0.368 -0.328 -0.747 0.293 -0.636 -0.445 -0.513 -0.229 -0.333 -0.467 -0.031 -0.633 0.303 -0.085 -0.389 -0.491 -0.197 -0.617 -0.019

13 0.080 -0.031 -0.371 -0.336 -0.753 0.282 -0.637 -0.448 -0.515 -0.233 -0.336 -0.469 -0.041 -0.639 0.292 -0.090 -0.391 -0.492 -0.205 -0.621 -0.027

14 -0.331 -0.384 -0.532 -0.903 -1.112 -0.537 -0.676 -0.602 -0.629 -0.448 -0.491 -0.544 -0.731 -1.053 -0.526 -0.404 -0.533 -0.573 -0.667 -0.861 -0.575

15 0.144 0.025 -0.343 -0.252 -0.695 0.393 -0.630 -0.421 -0.495 -0.196 -0.309 -0.455 0.057 -0.574 0.403 -0.038 -0.366 -0.478 -0.133 -0.581 0.055

16 0.125 0.009 -0.351 -0.277 -0.712 0.360 -0.632 -0.429 -0.501 -0.207 -0.317 -0.459 0.029 -0.593 0.370 -0.054 -0.374 -0.482 -0.154 -0.593 0.031

17 -0.358 -0.406 -0.542 -0.942 -1.135 -0.599 -0.678 -0.611 -0.636 -0.461 -0.500 -0.548 -0.781 -1.080 -0.589 -0.424 -0.542 -0.578 -0.697 -0.876 -0.612

18 -0.111 -0.197 -0.449 -0.592 -0.921 -0.070 -0.657 -0.523 -0.571 -0.337 -0.411 -0.506 -0.345 -0.831 -0.060 -0.239 -0.461 -0.532 -0.417 -0.736 -0.275

19 -0.119 -0.204 -0.452 -0.602 -0.928 -0.085 -0.657 -0.526 -0.573 -0.341 -0.414 -0.507 -0.358 -0.839 -0.075 -0.244 -0.463 -0.534 -0.426 -0.741 -0.285

20 -0.189 -0.264 -0.479 -0.699 -0.989 -0.226 -0.664 -0.552 -0.592 -0.377 -0.440 -0.520 -0.476 -0.909 -0.216 -0.298 -0.487 -0.547 -0.505 -0.781 -0.379

21 -0.197 -0.270 -0.482 -0.711 -0.996 -0.242 -0.664 -0.555 -0.594 -0.381 -0.443 -0.521 -0.490 -0.917 -0.232 -0.304 -0.490 -0.549 -0.514 -0.786 -0.390

22 -0.238 -0.305 -0.498 -0.768 -1.031 -0.328 -0.668 -0.569 -0.605 -0.402 -0.458 -0.528 -0.561 -0.958 -0.318 -0.335 -0.503 -0.556 -0.560 -0.809 -0.445

23 -0.297 -0.355 -0.520 -0.852 -1.082 -0.457 -0.673 -0.590 -0.620 -0.431 -0.479 -0.538 -0.667 -1.018 -0.447 -0.379 -0.522 -0.567 -0.627 -0.842 -0.526

Sampling 

Location

Geoaccumulation Index

Cr Cd Fe Mn Cu Pb Mg
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Similarly, the geo-accumulation index values show a positive trend for the points lying 

near the landfill site and during the post-monsoon period (except Cr) (Table 7. 6 and Fig. 7. 

8). The Igeo values, however, were in the low to moderate pollution range, i.e., lying between 

0 and 1. All the sites displaying positive Igeo values were closer to the landfill, thereby indicat-

ing the landfill to have a significant impact on the contamination of sediments in Deepor Beel. 

 

 
Fig. 7. 8. Geoaccumulation index values for all sampling locations across Deepor Beel. 

 

7.3.3. Potential ecological risk 

The potential ecological risk was evaluated by estimating the potential ecological risk index 

(Fig. 7. 9), overall risk index (RI) values (Fig. 7. 10), and the integrated pollution degree and 

its grade (Fig. 7. 11 and Table 7. 7). All the estimations were carried out across the three sea-

sons to comprehend and understand the temporal variability of the risk involved. It was ob-

served that Cd played a significant role in the contribution of the ecological risk of the wetland 

(Fig. 7. 9). The post-monsoon period shows the values go above 40, although the values al-

most reached almost the 40-mark in the pre-monsoon season. This makes Cd a primary con-

tributor to the ecological risk of Deepor Beel, while the contribution of other heavy metals 

(Cr, Cu and Pb) remains relatively insignificant. This can be attributed to the high availability 
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of readily exchangeable fraction, as compared to other metals, as shown in Fig. 7. 12. Further-

more, the potential risk lies chiefly in the post-monsoon seasons compared to other seasons. 

It can also be observed from Fig. 7. 11 and Table 7. 7 that the integrated pollution degree of 

the sites was relatively higher in the post-monsoon period, with monsoon contributing the 

least to the ecological risk. Additionally, a higher number of sites were included in the mod-

erate pollution category during the post-monsoon period, while the monsoon season ob-

served all the sites falling under the low pollution category. Finally, the risk index values also 

depict higher risks involved in the post-monsoon period as compared to other seasons. The 

sites proximate to the landfill were observed to have higher values, followed by the sites in 

the industrial complex and the sites in the central portion of the wetland. The RI values, how-

ever, remain within the low-risk range for all the sites and seasons, with a maximum value of 

just above 76. 

 

  

(a) Pre-Monsoon (b) Monsoon 

 

(c) Post-Monsoon 

Fig. 7. 9. Potential Ecological Risk Index variations for the heavy metals in sediment samples. 
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Fig. 7. 10. Seasonal variations of RI values for all the sampling locations across Deepor Beel. 

 

 
Fig. 7. 11. Spatio-temporal variations of Integrated Pollution grade values in the sediment column of 
Deepor Beel. 
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Table 7. 7. Results of Single Factor Evaluation on Heavy Metal Pollution in Sediments. 

 

Pre-

monsoon
Monsoon

Post-

monsoon

Pre-

monsoon
Monsoon

Post-

monsoon

Pre-

monsoon
Monsoon

Post-

monsoon

Pre-

monsoon
Monsoon

Post-

monsoon

Pre-

monsoon
Monsoon

Post-

monsoon

Pre-

monsoon
Monsoon

Post-

monsoon

1 1.134 1.102 1.019 0.745 0.665 0.917 0.821 0.688 0.924 1.092 1.021 1.000 3.793 3.475 3.859 L L L

2 1.076 1.055 1.001 0.688 0.636 0.800 0.739 0.652 0.806 1.051 1.005 0.991 3.555 3.347 3.598 L L L

3 1.178 1.138 1.033 0.788 0.687 1.005 0.883 0.714 1.012 1.123 1.032 1.006 3.972 3.571 4.056 L L L

4 1.338 1.267 1.083 0.945 0.767 1.326 1.109 0.812 1.336 1.236 1.076 1.030 4.628 3.922 4.775 L L L

5 1.163 1.126 1.028 0.774 0.679 0.976 0.863 0.705 0.983 1.113 1.028 1.004 3.912 3.539 3.990 L L L

6 1.119 1.090 1.014 0.731 0.657 0.888 0.801 0.679 0.894 1.082 1.017 0.997 3.734 3.443 3.794 L L L

7 1.520 1.415 1.140 1.124 0.858 1.692 1.366 0.923 1.704 1.363 1.126 1.057 5.373 4.321 5.592 M L M

8 1.141 1.108 1.021 0.752 0.668 0.932 0.832 0.692 0.938 1.098 1.022 1.001 3.823 3.491 3.892 L L L

9 1.600 1.480 1.165 1.202 0.898 1.853 1.479 0.972 1.865 1.420 1.148 1.069 5.701 4.497 5.951 M L M

10 1.105 1.079 1.010 0.717 0.650 0.859 0.780 0.670 0.865 1.072 1.013 0.995 3.674 3.411 3.729 L L L

11 1.454 1.362 1.119 1.059 0.825 1.560 1.273 0.883 1.571 1.317 1.108 1.047 5.104 4.178 5.298 M L M

12 1.592 1.474 1.162 1.195 0.894 1.838 1.468 0.968 1.851 1.415 1.146 1.067 5.671 4.481 5.919 M L M

13 1.585 1.468 1.160 1.188 0.890 1.823 1.458 0.963 1.836 1.409 1.144 1.066 5.641 4.465 5.886 M L M

14 1.192 1.149 1.037 0.802 0.694 1.034 0.904 0.723 1.041 1.133 1.036 1.008 4.032 3.603 4.121 L L L

15 1.658 1.527 1.183 1.259 0.927 1.970 1.561 1.008 1.983 1.461 1.164 1.077 5.939 4.625 6.213 M L M

16 1.636 1.509 1.176 1.238 0.916 1.926 1.530 0.994 1.939 1.445 1.158 1.074 5.849 4.577 6.115 M L M

17 1.170 1.132 1.030 0.781 0.683 0.990 0.873 0.710 0.997 1.118 1.030 1.005 3.942 3.555 4.023 L L L

18 1.389 1.309 1.099 0.995 0.792 1.429 1.181 0.843 1.439 1.271 1.090 1.037 4.836 4.034 5.003 L L M

19 1.381 1.303 1.096 0.988 0.788 1.414 1.171 0.839 1.424 1.266 1.088 1.036 4.806 4.018 4.971 L L L

20 1.316 1.250 1.076 0.924 0.756 1.283 1.078 0.799 1.292 1.220 1.070 1.027 4.538 3.874 4.677 L L L

21 1.309 1.244 1.074 0.917 0.752 1.268 1.068 0.794 1.277 1.215 1.068 1.025 4.508 3.858 4.644 L L L

22 1.272 1.214 1.062 0.881 0.734 1.195 1.017 0.772 1.203 1.190 1.058 1.020 4.359 3.778 4.480 L L L

23 1.221 1.173 1.046 0.831 0.708 1.093 0.945 0.741 1.100 1.154 1.044 1.012 4.151 3.667 4.252 L L L

**L and M correspond to Low and Moderate respectively.

Sampling 

Location

CFp= Cm/Cb Cd

(∑CFp)
Integrated Pollution Grade

Cr Cd Cu Pb
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7.4. Speciation fraction of heavy metals in sediment samples 

The metal speciation analyses carried out in the present study to assess the forms in which 

each of the heavy metal is present is shown in Fig. 7. 12. All heavy metals have varying behav-

iours under different environmental conditions. Hence, it is necessary to determine the forms 

in which they are present to assess their toxicity in the sediment samples (Förstner 1985). 

Cd, Mn and Mg were found to be primarily in the exchangeable (F1) form for all the sampling 

locations. This shows that they are readily available for exchange with the water column, thus 

having greater mobility in the aquatic ecosystem. This proves to be detrimental to various 

aquatic species as these heavy metals tend to bioaccumulate in their bodies (either through 

surface adsorption or ingestion into the body). 

Cr displayed to be found mainly in the reducible (F3) and oxidizable (F4) forms for all the 

sampling locations with an exception to site 11, which is observed to be bound by carbonates 

(F2) fraction. This indicates that the release of metals is possible under two conditions; firstly, 

if the sediment column transforms to anoxic condition from the oxic state (primarily with the 

increase in the water depths, which will reduce the dissolved oxygen levels) under the micro-

bial influence (F3 fraction) and secondly, under oxidizing conditions such as dredging or 

transport through water currents, flooding, etc. (F4 fraction). Cr also displayed to possess re-

sidual (F5) fraction, especially in the sites in the central portion of the wetland. This indicates 

that they possess inert characteristics to some extent and are not easily released to the water 

column, thus making it suitable for the aquatic ecosystem (Morillo et al. 2004). Fe was found 

to be predominantly in reducible (F3) fraction, thus indicating that it is in a highly oxidized 

state in the sediment samples, i.e., in the form of iron oxides. They are released under con-

trolled conditions under the influence of microorganisms. Cu and Pb displayed typical char-

acteristics of all the fractions in almost equal proportions, thus indicating their complexity in 

the form they are present in the sediment samples. Finally, Mg was found to be in the F2 frac-

tion, along with being in the F1 fraction, indicating their presence in carbonate forms. This 

makes them more susceptible to getting transformed into the water column, thereby render-

ing them dangerous. 
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(a) Cr (b) Cd 

  

(c) Fe (d) Mn 

  

(e) Cu (f) Pb 
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(g) Mg 

Fig. 7. 12. Speciation fractions of various heavy metals in sediment samples of Deepor Beel. 

 

7.5. Elemental analyses 

XRD analyses of the powdered sediment samples were carried out for three representative 

samples; one from the central zone, one from the proximity of the landfill site and one from 

the industrial zone. The XRD plot between two theta (degrees) and the intensity (cps) is 

shown in Fig. 7. 13. It can be observed that the central zone of the wetland (Fig. 7. 13a) is 

comprised of majorly Quartz (SiO2) and a small amount of Olivine (MgFeSiO4). These are pri-

marily the naturally occurring elements, which signify that the central portion of the wetland 

is devoid of any major anthropogenic pollution. Similarly, the sediments from the neighbour-

hood of the landfill site (Fig. 7. 13b) was found to be heavily contaminated with all HMs such 

as Cd (Cadmium Hydroxide), Mg (Brucite), Mn (Manganese Sulphide), Cr (Chromium Manga-

nese Oxide) and Cu (Cuprite). This is primarily due to the leaching effects from the landfill 

entering into the wetland, especially during the monsoon. The Boragaon landfill site is the 

only landfill site in Guwahati, wherein all the wastes from the entire city are dumped, includ-

ing industrial as well as domestic wastes. During monsoon, the leachate generated thus, has 

a huge concentration of HMs, generated as a result of different types of wastes dumped in the 

landfill. These HMs then get precipitated with time and get deposited into the sediment col-

umn. Finally, the XRD analysis of the sediment from the industrial zone (Fig. 7. 13c) also re-

vealed to have been affected by the foreign intrusion of pollution, however with lesser effects 

as compared to the sediments near the landfill. Cu (Langite), Fe and Mn (Iron Manganese Ox-

ide) were found to be the major pollutants affecting the sediments in the region, which pro-

vides evidence of the discharge of HM enriched effluents from various small- and large-scale 

industries into the wetland. The elemental analysis thus provided significant information re-

garding the structure and morphology of the sediment samples together with the forms of 

HMs present in them. 
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(c) Industrial zone 

Fig. 7. 13. XRD analysis of the sediment samples from various zones of Deepor Beel. 

 
SEM-EDS analysis followed XRD analysis on the sediment samples collected from two 

points; one from the western zone proximate to the industrial complexes and the other from 

the eastern zone near the Boragaon landfill. This is primarily because the central portion of 

the wetland was found to be devoid of any anthropogenic contamination, as obtained from 

the XRD analysis. The distorted structures of the samples provide an indication of anthropo-

genic contamination to the sediment column of the wetland. Elemental mapping of both the 

samples (Fig. 7. 14 and Fig. 7. 15) were also carried out to determine their elemental compo-

sition. It was seen that for the sediment sample collected near the industrial zone, Mg (0.3% 

by weight), Mn (0.2% by weight), Ti (0.1% by weight) and Co (0.1% by weight) were the pri-

mary elements found other than Si (13.8% by weight), Al (7.4% by weight) and Fe (3% by 

weight). Similarly, Cu (1.6% by weight), Zn (1.1% by weight), Ti (0.4% by weight), Mg (0.3% 

by weight), Pb (0.2% by weight) and Cr (0.1% by weight) were found to be the major contam-

inants. The weight fractions of the common elements present in both the samples were found 

to be higher in the Boragaon landfill sample as compared to the sample from the industrial 

zone. The significant existence of Ti and other metals in both samples indicates high pollution 

levels in the sediment column of Deepor Beel, which may have occurred as a result of the 

anthropogenic intervention. 
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Fig. 7. 14. SEM – EDS analysis of sediment sample near industrial zone. 
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Fig. 7. 15. SEM – EDS analysis of sediment sample near Boragaon landfill. 
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7.6. Summary 

The present study provides detailed evidence for the assessment of the sediment quality of a 

wetland. For the first time, detailed monitoring and assessment of sediment quality were pre-

sented for Deepor Beel, Assam. Critical concluding remarks derived from the present study 

are as follows. 

a. Hierarchical clustering of the sampling locations statistically categorized them into three 

distinct clusters. These corresponded to the sites of high, moderate, and low contamina-

tion, respectively. PCA was then employed on the sediment dataset, which showed a vary-

ing response to different seasons, indicating significant temporal changes in the pollution 

sources in Deepor Beel. PMF receptor model used in the following study for apportionment 

of pollution sources was simulated considering four factors. The results of the simulation 

provided natural geogenic parent rock materials as one of the factors (Factor 1), while the 

other factors being the Boragaon landfill site (Factor 2), agricultural and wastewater run-

off (Factor 3) and industrial effluents discharge coupled with traffic emissions (Factor 4). 

b. Various indexing approaches were exercised to determine the level of contamination at-

tributed to various heavy metals, both spatially and temporally. The contribution of the 

seven heavy metals individually across the 23 sampling locations and three seasons 

showed that the post-monsoon season had the most significant impact on sediment con-

tamination. Spatial analysis of the various indices also revealed that the sites close to the 

landfill are most affected, followed by the sites in the industrial complex and the central 

portion, respectively. Furthermore, the monsoon season had the least effect on the con-

tamination of the sediment column. The significant rise in the water depth was found to be 

the primary reason for the same. The potential ecological risk assessment also suggested 

that the post-monsoon season has a relatively higher risk than other seasons. All the sites 

were found to have lower risk during the monsoon, while maximum sites fell under the 

moderate risk category in the post-monsoon period. Furthermore, Cadmium was the ma-

jor contributor to the ecological risk, with its values exceeding 40 during the post-monsoon 

season. Lastly, the risk index values displayed low risk for all the sites and the three sea-

sons. 

c. The chemical speciation of the heavy metals was carried out to analyze the different forms 

in which these contaminants exist in the sediment column of the wetland to assess their 

impacts on the aquatic ecosystem. Cd, Mn and Mg were found to have a profoundly nega-

tive impact on the aquatic ecology. 
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d. The distorted structures of the samples obtained from the SEM-EDS analysis provided sig-

nificant evidence of anthropogenic pollution. The elemental mapping results depicted var-

ious toxic metals in both the samples, one collected from the neighbourhood of the landfill 

and the other from the western part, i.e., the industrial zone. XRD analysis further revealed 

that the central portion of the wetland is still untouched and hence devoid of any harmful 

and toxic metals. Sediments near the landfill site were, however, found to be affected the 

most due to the leaching effect. 

The results of this study would prove to be of substantial help to all the government and 

semi-government organizations working for the development of the wetland. 
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Water and air, the two essential fluids on 
which all life depends, have become global 
garbage cans. 

- Jacques-Yves Cousteau 

 

8 
Understanding the dynamics of heavy metals 

in a freshwater ecosystem through their tox-

icity and bioavailability assay 
 
The current study investigates on correlating the heavy metal contamination, its distribution, 

and the human health risk associated with all three components of an aquatic ecosystem. For 

this purpose, water, sediment, and fish samples (three species, notably Notopterus notopterus, 

Clarias batrachus, and Channa striata) from Deepor Beel were considered, and their heavy 

metal contamination and distribution were determined. The corresponding health risks were 

then evaluated for six different heavy metals; Cr, Cd, Fe, Mn, Cu, and Pb. Pb and Mn. 

8.1. Physico-chemical characterization of water and sediment sam-

ples 

The heavy metal characterizations of the water samples have been discussed in Chapter 6, 

while those of the surficial sediments in Chapter 7. It was observed that while the peak con-

centration values in the water samples were attained primarily during the monsoon season 

(i.e., April to September), on the other hand, the peak concentrations for sediment samples 

were attained majorly in the non-monsoon period (October to March). This is attributed to 

the heavy precipitation of heavy metals during the non-monsoon period, as the monsoon pe-

riod is linked to strong turbulences due to higher stormwater runoffs, which hinders the pre-

cipitation process. Furthermore, the more considerable depth of the wetland during the mon-

soon (compared to the non-monsoon period) delays the precipitation process of the heavy 

metals from the water column. However, one common point of observation was deduced from 

the two plots, i.e., the higher concentrations of heavy metals were observed in the sites close 
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to the Boragaon landfill, which is followed by the sites proximate to the industrial zone and 

the least were recorded for the sites in the central portion of the wetland. This is indicative of 

the landfill being the primary heavy metal contributor to Deepor Beel. 

As discussed in the preceding chapter, the sequential extraction procedure carried out for 

determining the chemical partitioning of heavy metals in the sediment column revealed dif-

ferent behaviours for all the heavy metals. For the risk assessment of various fractionations 

of heavy metals, a Risk Assessment Code (RAC) was developed by Perin et al. (1985) and is 

widely accepted. The codal provisions classify the risks associated into five different catego-

ries based on the sum of exchangeable (F1) and carbonate (F2) fractions available in the 

heavy metals; No risk, low risk, medium risk, high risk, and very high risk for the sum of F1 

and F2 less than 1%, 1 – 10%, 11 – 30%, 31 – 50% and beyond 50%, respectively. Based on 

the RAC, it was observed that Cd and Mn levels for all the sites, together with Cr levels in site 

11, fall under the very high-risk category. On the other hand, Cu and Pb have levels falling 

under the high-risk category, along with a majority of sites for Cr. Cr levels in sites 1, 6, 10, 

and 17 are further categorized under the medium risk category, while all the sites corre-

sponding to concentration levels of Fe constitute in the low-risk category. Only one site falls 

under the no-risk category (Fe level in site 9). 

8.2. Heavy metals in fish species 

For fish samples, their health was verified by the Fulton condition factor, K, given by Eq. 8. 1 

(Piah & Bucher 2014). 

𝐾 = {
𝑊

𝐿3
} × 100 8. 1 

  
where W and L indicate the weight (g, wet weight) and the corresponding body length (cm) 

of the fish specimens, respectively. The statistical values of the Fulton condition factor (K) for 

all three fish species collected from three different zones and three times have been tabulated 

in Table 8. 1. All the K values exceeded 1, indicating the wellness in the growth of the fish 

samples collected each time. 

The mean values of heavy metals for the three fish species collected from three different 

zones of Deepor Beel have been reported in Table 8. 2 (a-c). Different fish organs in the three 

fish species display different concentrations, primarily due to their ability to absorb and elim-

inate heavy metals and the variability of the trophic structure (Eneji et al. 2011). In the pre-

sent study, Pb and Cr were found to be the dominant heavy metals in all three species, while 

Cd exceeding permissible limits was found primarily in the liver and skin. Thus, these fish 

species were found to be potential bio-accumulators for Pb and Cr pollution in the wetland.  
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Table 8. 1. Descriptive statistics of total body length (cm), wet body weight (g) and Fulton Condition 
Factor (K) of collected fishes. 

 N. notopterus C. batrachus  C. striata  

Body weight (g, wet weight) 

Mean 771.226 921.815 815.354 

Min 752.228 896.527 774.355 

Max 789.917 935.511 858.971 

SD 18.846 21.925 42.369 

Body length (cm) 

Mean 39.104 34.257 31.629 

Min 38.387 33.384 30.999 

Max 39.954 34.941 32.759 

SD 0.792 0.795 0.981 

Fulton Condition Factor, K 

Mean 1.292 2.299 2.579 

Min 1.210 2.188 2.443 

Max 1.396 2.514 2.694 

SD 0.095 0.187 0.127 

 
The fish samples collected from zone I were found to have higher concentrations than the 

other two zones, irrespective of the heavy metal and the fish organs. Furthermore, the mean 

concentration levels of all the heavy metals were significantly high in the liver of all three fish 

species. This is attributable to the physiological differences in the role of each organ in the 

bioaccumulation process (Eneji et al. 2011). The liver was followed by skin, gill, and muscle. 

This indicates that the liver and skin have higher metal absorbing capacities than other fish 

organs, thus having a more active metabolism. This is principally associated with the detoxi-

fication process of the heavy metals for living organisms in the liver (Agusa et al. 2007; 

Tyokumbur 2016). As a result, there is a higher tendency for the liver to bioaccumulate heavy 

metals in them and are thus reflected in their long-term accumulations (Sobihah et al. 2018). 

On the other hand, the concentration levels in the muscle were observed to be the lowest, 

especially in the samples collected from zone II; the concentrations were found to be below 

the permissible limits when a majority of the heavy metal concentrations were above the per-

missible limits (FAO 1983; WHO 2012). Thus, the study reveals that the muscle part of all 

three fish species is relatively inactive in the bioaccumulation process. It is well-known that 

heavy metals like Cr and Pb possess carcinogenic characteristics (Malik et al. 2010). Hence, 

their consumption on a regular basis and at higher quantities imply that the human body is 

under severe risk, which is a matter of grave concern. 
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Table 8. 2. Concentrations of heavy metals (mg/kg, dry weight) in different organs of various fish specimen collected from three different zones of Deepor Beel, India 
(values are reported as mean; standard deviation). 

(a) Notopterus notopterus 

 

(b) Clarias batrachus 

 

Zone I Zone II Zone III Zone I Zone II Zone III Zone I Zone II Zone III Zone I Zone II Zone III

Cr 0.401; 0.033 0.331; 0.034 0.369; 0.040 2.490; 0.235 1.204; 0.194 2.209; 0.061 0.578; 0.031 0.485; 0.014 0.528; 0.011 2.736; 0.037 2.606; 0.025 2.648; 0.045

Cd 0.131; 0.011 0.018; 0.006 0.088; 0.031 1.953; 0.230 1.084; 0.114 1.482; 0.329 0.253; 0.057 0.171; 0.028 0.208; 0.029 0.567; 0.074 0.533; 0.045 0.640; 0.048

Fe 28.155; 1.563 22.822; 2.480 23.162; 1.366 77.664; 1.495 58.093; 2.732 64.917; 0.879 44.499; 3.695 40.449; 0.207 43.297; 5.779 54.589; 4.587 45.607; 2.441 46.679; 1.050

Mn 0.886; 0.0304 0.420; 0.0115 0.704; 0.0676 1.483; 0.0435 0.816; 0.0164 1.221; 0.0969 0.270; 0.0053 0.189; 0.0020 0.238; 0.0119 1.386; 0.0481 0.649; 0.0182 1.097; 0.1070

Cu 1.143; 0.015 0.910; 0.006 1.052; 0.034 4.513; 0.067 3.486; 0.025 4.110; 0.149 3.204; 0.053 2.387; 0.020 2.883; 0.119 2.655; 0.040 2.041; 0.015 2.414; 0.089

Pb 0.557; 0.011 0.383; 0.004 0.489; 0.025 1.329; 0.023 0.970; 0.009 1.188; 0.052 0.982; 0.021 0.655; 0.008 0.853; 0.047 0.645; 0.006 0.547; 0.002 0.606; 0.014

Heavy 

metals

Muscle Liver Gill Skin

Zone I Zone II Zone III Zone I Zone II Zone III Zone I Zone II Zone III Zone I Zone II Zone III

Cr 0.475; 0.029 0.379; 0.011 0.401; 0.046 3.035; 0.169 1.544; 0.119 2.315; 0.133 0.682; 0.018 0.407; 0.027 0.537; 0.076 2.851; 0.063 2.652; 0.029 2.765; 0.057

Cd 0.175; 0.006 0.097; 0.036 0.131; 0.013 2.132; 0.192 1.265; 0.217 1.611; 0.064 0.273; 0.029 0.164; 0.012 0.197; 0.043 0.583; 0.056 0.511; 0.009 0.638; 0.097

Fe 28.603; 0.869 21.622; 0.973 25.357; 1.645 77.358; 2.374 58.706; 3.522 64.037; 0.714 49.410; 2.062 39.823; 3.813 45.699; 2.251 57.718; 2.198 38.163; 2.572 50.615; 2.983

Mn 0.848; 0.029 0.408; 0.011 0.676; 0.064 1.413; 0.040 0.793; 0.015 1.170; 0.090 0.275; 0.006 0.190; 0.002 0.242; 0.012 1.434; 0.050 0.664; 0.019 1.132; 0.112

Cu 1.124; 0.014 0.904; 0.005 1.038; 0.032 4.405; 0.062 3.451; 0.023 4.030; 0.138 3.248; 0.055 2.401; 0.021 2.916; 0.123 2.695; 0.042 2.054; 0.016 2.444; 0.093

Pb 0.543; 0.011 0.378; 0.004 0.478; 0.024 1.292; 0.022 0.958; 0.008 1.161; 0.048 0.999; 0.022 0.660; 0.008 0.866; 0.049 0.651; 0.007 0.549; 0.003 0.611; 0.015

Heavy 

metals

Muscle Liver Gill Skin
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(c) Channa striata 

 

Zone I Zone II Zone III Zone I Zone II Zone III Zone I Zone II Zone III Zone I Zone II Zone III

Cr 0.369; 0.018 0.321; 0.018 0.353; 0.018 2.490; 0.235 0.666; 0.068 2.334; 0.427 0.382; 0.079 0.359; 0.066 0.360; 0.094 2.741; 0.015 2.602; 0.024 2.576; 0.069

Cd 0.117; 0.033 0.019; 0.006 0.095; 0.029 1.570; 0.479 0.334; 0.072 1.268; 0.094 0.270; 0.007 0.160; 0.006 0.190; 0.010 0.593; 0.085 0.563; 0.045 0.633; 0.044

Fe 28.779; 0.715 21.857; 1.167 25.436; 2.591 74.857; 3.342 50.811; 1.130 65.737; 6.455 45.607; 2.441 42.054; 3.297 42.139; 3.833 53.484; 1.350 44.435; 1.891 47.929; 3.256

Mn 0.842; 0.028 0.406; 0.011 0.671; 0.063 1.328; 0.013 0.766; 0.014 1.107; 0.082 0.279; 0.006 0.192; 0.002 0.245; 0.037 1.354; 0.047 0.638; 0.018 1.073; 0.104

Cu 1.121; 0.014 0.903; 0.005 1.036; 0.032 4.273; 0.056 3.409; 0.021 3.934; 0.125 3.294; 0.057 2.416; 0.022 2.949; 0.128 2.628; 0.039 2.032; 0.015 2.394; 0.087

Pb 0.541; 0.011 0.377; 0.004 0.477; 0.024 1.246; 0.020 0.943; 0.007 1.127; 0.044 1.018; 0.023 0.666; 0.009 0.880; 0.051 0.640; 0.006 0.545; 0.002 0.603; 0.014

Orange highlights represent the samples exceeding the permissible limits.

Green highlights represent the samples adhering to the permissible limits.

Heavy 

metals

Muscle Liver Gill Skin

TH-2896_176104004



Chapter | 8 Understanding the dynamics of heavy metals… 

 

244 | Page Indian Institute of Technology Guwahati 

Furthermore, these fish species also expand their territory to the Brahmaputra River, 

where significant fishing activities take place. The results obtained from the study were com-

pared with the findings by Gohain & Bordoloi (2017), who carried out a similar study with 

Anabas testudineus from Deepor Beel. Both the findings complemented each other, thereby 

providing substantial evidence of heavy metal contamination in the fishes of Deepor Beel. 

8.3. Human health risk assessment 

8.3.1. Water environment 

The health risk assessment associated with the water column of Deepor Beel was carried out 

by estimating the chronic daily intake (CDI) and their corresponding hazard quotient (HQ) 

values concerning ingestion and dermal adsorption (Fig. 8. 1). It was observed that the HQing 

values remained mostly below unity for all sites and all heavy metals concerned. Only a few 

values exceeded one (sites 15 and 16 for Mn and 9, 15, and 16 for Pb). Thus, Pb and Mn are 

found to be the primary concerning heavy metals in the locations proximate to the Boragaon 

landfill when it comes to health risks. However, some HQing values, such as those for Cr and 

Cd near the landfill locations, were approaching unity. This can be attributed to the rising 

heavy metal pollution levels in the water column of Deepor Beel. Thus, it can be stated that 

these values may exceed unity in the future, provided, no plausible preventive approaches 

are undertaken to limit the heavy metal pollution in the wetland. The HQderm values for all 

sites and heavy metals were found to be well below one, indicating that there is no potential 

threat to the risk of human health due to dermal adsorption. However, when it comes to the 

cumulative assessment (both pathways combined) of the effects of heavy metals on human 

health risk, it was observed that the HImetal values for ingestion exceeded 1 for all the sampling 

locations, thus indicating that all sites have a potential impact on human health due to cumu-

lative effects on the exposure to all heavy metals combined. Special attention, however, needs 

to be provided to sites 15 and 16, whose HImetal values are significantly high (more than four 

times the critical limit). This may lead to extreme health risks among humans upon exposure 

to water from these sites. On the contrary, the HImetal values due to dermal adsorption were 

still below the critical limit of 1 (Fig. 8. 1c). 
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(a) Ingestion pathway 

 

(b) Dermal adsorption pathway 
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(c) Pathway 

Fig. 8. 1. HRA of water column of Deepor Beel. 

8.3.2. Surficial sediments 

Heavy metal contamination poses significant threats to human health and the environment 

as a whole. Elements such as Cr, Cd, and Pb have high toxicity values, even at trace amounts, 

accounting for multiple organ failures, and therefore, they have been rendered as carcino-

gens. Hence, the human health risk assessment concerning heavy metals found in the surficial 

sediments have been presented in the study for both non-carcinogenic and carcinogenic 

health risks. The non-carcinogenic health risk was assessed by estimating the HQ values. HQ 

values less than 1 indicate no potential threat to human health, whereas values greater than 

1 signify that some degree of non-carcinogenic risk associated with human health can be an-

ticipated. Fig. 8. 2 provides a detailed assessment of the non-carcinogenic risk involved due 

to the heavy metal contamination of surficial sediments of Deepor Beel. It can be observed 

that the HQ values for all three pathways and six heavy metals are less than 1 for adults, thus 

signifying that there is no potential risk to the health of adults as a result of these heavy met-

als.  
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Fig. 8. 2. Hazard Quotient values for different heavy metals concerning the sediment column of Deepor Beel. 
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For the health risk of children, it was observed that the HQ values for the ingestion path-

way exceeded 1 for Cd and Pb for all the sampling locations. Furthermore, all other metals for 

all sampling locations and pathways indicated values less than 1. Hence, it can be stated that 

Cd and Pb displayed significant non-carcinogenic risk resulting in adverse health effects, es-

pecially among children. Also, the values of HQing for Cd can be observed to be as high as 4.27, 

more than four times the desired limits for sites near the landfill, thus suggesting the landfill 

to be a significant contributor to the health risk.  

The HQ values for all heavy metals and, subsequently, the HI values due to dermal adsorp-

tion and inhalation were found to be below 1 for both adults and children. The HQpathway val-

ues, which consider all three pathways and their subsequent HI values, also suggested that 

children are more significantly affected as compared to the adults (highest HI values for chil-

dren and adults are 0.36 and 9.73, respectively), with primary contribution from ingestion 

(Fig. 8. 3). Thus, it can be concluded that Cd and Pb were the primary reason for non-carcino-

genic health concerns among the children through the oral intake (ingestion). 

 

 

Fig. 8. 3. Hazard Index for all three pathways concerning the sediment column of Deepor Beel. 
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On the other hand, the carcinogenic health risk assessment carried out for three heavy 

metals (Cr, Cd, and Pb) and three pathways displayed a much higher potential risk among 

children compared to that in adults [Fig. 8. 4 and Fig. 8. 5]. The LCR values ranged from 

2.22×10-06 to 8.00 ×10-04 and 6.80×10-05 to 2.69×10-02 in adults and children, respectively. 

Furthermore, it is noticeable that among the metals, the LCR values followed the order; Pb < 

Cr < Cd, thereby indicating that Cd has a higher potential for causing a carcinogenic health 

risk. With the acceptable range lying between 1.0×10-06 to 1.0×10-04, it was observed that all 

the sites were rendered to have carcinogenic potential among both adults and children for Cr 

and Cd. On the other hand, LCR values for Pb fell under the tolerable range; however, it is on 

the verge of exceeding the acceptable value soon in the absence of any precautionary 

measures. Regardless of the non-carcinogenic or carcinogenic impact of heavy metals for surf-

icial sediments, the children were more susceptible to health risks as they have more chances 

for hand-to-mouth or oral ingestion (Luo et al. 2012). 
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(b) Dermal adsorption pathway 

 

(c) Inhalation pathway 

Fig. 8. 4. Cancer risks associated with the sediment column for different heavy metals and pathways. 
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Fig. 8. 5. Lifetime Cancer Risk (LCR) values for different heavy metals associated with the sediment column of Deepor Beel. 
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8.3.3. Fish 

The investigation for the assessment of human health risk (non-carcinogenic) as a result of 

the consumption of three local fish species of Deepor Beel required the estimation of the es-

timated daily intake (EDI) values, followed by the target hazard quotient (THQ) and the total 

target hazard quotient (TTHQ). For carcinogenic risks involved, two heavy metals were con-

sidered for the analysis, i.e., Cd and Pb, to estimate lifetime cancer risk (TR) values. All calcu-

lations were done considering the risk involved in both adults and children for all four organs 

of the three fish species collected from three different zones of the wetland. Table 8. 3 (a-c) 

provides a detailed estimate of the EDI values for muscle, liver, gill, and skin for Notopterus 

notopterus, Clarias batrachus, and Channa striata, respectively. All EDI values for Fe, Mn, Cu, 

and Pb for all organs and three species were found to be within prescribed limits laid down 

by (FAO 2009); i.e., 2.85 for Cr, 1 for Cd, 800 for Fe, 140 for Mn, 500 for Cu, and 3.57 for Pb. 

For Cr and Cd, muscle and gills of all three species have values less than the limits, whereas 

the liver and skin exceeded the limits. Hence, it can be stated that the intake of liver and gill 

will have adverse implications on human health. Furthermore, the children were found to be 

affected more than the adults, and fish samples collected from zone II had significantly higher 

EDI values as compared to the samples collected from the other two zones. To address the 

non-carcinogenic and carcinogenic health effects upon the consumption of fish species, the 

target hazard quotient and the lifetime cancer risk values were evaluated, respectively (Fig. 

8. 6 - Fig. 8. 8).  

All three fish species displayed similar characteristics and variations of heavy metals in 

their organs. The THQ values were found to be greater than unity for Cr and Cd in the liver 

and gill. Also, the THQ values were found to be higher in the samples collected from zone I, as 

compared to other zones, thus indicating the role of landfill in the bioaccumulation of heavy 

metals in various fish organs. All other values were observed to be less than one, thus indicat-

ing that the resident human settlement near the landfill, consuming these fish species, will 

face adverse health risks, especially on the consumption of liver and gills. The health risks for 

Fe, Mn, and Cu were found to be very low, probably owing to their high reference dose values. 

The estimation of health risk due to single metal was not sufficient. Therefore, there was a 

need to determine the cumulative impact of all heavy metals combined on human health, and 

hence, TTHQ values were obtained for all heavy metals and four organs of the three fish spe-

cies. TTHQ values greater than unity renders an alarm to public health (Javed & Usmani 

2016). The liver was the most affected organ among all, followed by skin, gill, and muscle. 

Also, Clarias batrachus displayed higher values (THQ and TTHQ), with the least being Channa 

striata.  

TH-2896_176104004
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Table 8. 3. Estimated daily in-take, EDI (μg/kg body weight/day) of the metals from the consumption of various organs of different fish species from the three zones 
of Deepor Beel in adult people and in children. 

 (a) Notopterus notopterus 

 

(b) Clarias batrachus 

 
 

Zone I Zone II Zone III Zone I Zone II Zone III Zone I Zone II Zone III Zone I Zone II Zone III

Adult 0.698 0.575 0.642 4.330 2.093 3.840 1.006 0.843 0.918 4.757 4.531 4.604

Child 0.706 0.582 0.650 4.379 2.117 3.884 1.017 0.853 0.928 4.810 4.582 4.656

Adult 0.227 0.031 0.152 3.396 1.884 2.577 0.441 0.297 0.361 0.986 0.927 1.113

Child 0.230 0.031 0.154 3.434 1.905 2.606 0.445 0.300 0.365 0.997 0.937 1.125

Adult 48.956 39.683 40.274 135.043 101.013 112.880 77.375 70.333 75.286 94.921 79.302 81.167

Child 49.508 40.131 40.728 136.565 102.151 114.151 78.247 71.126 76.134 95.990 80.196 82.082

Adult 1.541 0.731 1.223 2.579 1.418 2.124 0.470 0.328 0.414 2.410 1.128 1.907

Child 1.559 0.739 1.237 2.608 1.434 2.147 0.476 0.332 0.419 2.438 1.141 1.929

Adult 1.988 1.583 1.829 7.847 6.061 7.146 5.572 4.150 5.014 4.617 3.548 4.198

Child 2.010 1.601 1.849 7.935 6.129 7.226 5.635 4.197 5.070 4.669 3.588 4.245

Adult 0.969 0.665 0.850 2.312 1.687 2.066 1.707 1.138 1.484 1.121 0.950 1.054

Child 0.980 0.673 0.860 2.338 1.706 2.090 1.726 1.151 1.501 1.134 0.961 1.066

Mn

Cu

Pb

Liver Gill Skin

Cr

Cd

Fe

Heavy 

metals
EDI

Muscle

Zone I Zone II Zone III Zone I Zone II Zone III Zone I Zone II Zone III Zone I Zone II Zone III

Adult 0.827 0.659 0.697 5.277 2.685 4.025 1.186 0.707 0.934 4.957 4.611 4.808

Child 0.836 0.667 0.705 5.336 2.715 4.071 1.199 0.715 0.944 5.012 4.663 4.862

Adult 0.304 0.169 0.228 3.708 2.199 2.801 0.475 0.284 0.343 1.014 0.889 1.109

Child 0.307 0.171 0.231 3.749 2.224 2.833 0.480 0.288 0.347 1.026 0.899 1.122

Adult 49.736 37.596 44.092 134.511 102.080 111.349 85.915 69.245 79.463 100.361 66.358 88.010

Child 50.296 38.020 44.588 136.027 103.230 112.603 86.883 70.025 80.358 101.492 67.106 89.002

Adult 1.475 0.710 1.175 2.457 1.379 2.034 0.478 0.331 0.420 2.494 1.155 1.969

Child 1.491 0.718 1.188 2.485 1.395 2.057 0.483 0.334 0.425 2.522 1.168 1.991
Adult 1.955 1.572 1.804 7.659 6.001 7.008 5.648 4.175 5.070 4.687 3.571 4.249

Child 1.977 1.590 1.825 7.745 6.069 7.087 5.712 4.222 5.127 4.740 3.611 4.297

Adult 0.944 0.657 0.832 2.246 1.666 2.018 1.738 1.148 1.506 1.132 0.954 1.062
Child 0.955 0.665 0.841 2.271 1.684 2.041 1.757 1.161 1.523 1.145 0.965 1.074

Mn

Cu

Pb

Liver Gill Skin

Cr

Cd

Fe

Heavy 

metals
EDI

Muscle
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(c) Channa striata 

 

Zone I Zone II Zone III Zone I Zone II Zone III Zone I Zone II Zone III Zone I Zone II Zone III

Adult 0.642 0.558 0.614 4.330 1.158 4.058 0.665 0.625 0.626 4.766 4.524 4.478
Child 0.650 0.564 0.621 4.379 1.172 4.104 0.673 0.632 0.633 4.819 4.575 4.529

Adult 0.203 0.034 0.166 2.729 0.581 2.204 0.470 0.279 0.330 1.031 0.980 1.101

Child 0.206 0.034 0.168 2.760 0.587 2.229 0.475 0.282 0.333 1.043 0.991 1.113
Adult 50.042 38.005 44.229 130.162 88.351 114.305 79.302 73.125 73.271 92.999 77.264 83.340

Child 50.606 38.433 44.728 131.629 89.347 115.593 80.196 73.949 74.097 94.047 78.134 84.279

Adult 1.465 0.706 1.167 2.308 1.332 1.925 0.486 0.333 0.426 2.354 1.110 1.866
Child 1.481 0.714 1.180 2.334 1.347 1.947 0.491 0.337 0.431 2.380 1.123 1.887

Adult 1.949 1.570 1.801 7.430 5.927 6.840 5.728 4.200 5.129 4.570 3.533 4.163

Child 1.971 1.588 1.821 7.514 5.994 6.918 5.793 4.248 5.186 4.621 3.573 4.210
Adult 0.940 0.656 0.829 2.166 1.640 1.959 1.770 1.159 1.530 1.114 0.948 1.049

Child 0.951 0.664 0.838 2.190 1.658 1.982 1.790 1.172 1.547 1.126 0.959 1.060

Mn

Cu

Pb

Liver Gill Skin

Cr

Cd

Fe

Heavy 

metals
EDI

Muscle
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(a) Notopterus notopterus 
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(b) Clarias barachus 
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(c) Channa striata 

Fig. 8. 6. Estimated target haz-ard quotient (THQ) for individual metal of various organs of different fish species 
from the three zones of Deepor Beel. 
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Fig. 8. 7. Total target hazard quotient (TTHQ) values for different fish species in Deepor Beel. 
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(a) Notopterus notopterus 
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(b) Clarias barachus 
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(c) Channa striata 

Fig. 8. 8. Lifetime cancer risk (TR) for adult and children from the consumption of various organs of different fish species from the three zones of Deepor Beel. 
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Hence, the liver of Clarias batrachus collected from zone I possessed the most non-carcino-

genic health impact among the children. On the other hand, the muscle of Channa striata col-

lected from zone II has the most negligible impact. The associated cancer risk involved was 

assessed through the TR values, considering two carcinogenic heavy metals, i.e., Cd and Pb. 

The desirable and acceptable values are 1.0×10-06 and 1.0×10-04, respectively. It was observed 

that the carcinogenic risk due to Cd was significantly higher for all the organs of the three 

species. In contrast, the TR values for Pb lay below the acceptable, although more than the 

desired value. This suggests that Cd has a long-term carcinogenic impact on human health, 

both for adults and children. Children were found to have a more significant impact on their 

health on fish consumption from Deepor Beel. 

8.4. Bioaccumulation of heavy metals and bioaccumulation factor 

The heavy metal fractionation in the sediments determines the extent of bioaccumulation of 

heavy metals in the biota (Sekhar et al. 2004). Based on the binding strength and solubility, 

the bioavailable fractions of sediments can be classified in the following order; F1 > F2 > F3 > 

F4 > F5 (Ma & Rao 1997). Both endogenous (environmental factors such as ambient temper-

ature, metal bioavailability, and alkalinity) and exogenous (external factors such as species 

size, physiological state of the species, etc.) factors control a complicated process like bioac-

cumulation (Moiseenko & Kudryavtseva 2001). Several factors, such as the proximity of the 

fish species to the contaminated sediment sites, the magnitude of contamination and their 

trophic levels, determine the extent of contaminant exposure in the fish tissues. There exist 

two primary routes of exposure of the contaminants into the tissues of fish; (i) through gills 

or via ion exchange process of the dissolved chemicals which forms the primary route, and 

(ii) ingestion of sediment particles or food through the gut, which forms the secondary route 

of exposure (Burger et al. 2002). Among the fish organs, the liver and skin tend to have a 

higher bioaccumulation tendency than other organs (Agarwal et al. 2007; Dhanakumar et al. 

2015). Hence, an attempt has been made to correlate the heavy metal concentrations in vari-

ous fish organs to the sediment fractionations available for Deepor Beel to determine their 

bioaccumulation pattern (Table 8. 4). Since F1 and F2 fractions predominantly aid in the bio-

accumulation process; hence, the correlations about these two fractionations have been con-

sidered in the following study, although all fractionation correlations are given in Table 8. 4. 

It was observed that the liver showed significant positive correlations for all metals except Pb 

and Fe for both F1 and F2, thus indicating the highest bioaccumulation affinity. 
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Table 8. 4. Correlation between metal accumulation in various fish organs and metal fractions in sediments. 

 

Metal Muscle Liver Gill Skin Metal Muscle Liver Gill Skin

Cr Mn

F1 -0.2576 0.2535 -0.0415 0.0628 F1 0.2330 0.2517 0.2332 0.2815

F2 0.0022 0.3328 -0.0667 -0.0823 F2 0.3776 0.4056 0.3777 0.4239

F3 0.1094 0.2251 0.0941 0.2773 F3 0.2550 0.2807 0.2553 0.2795

F4 -0.4212 -0.2696 -0.3261 -0.0965 F4 0.3724 0.3911 0.3725 0.3736

F5 0.4366 0.7602 0.5406 0.5795 F5 0.2534 0.2124 0.2534 0.2461

Cd Cu

F1 0.4385 0.6260 0.4343 0.3032 F1 0.3838 0.3590 0.3815 0.3951

F2 0.3564 0.1207 0.3944 0.2790 F2 0.4508 0.4616 0.4667 0.4597

F3 0.0624 -0.2922 0.1239 0.0770 F3 -0.5969 -0.6004 -0.5845 -0.5836

F4 -0.0473 0.0024 -0.0615 -0.1384 F4 0.2233 0.2154 0.2032 0.2089

F5 -0.0260 -0.0866 -0.0875 0.2646 F5 0.2887 0.2672 0.2619 0.2756

Fe Pb

F1 -0.5027 -0.5319 -0.3984 -0.6238 F1 -0.4284 -0.4265 -0.4267 -0.4281

F2 -0.6784 -0.7534 -0.5590 -0.8354 F2 -0.2001 -0.2019 -0.2037 -0.2031

F3 -0.4522 -0.5404 -0.2373 -0.7373 F3 -0.3899 -0.3850 -0.3883 -0.3930

F4 -0.3475 -0.3787 -0.1803 -0.4771 F4 0.0382 0.0336 0.0375 0.0423

F5 0.2232 0.3702 0.5185 0.1676 F5 -0.0150 -0.0160 -0.0179 -0.0179
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Furthermore, muscle displayed no significant correlation for any heavy metal, although a 

strong correlation was observed for Cd, Mn, and Cu. This shows that muscle has the least ten-

dency for bioaccumulation. Skin showed considerable affinity towards bioaccumulation of Mn 

and Cu, while moderate and low correlations were observed for Cr and Cd, respectively. Gill 

displayed low to moderate correlations for Cd, Mn, and Cu, while no correlation existed for 

other metals. Among the heavy metals, Cd was found to be the best as far as bioavailability is 

concerned due to its abundance in the readily exchangeable fraction, which is indicated in Fig. 

7. 12.  

Cu and Mn follow Cd. This indicates that Cd, Cu, and Mn are the predominant metals re-

sponsible for bioaccumulation in various organs of fish species, which can be attributable to 

discharge of water from Basistha River carrying untreated domestic wastewater, industrial 

effluents from the western part of the wetland and agro runoff. Several studies have also re-

ported the influence of sediment geochemistry due to Cd, Cu, and Mn contamination as a re-

sult of untreated sewage, agro runoff, and industrial effluents and have obtained positive cor-

relations between the bioavailable fractions (Sekhar et al. 2004; Agarwal et al. 2007; 

Baumann & Fisher 2011; Dhanakumar et al. 2015).  

Additionally, a correlation analysis carried out between the total metal concentrations in 

the three fish species and total metal content in sediment (Fig. 8. 9) and water column (Fig. 8. 

10) revealed that sediments were more strongly correlated than the water environment for 

all three species and six heavy metals. This suggests that the sediment column of Deepor Beel 

contributes to the bioavailability of the heavy metals in the fish species more than the water 

column. 

The bioaccumulation of heavy metals in various organs of fish species is also evaluated 

using the bioaccumulation factor (BAF) tool. Fig. 8. 11 shows the BAF (in %) for four organs 

(liver, muscle, gill, and skin) of the three fish species (N. notopterus, C. batrachus, and C. stri-

ata) collected from three different zones of Deepor Beel. Critical observations can be made, 

including the liver having the highest BAFs among all the organs, followed by skin, gill, and 

muscle. Furthermore, the BAFs in zone I were mostly found to be higher than the other two 

zones. However, the BAF for Cr in the liver for all three species were higher in zone II, primar-

ily because of the agro discharge from the area. The highest BAF was observed for Cd in liver 

tissues in Clarias batrachus from zone I, while the lowest occurred in Cd concentrations in 

muscles of Clarias batrachus from zone II. This indicated that Cd was regulated in the liver 

tissue while maintaining a homeostatic status in the muscle. It was also observed that a sig-

nificant difference in BAF values occurred between the different organs for Cd, Cr, and Mn, 
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while other metals displayed smaller variations. This can be attributed to the high leachability 

of Cd, Cr, and Mn due to their high availability of exchangeable fractions.  

Hence, the present study indicates that the sites near the landfill plays a critical role in the 

bioaccumulation of heavy metals in the fishes of Deepor Beel, owing to higher contamination 

values of sediments in that region. 

 

 

Fig. 8. 9. Significant correlation between various heavy metal contents in fish and sediments. 

 

 

R² = 0.4116

R² = 0.6143

R² = 0.3776

145

155

165

175

185

195

205

215

3 4 5 6 7 8

H
e
av

y
 m

e
ta

l 
c
o

n
c
e
n
tr

at
io

n
s 

in
 s

e
d
im

e
n
ts

 
(m

g
/k

g
)

Total metal concentrations of various fish species (µg/g)

Cr

Notopterus notopterus

Clarias batrachus

Channa striata

R² = 0.7391

R² = 0.4

R² = 0.7773

30

40

50

60

70

80

90

0.5 1 1.5 2 2.5 3 3.5

H
e
av

y
 m

e
ta

l 
c
o

n
c
e
n
tr

at
io

n
s 

in
 s

e
d
im

e
n
ts

 
(m

g
/k

g
)

Total metal concentrations of various fish species (µg/g)

Cd

Notopterus notopterus

Clarias batrachus

Channa striata

R² = 0.6222

R² = 0.5622

R² = 0.5329

7600

7700

7800

7900

8000

8100

8200

8300

8400

8500

8600

150 160 170 180 190 200 210 220

H
e
av

y
 m

e
ta

l 
c
o

n
c
e
n
tr

at
io

n
s 

in
 s

e
d
im

e
n
ts

 
(m

g
/k

g
)

Total metal concentrations of various fish species (µg/g)

Fe

Notopterus notopterus

Clarias batrachus

Channa striata

R² = 0.6297

R² = 0.6046

R² = 0.5473

330

340

350

360

370

380

390

1.5 2 2.5 3 3.5 4 4.5

H
e
av

y
 m

e
ta

l 
c
o

n
c
e
n
tr

at
io

n
s 

in
 s

e
d
im

e
n
ts

 
(m

g
/k

g
)

Total metal concentrations of various fish species (µg/g)

Mn

Notopterus notopterus

Clarias batrachus

Channa striata

R² = 0.6017

R² = 0.615

R² = 0.6651

0

5

10

15

20

25

30

35

40

45

50

8 8.5 9 9.5 10 10.5 11 11.5 12

H
e
av

y
 m

e
ta

l 
c
o

n
c
e
n
tr

at
io

n
s 

in
 s

e
d
im

e
n
ts

 
(m

g
/k

g
)

Total metal concentrations of various fish species (µg/g)

Cu

Notopterus notopterus

Clarias batrachus

Channa striata

R² = 0.5033

R² = 0.5773

R² = 0.5294

155

160

165

170

175

180

185

190

195

2 2.5 3 3.5 4

H
e
av

y
 m

e
ta

l 
c
o

n
c
e
n
tr

at
io

n
s 

in
 s

e
d
im

e
n
ts

 
(m

g
/k

g
)

Total metal concentrations of various fish species (µg/g)

Pb

Notopterus notopterus

Clarias batrachus

Channa striata

TH-2896_176104004



Chapter | 8 Understanding the dynamics of heavy metals… 

 

266 | Page Indian Institute of Technology Guwahati 

 

Fig. 8. 10. Significant correlation between various heavy metal contents in fish and water column. 
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(c) (d) 

  

(e) (f) 

Fig. 8. 11. Bioaccumulation factors {BAFs (in percent)} of different heavy metals in various organs of 
N. notopterus, C. batrachus and C. striata from the three zones of Deepor Beel. 

 

8.5. Summary 

The present study considered environmental monitoring as a tool for a comprehensive as-

sessment of the dynamics involved with respect to heavy metals in the entire Deepor Beel 

(wetland) ecosystem considering all three critical components, i.e., water, sediment, and fish. 

Various critical observations were made, and the following conclusions, listed below, are de-

duced from the study. 

a. For the water column of Deepor Beel, the ingestion pathway of exposure is significantly 

higher than the dermal adsorption. Pb and Mn were found to have a significant contribu-

tion to the health risk of humans in the sites adjacent to the Boragaon landfill. However, 

without proper reclamation policies or planning of the wetland, Cr and Cd may start posing 

severe health risks shortly. 

L
iv

er

M
u

sc
le

G
il

l

S
k

in

L
iv

er

M
u

sc
le

G
il

l

S
k

in

L
iv

er

M
u

sc
le

G
il

l

S
k

in

0.0

0.5

1.0

 

 

 

B
A

F
 (

%
)

 Zone I

 Zone II

 Zone III

Notopterus notopterus Clarias batrachus Channa striata

Fe

L
iv

er

M
u

sc
le

G
il

l

S
k

in

L
iv

er

M
u

sc
le

G
il

l

S
k

in

L
iv

er

M
u

sc
le

G
il

l

S
k

in

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

0.45

0.50

 

 

 

B
A

F
 (

%
)

 Zone I

 Zone II

 Zone III

Notopterus notopterus Clarias batrachus Channa striata

Mn

L
iv

er

M
u

sc
le

G
il

l

S
k

in

L
iv

er

M
u

sc
le

G
il

l

S
k

in

L
iv

er

M
u

sc
le

G
il

l

S
k

in

0.0

0.5

1.0

 

 

 

B
A

F
 (

%
)

 Zone I

 Zone II

 Zone III

Notopterus notopterus Clarias batrachus Channa striata

Cu

L
iv

er

M
u

sc
le

G
il

l

S
k

in

L
iv

er

M
u

sc
le

G
il

l

S
k

in

L
iv

er

M
u

sc
le

G
il

l

S
k

in

0.0

0.2

0.4

0.6

0.8

 

 

 

B
A

F
 (

%
)

 Zone I

 Zone II

 Zone III

Notopterus notopterus Clarias batrachus Channa striata

Pb

TH-2896_176104004



Chapter | 8 Understanding the dynamics of heavy metals… 

 

268 | Page Indian Institute of Technology Guwahati 

b. The non-carcinogenic health risk assessment for the surficial sediments revealed that Cd 

and Pb have maximum impact for the ingestion pathway for all the sampling locations. The 

cumulative impact of all the metals for all three pathways combined signified HQ values 

exceeding nine times the critical limit of 1. On the other hand, the carcinogenic risk assess-

ment indicated Cd to have the highest carcinogenic potential, with its values exceeding the 

acceptable limits for all sites. Finally, regardless of the carcinogenic or non-carcinogenic 

potential of heavy metals, children were found to be more susceptible to chronic health 

effects compared to adults. 

c. The three fish species collected from three different zones of Deepor Beel suggested that 

all three fish species exhibited higher bioaccumulation of heavy metals in the liver. Fur-

thermore, the samples collected from zone I accumulated considerably higher concentra-

tions of heavy metals, followed by those collected from zone II and III. 

d. Finally, the present study results suggest that the landfill contributes to the heavy metal 

pollution of the wetland (both water and sediment column), which is further reflected in 

the fish biota. This involvement of the heavy metals in the aquatic ecosystem's food chain, 

thus, resulting in their bioaccumulation, may prove detrimental, provided no substantial 

measures are taken to limit their flow into the aquatic ecosystem. 
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Man is a complex being: he makes deserts 
bloom and lakes die. 

- Gil Scott-Heron 

 

9 
Assessment of nutrient (N-P) dynamics in 

wetlands through a one-dimensional model 

for assessing the eutrophication levels in-

duced by various pollution sources 
 
This chapter aims at providing a suitable foundation for the development of a eutrophic-eco-

logical model for Deepor Beel, India. Through this eutrophic model, the nutrient dynamics in 

the wetland ecosystem was understood and sustainable solutions towards eutrophication 

abatement in Deepor Beel was proposed. 

9.1. Spatio-temporal variations of different water quality, plant and 

sediment samples 

The variations in water and sediment quality have been reported in Appendices A and B, re-

spectively, through pattern plots. For the water samples, alkaline pH values were observed at 

sampling sites with the substantial presence of water hyacinths, indicating possible role pho-

tosynthesis by microorganisms present at the root zone. On the other hand, acidic pH values 

were observed at sampling points closer to the Boragaon landfill, indicating a probable inflow 

of acidic surface runoff. Dissolved oxygen showed a wide variation both spatially and tempo-

rally across the entire sampling period. It was consistently low for sampling sites 7, 9, 15 and 

16, which are located closest to the landfill, occasionally dropping to values lower than 4 

mg/L, which is required to support aquatic life. Sampling sites closer to the industrial zone 

and at the mid-section of Deepor Beel had high dissolved oxygen concentrations for most of 
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the sampling period. Sampling site 10 showed abnormally high dissolved oxygen concentra-

tion in few sampling months, which can be explained by the presence of water hyacinths in 

that area. The anomalous high value of Total Kjeldahl Nitrogen (TKN) at sampling sites 15 and 

16 can be explained by the proximity of those points to the landfill. In fact, the TKN at all the 

sampling points was relatively high in March 2018. This can be attributed to the fact that the 

Total Kjeldahl Nitrogen in the inflowing water of the Basistha River was high for that month. 

The ammonia nitrogen concentration was higher in the winter and pre-monsoon seasons 

than in the monsoon and post-monsoon seasons. This trend can be attributed to dilution due 

to increased water volume, higher nitrification rate, higher microbial uptake, etc. It is also 

interesting to note that most of the high nitrate sampling sites are located close to the banks 

of the lake, hinting at the possibility of artificial addition of nitrate from the agricultural run-

off. 

The average temperature of the water in Deepor Beel was higher during the pre-monsoon 

and monsoon periods (May to September). Higher temperature during this period is a reflec-

tion of the high ambient temperature that prevails in the region. Fig. 9. 1 represents the spa-

tio-temporal variation of different nutrients in plants in Deepor Beel. TKN and OrgN show 

similar trends as indicated by Fig. 9. 1a and c. Water hyacinths in Deepor Beel begin to bloom 

in the post-monsoon season and attain maturity in the succeeding seasons. This explains the 

initial rise in TKN and OrgN in zones 1 and 3. The trends then continue to stay mostly constant 

from February 2018 to July 2018 as most of the water hyacinths during that period in the lake 

achieve the maturation stage, and hence, lower concentrations are observed in the plant bio-

mass. NH3N, NO3N and PP are found to be present in lower concentrations in the wetland. 

Similarly, the spatio-temporal variations of the nutrient concentrations in the sediment col-

umn of Deepor Beel suggest high concentration in the green zone, which the higher settling 

rate can explain during that period, which can be validated by the fact that TKN in the water 

column decreased around the same period. Ammonia nitrogen is present in low concentra-

tions in the sediments as it quickly dissolves into pore water and re-enters the water column 

under favourable situations. However, on average, NH3N in the sediments was higher around 

the same period as TKN, hinting at an increased rate of ammonification of the OrgN present 

in the sediments. NO3N is primarily present in trace concentrations in the wetland, while SP 

varies over a wide range from 0.01-0.6 mg/g. 
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(e) 

Fig. 9. 1. Spatio-temporal variation of various nutrient parameters in plant samples. 

 

9.2. Sensitivity analysis 

Sensitivity analyses of the elementary effects for different state variables corresponding to 

different parameters are shown in Fig. 9. 2 a-h. These figures indicate scatter plots between 

standard deviation (σ) and absolute mean (µ*). The plots of these statistical indicators 

through the Morris method recognizes the input functions having a significant influence with 

respect to different parameters: 

▪ Low mean and low standard deviation: Negligible 

▪ High mean and low standard deviation: Linear and additive 

▪ High standard deviation: Non-linear or involved in interactions with other input parame-

ters 

All the plots were constructed for a confidence limit of ±10%. Clearly, from Fig. 9. 2a, µn is 

a dominating factor responsible for the maximum variation of organic Nitrogen in water with 

respect to other input factors since it has a high standard deviation. Factors such as μmax,20, 

Ram, rb and Rns have lower standard deviation values, which signifies that they have a linear 

and additive effect on the other input parameters. Factors other than these have low mean 

and standard deviation values, suggesting that their effects on the input factors are negligible.  
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Fig. 9. 2. Analysis of elementary effects of different state variables in relation to different parameters. 
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Similarly, Fig. 9. 2b suggests that µn has the highest impact for ammonia nitrogen in the 

water, accounting for the maximum variability with respect to other parameters. In contrast, 

Ram and rb have a considerably high standard deviation compared to the absolute mean, indi-

cating non-linear behaviour involving interactions with other input parameters. Similar 

trends are represented for nitrate nitrogen (Fig. 9. 2c), where µn plays a significant role in the 

variability of the input parameters, compared to other input factors, while other factors have 

negligible effects on the variability. However, for plant nitrogen, there exist two factors, µmpu1 

and µmpu2, which show significant influence as compared to other parameters (Fig. 9. 2d). This 

shows that the maximum uptake by plants for both ammonia and nitrate respectively play a 

significant role in the variability of the input parameters, while other factors have negligible 

influence. Fig. 9. 2e represents the effects of sediment nitrogen in relation to other parame-

ters. µn is the only parameter that shows a non-linear effect on the variability of the parame-

ter. Rns and Rnrs show higher mean values with a small standard deviation range, which indi-

cates a linear and additive effect on the variability. Total phosphorus in water and sediment 

phosphorus (Fig. 9. 2f and g) show similar behaviours for all the corresponding parameters 

where Rprs significantly influence the variability. On the other hand, the elementary effects on 

plant phosphorus indicate that Rpdc and µmppu show a linear influence while Rprs shows a non-

linear influence with other input parameters. 

9.3. Calibration and validation of the model 

Based on the sensitivity analysis of the one-dimensional ecological model, calibration of dif-

ferent parameters was carried out using the first twelve months of the sampling data. The 

calibrated model was then validated with the remaining five months of the dataset. The out-

comes of the model for both calibration and validation are presented in the subsequent sec-

tions. 

The initial values of the state variables used in the model during calibration are given in 

Table 9. 1. The values of the state variables are expressed in g m-2 day-1. The area of the lake 

was calculated as 7838389.42 m2 from ArcMap 10.2 

9.3.1. Calibration 

The calibrated values of the parameters are shown in Table 9. 2, along with the literature 

range obtained from different sources. The outcomes of the model during calibration are dis-

cussed subsequently. 
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Table 9. 1. Initial values of the state variables used in the model. 

State variable Description Value Units 

OrgN Organic Nitrogen in the water column 22.23 g/m2/day 

NH3N Ammonia nitrogen in water column 4.27 g/m2/day 

NO3N Nitrate nitrogen in the water column 0.55 g/m2/day 

PN Total nitrogen in plants 1.59 g/m2/day 

SN Total Nitrogen in sediments 7.12 g/m2/day 

P Total phosphorus in water column 0.48 g/m2/day 

PP Total phosphorus in plants 0.02 g/m2/day 

SP Total phosphorus in sediments 0.21 g/m2/day 

 
▪ Organic Nitrogen in the water column 

Observed average organic Nitrogen in the water column decreases in the winter season and 

rises as the monsoon approaches and peaks in the month of August 2018 (304th day). The 

simulated average organic Nitrogen in the water column has been able to mimic such a trend 

(Fig. 9. 3a). The reaction rates involved in the sub-model also behave in a similar manner as 

the simulated average organic nitrogen trend. The decay rate of plant nitrogen has the least 

effect on the organic nitrogen sub-model, as seen from the figure. 

▪ Ammonia nitrogen in the water column 

Observed average ammonia nitrogen in the water column reduces to the minimum in the 

month of May 2018 (212th day), beyond which it rises again. The one-dimensional ecological 

model has been largely successful in following a similar trend (Fig. 9. 3b). 

▪ Nitrate nitrogen in the water column 

Observed average nitrate nitrogen in the water column remains considerably low until June 

2018 (243rd day), beyond which it quickly spikes to high values in the months of July and 

August 2018. The simulated average nitrate nitrogen in the water column mimics this trend 

for most part of the trend (Fig. 9. 3c). In this state variable, nitrification and inflowing nitrate 

nitrogen significantly contributed to the simulated data variation, whereas plant uptake 

played a minimal role. 
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Table 9. 2. Calibrated values of various parameters used in the model. 

 

Parameter Units Description Literature range Source Calibrated values

µmax,20
day-1

Maximum growth rate of bacteria at 20˚C 0.18 Ferrara and Harleman (1980) 0.157

K1
g/m2/day Ammonia uptake half saturation constant 0.32-56* Mayo and Bigambo (2005) 0.3

K2
g/m3/day Nitrate uptake half saturation constant 2-15* Mayo and Bigambo (2005) 0.2

Ram
day-1

Ammonification rate coefficient 0.0005-0.143 Martin and Reddy (1997) 0.125

θ1 - Microbial growth temperature coefficient for ammonia 1.08-1.10 Metcalf (2017) 0.995

θ2 - Microbial growth temperature coefficient for nitrate 1.08-1.10 Metcalf (2017) 0.98

rb
day-1

Rate of reaction of plant-biofilm biomass - - 0.0168

Rndc
day-1

Decay coefficient for plant nitrogen - - 0.83

µn
day

-1
Maximum nitrifying bacteria growth rate 0.33-2.21 Jørgensen and Bendoricchio (2001) 0.002

Yn mg VSS /mg N Yield coefficient for nitrifying bacteria 0.03-0.13 Charley et al.  (1980) 0.095

Knh
g/m

2
/day Ammonia nitrifying half saturation constant - - 0.9

Kno
g/m

2
/day Oxygen half saturation constant 0.13-1.3* Jorgensen et al.  (1991) 1.2

 day
-1

Maximum ammonia uptake rate by plants - - 0.00106992

 day-1
Maximum nitrate uptake rate by plants - - 0.00010962

Kp1
g/m2/day Ammonia plant uptake half saturation constant - - 0.5

Kp2
g/m2/day Nitrate plant uptake half saturation constant - - 0.6

Rnrs
day-1

Sediment nitrogen resuspension coefficient 0.085-0.112 Mayo et al.  (2014) 0.0675

Rdn,20
day-1

Rate constant of denitrification 0-1 Bacca and Arnett (1976) 0.05

 - Microbial growth temperature coefficient for denitrification 1.08-1.10 Metcalf (2017) 1.02

Rns
day

-1
Settling rate coefficient of organic nitrogen - - 0.03354

Rprs
day

-1
Sediment phosphorus resuspension coefficient - - 0.0001245

Rps
day-1

Settling rate coefficient of total phosphorus 0.1-0.5 Lung et al.  (1976) 0.000024

 day-1
Maximum phosphorus uptake rate by plants - - 0.0009285

Kp3
g/m2/day Phosphorus plant uptake half saturation constant - - 0.585

Rpdc
day-1

Decay coefficient of plant phosphorus - - 0.000645

* The parameter in literature is reported in g/m3

mpu1

mpu2

3

mppu
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▪ Plant nitrogen 

The simulated average plant nitrogen in Deepor Beel showed a high correlation with the ob-

served average plant nitrogen (Fig. 9. 3d). The reaction rates involved in the sub-model are 

relatively meagre compared to those involved in other sub-models. The decay rate of plant 

nitrogen appears to be constant compared to ammonia and nitrate uptake rates which domi-

nate the slight variations observed in the simulated data. 

▪ Sediment nitrogen 

Simulated average sediment nitrogen in Deepor Beel is assumed to be regulated by two reac-

tion rates: settling rate of organic Nitrogen and ammonia regeneration rate. Using this simple 

assumption, the one-dimensional ecological model has been mostly successful in predicting 

the variation of observed average sediment nitrogen (Fig. 9. 3e). The reaction rates involved 

in the sub-model appears to mimic the variation of simulated data. 

▪ Total phosphorus in the water column 

The observed average total phosphorus in the water column remained low in the initial sim-

ulation period until May 2018 (212th day), beyond which it spiked rapidly to reach the highest 

observed average total phosphorus concentration in the month of July 2018 (273rd day). The 

simulated average total phosphorus in the water column was able to replicate such variation 

with decent accuracy (Fig. 9. 3f). This sub-model appears to be primarily affected by the in-

flowing and outflowing concentrations of total phosphorus. 

▪ Plant Phosphorus 

The simulated average plant phosphorus appears to correlate fairly with the observed aver-

age (Fig. 9. 3g). The reaction rates involved in the sub-model have very low values, due to 

which they failed to have any significant impact on other sub-models, but the in this sub-

model, both the reactions had equal dominance. 

▪ Sediment Phosphorus 

The observed average sediment phosphorus appears to rise rapidly post June 2018 (243rd 

day), successfully simulated by the one-dimensional ecological model (Fig. 9. 3h). In this state 

variable, the rate of settling of phosphorus plays a significant role in regulating the variation 

of the simulated data, but the delayed peak in the simulated reflects the considerable effect of 

sediment phosphorus resuspension rate. 
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Fig. 9. 3. Simulated versus observed values of different parameters along with different reaction rates 
involved during the calibration of the model. 
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9.3.2. Validation 

The one-dimensional ecological model was validated using the observed data from the last 

five months of sampling after the calibration process was completed. The output of the model 

during validation was then subjected to regression analysis to obtain the RMSE and Coeffi-

cient of determination (R2) values for each state variable (Table 9. 3). Good agreement was 

observed between the simulated data and observed data for all the state variables. Organic 

Nitrogen, ammonia nitrogen and total phosphorus in water showed a very high correlation 

(R2 >0.95), while nitrate nitrogen, sediment nitrogen and plant nitrogen showed a slightly 

lower correlation (R2=0.8 to 0.9). Sediment phosphorus and plant nitrogen showed the least 

correlation among all the state variables (R2=0.7705 and 0.6260 respectively), but consider-

ing the natural system, such low values of correlation of determination are considered ac-

ceptable (Arhonditsis & Brett 2005). The outcomes of the model during validation are present 

in Fig. 9. 4 a-h. 

Table 9. 3. Goodness-of-fit statistics of the model validation. 

State variable RMSE R2 

Organic Nitrogen in water column 0.9027 0.9867 

Ammonia nitrogen in water column 0.1006 0.9563 

Nitrate nitrogen in water column 0.5504 0.8515 

Plant nitrogen 0.0085 0.6260 

Sediment nitrogen 2.0220 0.8378 

Total phosphorus in water column 0.0201 0.9979 

Plant phosphorus 0.0001265 0.8378 

Sediment phosphorus 0.1274 0.7705 
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Fig. 9. 4. Simulated versus observed values of different parameters along with different reaction rates 
involved during the validation of the model. 
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9.4. Management options for curbing eutrophication levels 

The model validation provided insights regarding the appropriateness of the model.; hence, 

it was thus used for two plausible options which may be regarded as highly likely for curbing 

the eutrophication levels in the wetland. The details of both the management options are as 

follows. 

9.4.1. Plausible role of harvesting of plants in Deepor Beel 

Water hyacinths play an essential role in the ecosystem of Deepor Beel as it controls water 

currents, partially removes pollutants and serves as food for the aquatic bio-phage. However, 

the rapid growth of these plants can create several problems such as physical hindrance to 

fishing and navigation, decrease in the euphotic zone in the lake and increase in the detritus 

layer. Consequently, harvesting of these plants as an attempt to control their proliferation has 

been consistently proposed across the globe, but such a method is usually costly and labour 

intensive (Sarika et al. 2014). In fact, harvesting water hyacinths is only a temporary solution, 

as pointed out by Sarika et al. (2014). The one-dimensional ecological model developed in 

this study is used to investigate the role of harvesting of these plants on the nutrient distribu-

tion in Deepor Beel and consequently comprehend the reasons for the transitory nature of 

harvesting in controlling the water hyacinths. 

The effects of harvesting of water hyacinths in Deepor Beel on different types of nutrients 

are shown in Fig. 9. 5 a-h. The model was designed to check the behaviour of all the state 

variables when the plants in the lake were subjected to no harvesting as well as to three hy-

pothetical harvesting rates of 80, 90 and 100%. As evident from the graphs, harvesting of 

plants had little effect on the nutrients in different levels except for plant nitrogen and plant 

phosphorus, which is evident as the removal of plants from the ecosystem will also remove 

the nitrogen and phosphorus compounds attached to it. The other state variables remain un-

affected from harvesting as the rates of ammonia, nitrogen and phosphorus utilization by the 

plants for growth and rates of plant nitrogen and phosphorus decay are significantly low com-

pared to other reaction rates involved in the respective sub-models. This also explains the 

temporary nature of the harvesting in weed control of water hyacinth. As the nutrients in the 

lake remain intact even after harvesting, barely removing the plants from the lake could not 

prevent the plants from resurfacing in the future. Therefore, harvesting plants in Deepor Beel 

will not be an effective measure in controlling the eutrophication in the lake. 
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Fig. 9. 5. Plausible effects of harvesting at different harvesting rates on various parameters of the 
model. 
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9.4.2. Plausible role of a treatment unit at the inlet of Deepor Beel 

Eutrophication in Deepor Beel can be reduced if the nutrients flowing into the lake are re-

duced sufficiently to prevent excessive plant growth. One such way to reduce nutrients is by 

setting up a treatment unit that partially removes the nutrients from the water of the Basistha 

River. However, the efficiency of the treatment unit should be such that nutrients in the lake 

are not reduced beyond an optimum value resulting in poor functioning of the wetland. The 

one-dimensional ecological model developed in this study is used to inspect the effects of in-

troducing a treatment unit in Deepor Beel as well as the role of treatment efficiency on all the 

state variables. 

The treatment of inflowing water to Deepor Beel has a significant impact on the state var-

iables of the one-dimensional ecological model (Fig. 9. 6 a-h). Organic Nitrogen in the lake 

rapidly decreases on introducing a treatment unit in the lake, and reduction further intensi-

fies with higher treatment efficiencies (Fig. 9. 6a). 

Ammonia nitrogen in the lake also decreases, but such decreases are not as drastic as or-

ganic nitrogen (Fig. 9. 6b). However, similar to organic nitrogen, ammonia nitrogen decreases 

more with an increase in treatment efficiency. Nitrate nitrogen in Deepor Beel also decreases 

rapidly, and increasing the treatment efficiencies leads to smoothening of the temporal vari-

ation of average nitrate nitrogen in Deepor Beel (Fig. 9. 6c). The treatment unit does not have 

any significant effect on plant nitrogen initially, but in the later part of the simulation, plant 

nitrogen shows a considerable incremental decrease with an incremental increase in treat-

ment efficiency (Fig. 9. 6d). The widening gap between the trends of plant nitrogen without 

treatment and with treatment in the later simulation stages indicates a possibility of a per-

manent decrease in plant nitrogen in the future. The sediment nitrogen in Deepor Beel also 

decreases when a treatment unit is introduced in the lake, and further smoothens when the 

treatment efficiency increases (Fig. 9. 6e). The phosphorus components also behave similarly 

to the nitrogen counterparts when a treatment unit is introduced in Deepor Beel (Fig. 9. 6 f-

h). 
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Fig. 9. 6. Plausible effects of a treatment unit at different removal efficiencies on various parameters 
of the model. 
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9.5. Summary 

The present study was conducted to develop a one-dimensional ecological model for Deepor 

Beel to understand the fate of nutrients, thereby developing a better understanding of the 

eutrophication process in the wetland. The significant outcomes of this study are listed as 

follows: 

a. The one-dimensional ecological model developed in this study has successfully predicted 

the distribution of nutrients in different state variables identified in Deepor Beel. The 

RMSE and R2 values of all the state variables lay in the range 0.0001265-2.0220 and 

0.6260-0.9979, respectively, during model validation and thereby substantiating the suc-

cessful behaviour of the model. 

b. The calibrated model provided interesting insights into the behaviour of the state varia-

bles. It has eloquently highlighted that the rates of nutrient uptake by plants are consid-

erably low to have any effect on the behaviour of the state variables other than those re-

lated to plants. The model has also explained the lesser dependence of the ammonia ni-

trogen state variable on the inflowing and outflowing ammonia nitrogen for variation. It 

has also revealed the dominant role of the rate of nitrification as well as the inflowing and 

outflowing concentration of different nutrients on different state variables. 

c. Applying the model to study the effects of harvesting the plants from Deepor Beel at dif-

ferent harvesting rates has successfully corroborated that harvesting plants is merely a 

temporary solution to the eutrophication problem as the nutrients in the water column 

remain nearly intact during harvesting simulation.  

d. Finally, the model predicted that introducing a treatment unit to Deepor Beel such that 

the water entering the lake is partially treated before entry can be very effective in eu-

trophication abatement in the lake. The nutrient concentration significantly decreased in 

the water column during simulation, and the growth of plants also decreased. The diverg-

ing trends of plant nitrogen without harvesting and harvesting indicated a possible de-

crease in the plant population if the treatment unit is operational for an extended period. 
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Look deep into nature, and then you will un-
derstand everything better. 

- Albert Einstein 

 

10 
Concluding Remarks and Scope for future re-

search 
 
This chapter provides the overall concluding remarks from the entire research. It also dis-

cusses directions for future plausible research in this domain. 

10.1. Overall concluding remarks from the thesis 

 A comprehensive study was conducted to understand the dynamics of a wetland ecosystem 

and the responses of their biotic and abiotic components to various anthropogenic pollutions. 

For this purpose, four components were chosen, and their characterization was studied in 

detail. Critical observations were noted during the course of the research.  Objective-wise 

summary of the acquired results are discussed, as follows. 

▪ The Ist objective constituted the handling of the big dataset. For this purpose, different En-

vironmetrics tools were employed. It was observed that all the tools, i.e., hierarchical clus-

ter analysis, discriminant analysis, principal component analysis, and positive matrix fac-

torization model, provided reliable information regarding the identification and quantifi-

cation of the pollution sources without losing significant information. The clustering pro-

cess helps in sites’ characterization; Discriminant analysis provides evidence of the highly 

discriminating parameters responsible for site characterization; PCA helps identify latent 

pollution sources; while PMF models quantify the contribution of different pollutants from 

different sources. 

▪ The IInd objective dealt with evaluating the water quality status of the wetland. Two novel 

objective-based indexing techniques were proposed, i.e., employing multivariate statistics 

and information entropy. These methods helped remove the prejudiced nature of the sub-

jective-based approaches. Both the methods were employed for three distinct water us-
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ages; domestic, assessing heavy metal contamination, and determining irrigation suitabil-

ity. It was observed that both methods were highly reliable and correct. For short moni-

toring programs, the use of multivariate statistics for computing WQIs proved to be more 

viable, while for large monitoring programs, information entropy proved to be more help-

ful. The reliability and correctness were checked through sensitivity assay and compared 

with correlating with the original dataset. 

▪ The sediment column was assessed for heavy metal contamination—this required identi-

fication and apportionment of the probable pollution sources. Hence, the multivariate sta-

tistical tools and the PMF model were employed. Both provided excellent correlation with 

the observed dataset and were thus found to be highly effective. Thereafter, different fac-

tors and indices were employed to check the health of the sediment column of the wetland. 

Potential ecological risks associated with each heavy metal contributing to the sediment 

contamination were also evaluated. In addition, metal speciation analyses were carried out 

for each heavy metal to comprehend the available fractions in the sediment column. The 

results were finally validated through elemental analyses, i.e., XRD and SEM-EDS. The re-

sults showed that the sediment column of Deepor Beel was the most affected near the land-

fill region, while the central zone remains devoid of any anthropogenic contamination. 

▪ The IVth objective concluded the IInd phase. Here, we tried understanding the heavy metal 

dynamics of the entire wetland ecosystem. This constituted the heavy metal concentration 

values and their distribution in different aquatic components. Also, non-carcinogenic and 

carcinogenic risks pertaining to long-term exposure to these components were measured. 

In addition to this, the three different fish samples collected were also assessed for their 

bio-accumulation potential of heavy metals, thereby providing insights into the health 

risks involved at higher trophic levels. 

▪ The final objective dealt with the nutrient (N & P) dynamics in the wetlands that result in 

eutrophication. This was undertaken through a eutrophication-based ecological model, 

wherein three different components, i.e., water, sediment and water hyacinth, were bound 

together through a conceptual boundary. Different state variables were employed in the 

model to visualize the factors primarily responsible for eutrophication in Deepor Beel. The 

model was calibrated using 12 months’ dataset, while the validation was performed with 

additional five months’ dataset. The calibrated results showed excellent validation output. 

Additionally, the correctness of the model and sensitivity of each parameter was analyzed 

through sensitivity analysis via the Morris method. The model was finally employed to find 

plausible options for curbing eutrophication in the wetland. Two different options were 

chosen, i.e., harvesting water hyacinths and setting up a treatment unit at the mouth of 
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Basistha River. The later was a more promising option as far as a sustainable and effective 

measure to curb eutrophication. 

The results of this study will be of substantial aid to various policy-makers and govern-

ment or semi-government organizations in taking appropriate steps for improving the health 

of a water body. This would further aid in properly managing funds allocated for the restora-

tion and rejuvenation of the water bodies. This is because it will help identify the critical pol-

lution limits essential in the restoration process of the water bodies, thereby aiding in updat-

ing the regulatory norms for future policies. 

10.2. Scientific Contributions from the research and their practical 

applicability 

On a local scale, the study is a first of its kind extensive monitoring and assessment study 

carried out on Deepor Beel. Since its inception into the list of Ramsar sites, there has been 

little or no care taken to preserve its rich biological diversity. Several measures were under-

taken in the past, but they were highly unsuccessful due to lack of prognosis. The study pro-

vides detailed information regarding all four components of Deepor Beel’s ecosystem, i.e., wa-

ter, sediments, flora and fauna. Sources of pollution have been identified, their contribution 

to the contamination of the wetland’s ecosystem has been quantified. Additionally, the health 

status with respect to all four components has been presented in detail. The risks associated 

with long-term exposure to water, sediment and intake of the locally available fish (which the 

local people are often found to be ingesting) are presented. This will help aware the people 

living in the region and are dependent on the wetland for their survival about the seriousness 

of the damages incurred through large-scale anthropogenic interventions. Finally, since eu-

trophication is one of the primary concerns relating to Deepor Beel’s existence, the study pro-

poses management options for curbing the levels of eutrophication through a scientific ap-

proach of a eutrophication-based ecological model. Therefore, the results of this study can be 

utilized on a large scale to restoring the wetland back to its original and natural state before 

it becomes too late. 

On a global scale, firstly, the study provides novel methods to assess water quality involv-

ing objective-based approaches, taking into account all the limiting factors in the existing us-

ages. This removes the possibility of any prejudice evolving due to the experts’ opinions, thus 

providing a more realistic picture of water quality. For assessing water quality, this study also 

presents cases for both short term and long term monitoring programs, which will be helpful 

for all types of water bodies. In addition to this, the applicability of the proposed methods is 

not limited to any particular water body or geography; instead, it may be universally adopted. 
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This study also provides detailed information on assessing the sediment quality in a surface 

water body and measures to assess their contamination levels. The dynamics of heavy metals 

(one of the primary pollutants in any water body) through their occurrence, concentrations, 

and distribution across the entire ecosystem is presented, which can be used for all types of 

surface water bodies, including rivers. Finally, the model developed is highly scientific and 

thus can be used for other lakes and wetlands, although the calibrated values of the parame-

ters involved will vary, given the dynamic nature of different natural ecosystems. 

10.3. Limitations of the study 

Although this study provides detailed research on the limnology of wetlands, there are certain 

limiting aspects to this. They are listed as follows: 

▪ The standard considered in assessing the water quality for the present study is the Indian 

Standard, which may not deem suitable for other countries (since all countries have their 

prescribed standards). However, researchers worldwide are at liberty to consider their 

respective countries’ standards or adopt the World Health Organization (WHO). 

▪ The ecological model developed in this study to understand the dynamics of the nutrients 

in the wetland considers the dataset obtained from the monitoring program conducted on 

Deepor Beel. Although the overall concept and applicability of the model codes do not 

change, to carry out similar studies on another water body, one has to carry out similar 

extensive monitoring for that particular body to simulate the model as per their require-

ments. 

10.4. Recommendations for future research 

The results of this study are very promising to have a deep understanding of the limnology of 

the wetlands. However, it is recommended that future research be undertaken in the follow-

ing areas to improve and extend the findings of this thesis. 

▪ The hunt for the development of new and more efficient water quality indices is far from 

over. The present study discusses the application of different novel Environmetrics tools 

for assessing the water quality of a particular water body. Although the indices have 

proved to be highly effective and correct, newer methods such as fuzzy logic, predictive 

models like artificial neural networks, wherein the water quality can be best predicted 

through a set of raw datasets, may be tried and tested. Furthermore, research on improving 

the proposed models is also highly welcome. 
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▪ In the present study, seven different heavy metals were considered for research. Many per-

sistent inorganic heavy metals cause severe impacts on long-term exposure to human 

health. A detailed study involving such heavy metals is highly recommended. 

▪ Studies on the optimization of water quality monitoring stations can be an excellent future 

prospect in this regard.  

▪ The one-dimensional ecological model was developed in this study to serve as a stepping-

stone to the development of more sophisticated ecological models in Deepor Beel that lend 

a better understanding of the existing ecosystem and help in formulating effective man-

agement strategies for the entire wetland. In fact, the present ecological model can be im-

proved in several ways, which are mentioned below.  

✓ The number of state variables in the model can be increased by incorporating additional 

state variables such as chlorophyll-a, phytoplankton, zooplankton, fish, etc., into the 

model. The array of forcing functions can also be increased by considering solar radia-

tion as it plays a crucial role in the photosynthesis process and, thereby, in the eutroph-

ication process. Such additions to the ecological model will improve its descriptive ca-

pacity. 

✓ A hydrological model of the Basistha River can be developed and incorporated into the 

ecological model to use the one-dimensional model as a predictive tool. 

✓ The one-dimensional ecological model can be expanded to two-dimensional and three-

dimensional models to grasp the spatiotemporal variation of the nutrients in the Deepor 

Beel. Such multi-dimensional models can predict the advection and diffusion patterns 

of nutrients in the lake. 

✓ Other species of plants along with water hyacinths, can be added to the representative 

plant samples to improve the prediction of the nutrient concentration in plants by the 

ecological model. 
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Appendix A 
 

Spatio-Temporal Pattern plots for water column of Deepor Beel 
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Spatio-Temporal Pattern plots for sediment column 

B1. Nutrients in sediments 
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B2. Heavy metals in sediments 

 

 

 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

Sampling Months (October, 2017 to February, 2019)

S
am

p
li

n
g
 L

o
ca

ti
o
n
s

35.00

46.56

58.13

69.69

81.25

92.81

104.4

115.9

127.5

Cadmium (mg/kg)

 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

Sampling Months (October, 2017 to February, 2019)

S
am

p
li

n
g
 L

o
ca

ti
o
n
s

7500

7838

8175

8513

8850

9188

9525

9863

1.020E+04

Iron (mg/kg)

 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

Sampling Months (October, 2017 to February, 2019)

S
am

p
li

n
g
 L

o
ca

ti
o
n
s

7500

7838

8175

8513

8850

9188

9525

9863

1.020E+04

Iron (mg/kg)

 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

Sampling Months ( October, 2017 to February, 2019)

S
am

p
li

n
g
 L

o
ca

ti
o
n
s

320.5

335.2

349.9

364.6

379.3

393.9

408.6

423.3

438.0

Manganese (mg/kg)

 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

Sampling Months ( October, 2017 to February, 2019)

S
am

p
li

n
g
 L

o
ca

ti
o
n
s

18.00

24.33

30.65

36.98

43.30

49.63

55.95

62.28

68.60

Copper (mg/kg)

 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

Sampling Months ( October, 2017 to February, 2019)

S
am

p
li

n
g
 L

o
ca

ti
o
n
s

150.0

164.3

178.5

192.8

207.0

221.3

235.5

249.8

264.0

Lead (mg/kg)

 

TH-2896_176104004



 Appendix | B 

 

 Indian Institute of Technology Guwahati Page | 313 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

Sampling Months ( October, 2017 to February, 2019)

S
am

p
li

n
g
 L

o
ca

ti
o
n
s

7000

8238

9475

1.071E+04

1.195E+04

1.319E+04

1.443E+04

1.566E+04

1.690E+04

Magnesium (mg/kg)

 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

Sampling Months (October, 2017 to February, 2019)

S
am

p
li

n
g
 L

o
ca

ti
o
n
s

137.0

150.0

163.0

176.0

189.0

202.0

215.0

228.0

241.0

Chromium (mg/Kg)

 

TH-2896_176104004



Appendix | B 

 

314 | Page Indian Institute of Technology Guwahati 

 

 

 

 

 

 

 

 

 

 

TH-2896_176104004



Bibliography 

 

Abbasi T. and Abbasi S. A. (2012). Water quality indices. Elsevier, Amsterdam. 

Abbasnia A., Yousefi N., Mahvi A. H., Nabizadeh R., Radfard M., Yousefi M. and Alimohammadi 

M. (2019). Evaluation of groundwater quality using water quality index and its suitability 

for assessing water for drinking and irrigation purposes: Case study of Sistan and Baluchi-

stan province (Iran). Human and Ecological Risk Assessment: An International Journal 

25(4), 988-1005. 

Abtahi M., Golchinpour N., Yaghmaeian K., Rafiee M., Jahangiri-rad M., Keyani A. and Saeedi R. 

(2015). A modified drinking water quality index (DWQI) for assessing drinking source wa-

ter quality in rural communities of Khuzestan Province, Iran. Ecological Indicators 53, 283-

91. 

Acosta J. A., Faz A. and Martinez-Martinez S. (2010). Identification of heavy metal sources by 

multivariable analysis in a typical Mediterranean city (SE Spain). Environmental Monitor-

ing and Assessment 169(1-4), 519-30. 

Adimalla N. (2019). Controlling factors and mechanism of groundwater quality variation in 

semiarid region of South India: an approach of water quality index (WQI) and health risk 

assessment (HRA). Environmental Geochemistry and Health 42, 1725-52. 

Adimalla N. and Qian H. (2019). Groundwater quality evaluation using water quality index 

(WQI) for drinking purposes and human health risk (HHR) assessment in an agricultural 

region of Nanganur, south India. Ecotoxicology and Environmental Safety 176, 153-61. 

Adimalla N., Li P. and Venkatayogi S. (2018). Hydrogeochemical evaluation of groundwater 

quality for drinking and irrigation purposes and integrated interpretation with water qual-

ity index studies. Environmental Processes 5(2), 363-83. 

Adimalla N., Qian H. and Li P. (2019). Entropy water quality index and probabilistic health 

risk assessment from geochemistry of groundwaters in hard rock terrain of Nanganur 

County, South India. Geochemistry 80(4), 125544. 

Afşin M. (1997). Hydrochemical evolution and water quality along the groundwater flow path 

in the Sandıklı plain, Afyon, Turkey. Environmental Geology 31(3), 221-30. 

Agarwal R., Kumar R. and Behari J. (2007). Mercury and lead content in fish species from the 

river Gomti, Lucknow, India, as biomarkers of contamination. Bulletin of Environmental 

Contamination and Toxicology 78(2), 118-22. 

Aghaei Chadegani A., Salehi H., Yunus M., Farhadi H., Fooladi M., Farhadi M. and Ale Ebrahim 

N. (2013). A comparison between two main academic literature collections: Web of Sci-

ence and Scopus databases. Asian Social Science 9(5), 18-26. 

Agusa T., Kunito T., Sudaryanto A., Monirith I., Kan-Atireklap S., Iwata H., Ismail A., Sanguansin 

J., Muchtar M. and Tana T. S. (2007). Exposure assessment for trace elements from con-

sumption of marine fish in Southeast Asia. Environmental Pollution 145(3), 766-77. 

Ahmed M. K., Baki M. A., Islam M. S., Kundu G. K., Habibullah-Al-Mamun M., Sarkar S. K. and 

Hossain M. M. (2015). Human health risk assessment of heavy metals in tropical fish and 

shellfish collected from the river Buriganga, Bangladesh. Environmental Science and Pollu-

tion Research 22(20), 15880-90. 

TH-2896_176104004



Bibliography 

 

316 | Page Indian Institute of Technology Guwahati 

Akkoyunlu A. and Akiner M. E. (2012). Pollution evaluation in streams using water quality 

indices: A case study from Turkey's Sapanca Lake Basin. Ecological Indicators 18, 501-11. 

Alberto W. D., del Pilar D. M., Valeria A. M. a., Fabiana P. S., Cecilia H. A. and de los Ángeles B. 

M. a. (2001). Pattern Recognition Techniques for the Evaluation of Spatial and Temporal 

Variations in Water Quality. A Case Study: Suquia River Basin (Córdoba–Argentina). Water 

Research 35(12), 2881-94. 

Al-Dabbous A. N. and Kumar P. (2015). Source apportionment of airborne nanoparticles in a 

Middle Eastern city using positive matrix factorization. Environmental Science: Processes & 

Impacts 17(4), 802-12. 

Ali M. M., Ali M. L., Islam M. S. and Rahman M. Z. (2016). Preliminary assessment of heavy 

metals in water and sediment of Karnaphuli River, Bangladesh. Environmental Nanotech-

nology, Monitoring & Management 5, 27-35. 

Ali N. S., Mo K. and Kim M. (2012). A case study on the relationship between conductivity and 

dissolved solids to evaluate the potential for reuse of reclaimed industrial wastewater. 

KSCE Journal of Civil Engineering 16(5), 708-13. 

Alizadeh M. J. and Kavianpour M. R. (2015). Development of wavelet-ANN models to predict 

water quality parameters in Hilo Bay, Pacific Ocean. Marine Pollution Bulletin 98(1-2), 171-

8. 

Almeida C., González S. O., Mallea M. and González P. (2012). A recreational water quality in-

dex using chemical, physical and microbiological parameters. Environmental Science and 

Pollution Research 19(8), 3400-11. 

Alves C. M., Ferreira C. M. H. and Soares H. M. V. M. (2018). Relation between different metal 

pollution criteria in sediments and its contribution on assessing toxicity. Chemosphere 208, 

390-8. 

Amiri V., Rezaei M. and Sohrabi N. (2014). Groundwater quality assessment using entropy 

weighted water quality index (EWQI) in Lenjanat, Iran. Environmental Earth Sciences 

72(9), 3479-90. 

Amiri V., Sohrabi N. and Dadgar M. A. (2015). Evaluation of groundwater chemistry and its 

suitability for drinking and agricultural uses in the Lenjanat plain, central Iran. Environ-

mental Earth Sciences 74(7), 6163-76. 

Angulo E. (1996). The Tomlinson Pollution Load Index applied to heavy metal, ‘Mussel-

Watch’data: a useful index to assess coastal pollution. Science of the Total Environ-ment 

187(1), 19-56. 

Annabi A., Said K. and Messaoudi I. (2013). Cadmium: bioaccumulation, histopathology and 

detoxifying mechanisms in fish. American Journal of Research Communication 1(4), 62. 

APHA (2012). Standard Methods for the examination of water and wastewater. In, American 

Public Health Association, American Water Works Association, Water Environment Fed-

eration., Washington DC. 

Apitz S. E., Barbanti A., Bocci M., Carlin A., Montobbio L. and Bernstein A. G. (2007). The sedi-

ments of the Venice Lagoon (Italy) evaluated in a screening risk assessment approach: part 

I--application of international sediment quality guidelines. Integrated Environmental As-

sessment and Management 3(3), 393-414. 

Arhonditsis G. B. and Brett M. T. (2004). Evaluation of the current state of mechanistic aquatic 

biogeochemical modeling. Marine Ecology Progress Series 271, 13-26. 

Arhonditsis G. B. and Brett M. T. (2005). Eutrophication model for Lake Washington (USA): 

Part I. Model description and sensitivity analysis. Ecological Modelling 187(2-3), 140-78. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 317 

Arienzo M., Ferrara L., Toscanesi M., Giarra A., Donadio C. and Trifuoggi M. (2020). Sediment 

contamination by heavy metals and ecological risk assessment: The case of Gulf of Poz-

zuoli, Naples, Italy. Marine Pollution Bulletin 155, 111149. 

Asadi S. S., Vuppala P. and Reddy M. A. (2007). Evaluation and mapping of impacts of land use 

/land cover on groundwater quality using remote sensing and GIS techniques. Research 

Journal of Chemistry and Environment 11(1), 63-9. 

Astel A., Biziuk M., Przyjazny A. and Namieśnik J. (2006). Chemometrics in monitoring spatial 

and temporal variations in drinking water quality. Water Research 40(8), 1706-16. 

Astel A., Małek S. and Krakowian K. (2009). Multivariate exploration and classification applied 

to the chemical composition of spring waters in sanctuary forest areas. International Jour-

nal of Environmental and Analytical Chemistry 89(8-12), 597-620. 

Aston S., Thornton I., Webb J., Purves J. and Milford B. (1974). Stream sediment composition: 

an aid to water quality assessment. Water, Air, and Soil Pollution 3(3), 321-5. 

Atwell L., Hobson K. A. and Welch H. E. (1998). Biomagnification and bioaccumulation of mer-

cury in an arctic marine food web: insights from stable nitrogen isotope analysis. Canadian 

Journal of Fisheries and Aquatic Sciences 55(5), 1114-21. 

Avigliano E. and Schenone N. (2016). Water quality in Atlantic rainforest mountain rivers 

(South America): quality indices assessment, nutrients distribution, and consumption ef-

fect. Environmental Science and Pollution Research 23(15), 15063-75. 

Ayers, R. S., & Westcot, D. W. (1985). Water quality for agriculture (Vol. 29, p. 174). Rome: 

Food and Agriculture Organization of the United Nations. 

Azevedo L. G. T. d., Gates T. K., Fontane D. G., Labadie J. W. and Porto R. L. (2000). Integration 

of water quantity and quality in strategic river basin planning. Journal of Water Resources 

Planning and Management 126(2), 85-97. 

Azhar S. C., Aris A. Z., Yusoff M. K., Ramli M. F. and Juahir H. (2015). Classification of river water 

quality using multivariate analysis. Procedia Environmental Sciences 30, 79-84. 

Bacca, R., Arnett, R., (1976). A Limnological Model for Eutrophic Lakes and Impoundment. Bat-

tele. Inc., Pacific Northwest laboratories, Richland. 

Bąk Ł., Górski J., Sałata A., Gawdzik J., Muszyńska J. and Górska K. (2020). Ecological risk as-

sessment and spatial distribution of heavy metals in surface sediments. A case study of two 

small storage reservoirs, SE Poland. Desalination and Water Treatment 186, 206-15. 

Banerjee N., Nandy S., Kearns J. K., Bandyopadhyay A. K., Das J. K., Majumder P., Basu S., 

Banerjee S., Sau T. J. and States J. C. (2011). Polymorphisms in the TNF-α and IL10 gene 

promoters and risk of arsenic-induced skin lesions and other nondermatological health 

effects. Toxicological Sciences 121(1), 132-9. 

Banerjee S., Kumar A., Maiti S. K. and Chowdhury A. (2016). Seasonal variation in heavy metal 

contaminations in water and sediments of Jamshedpur stretch of Subarnarekha river, In-

dia. Environmental Earth Sciences 75(3), 265. 

Bansah K. J., Dumakor-Dupey N. K., Kansake B. A., Assan E. and Bekui P. (2018). Socioeconomic 

and environmental assessment of informal artisanal and small-scale mining in Ghana. 

Journal of Cleaner Production 202, 465-75. 

Bao Q., Yuxin Z., Yuxiao W. and Feng Y. (2020). Can Entropy Weight Method Correctly Reflect 

the Distinction of Water Quality Indices? Water Resources Management 34(11), 3667-74. 

Bartram J. and Ballance R. (1996). Water Quality Monitoring: A Practical Guide to the Design 

and Implementation of Freshwater Quality Studies and Monitoring Programmes. United 

Kingdom: Taylor & Francis. 

TH-2896_176104004



Bibliography 

 

318 | Page Indian Institute of Technology Guwahati 

Baumann Z. and Fisher N. S. (2011). Relating the sediment phase speciation of arsenic, cad-

mium, and chromium with their bioavailability for the deposit‐feeding polychaete Nereis 

succinea. Environmental Toxicology and Chemistry 30(3), 747-56. 

Beamonte E., Bermúdez J. D., Casino A. and Veres E. (2005). A global stochastic index for water 

quality: the case of the river Turia in Spain. Journal of Agricultural, Biological, and Environ-

mental Statistics 10(4), 424. 

Behmel S., Damour M., Ludwig R. and Rodriguez M. (2016). Water quality monitoring strate-

gies—A review and future perspectives. Science of the Total Environment 571, 1312-29. 

Bereskie T., Haider H., Rodriguez M. J. and Sadiq R. (2017). Small drinking water systems un-

der spatiotemporal water quality variability: a risk-based performance benchmarking 

framework. Environmental Monitoring and Assessment 189(9), 1-18. 

Beshiru A., Okareh O. T., Chigor V. N. and Igbinosa E. O. (2018). Assessment of water quality 

of rivers that serve as water sources for drinking and domestic functions in rural and pre-

urban communities in Edo North, Nigeria. Environmental Monitoring and Assessment 

190(7), 387. 

Bhat S. U., Mushtaq S., Qayoom U. and Sabha I. (2020). Water Quality Scenario of Kashmir 

Himalayan Springs—a Case Study of Baramulla District, Kashmir Valley. Water, Air, & Soil 

Pollution 231(9), 1-17. 

Bhattacharyya K. G. and Kapil N. (2010). Impact of urbanization on the quality of water in a 

natural reservoir: a case study with the Deepor Beel in Guwahati city, India. Water and 

Environment Journal 24(2), 83-96. 

Bhuyan, M. S., Bakar, M. A., Akhtar, A., Hossain, M. B., Ali, M. M., & Islam, M. S. (2017). Heavy 

metal contamination in surface water and sediment of the Meghna River, Bangladesh. En-

vironmental nanotechnology, monitoring & management, 8, 273-279. 

Bodrud-Doza M., Islam A. T., Ahmed F., Das S., Saha N. and Rahman M. S. (2016). Characteri-

zation of groundwater quality using water evaluation indices, multivariate statistics and 

geostatistics in central Bangladesh. Water Science 30(1), 19-40. 

Bonsignore M., Manta D. S., Mirto S., Quinci E. M., Ape F., Montalto V., Gristina M., Traina A. and 

Sprovieri M. (2018). Bioaccumulation of heavy metals in fish, crustaceans, molluscs and 

echinoderms from the Tuscany coast. Ecotoxicology and Environmental Safety 162, 554-62. 

Bordalo A. A., Nilsumranchit W. and Chalermwat K. (2001). Water quality and uses of the 

Bangpakong River (Eastern Thailand). Water Research 35(15), 3635-42. 

Bordalo A. A., Teixeira R. and Wiebe W. J. (2006). A water quality index applied to an interna-

tional shared river basin: the case of the Douro River. Environmental Management 38(6), 

910-20. 

Borg H. and Jonsson P. (1996). Large-scale metal distribution in Baltic Sea sediments. Marine 

Pollution Bulletin 32(1), 8-21. 

Borovec Z. (1994). Distribution of toxic metals in stream sediments. Acta Universitatis Caroli-

nae - Geologica 38(2-4), 91-103. 

Borsuk M. E., Higdon D., Stow C. A. and Reckhow K. H. (2001). A Bayesian hierarchical model 

to predict benthic oxygen demand from organic matter loading in estuaries and coastal 

zones. Ecological Modelling 143(3), 165-81. 

Borsuk M. E., Stow C. A. and Reckhow K. H. (2004). A Bayesian network of eutrophication 

models for synthesis, prediction, and uncertainty analysis. Ecological Modelling 173(2-3), 

219-39. 

Bortey-Sam N., Nakayama S. M., Ikenaka Y., Akoto O., Baidoo E., Yohannes Y. B., Mizukawa H. 

and Ishizuka M. (2015). Human health risks from metals and metalloid via consumption of 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 319 

food animals near gold mines in Tarkwa, Ghana: Estimation of the daily intakes and target 

hazard quotients (THQs). Ecotoxicology and Environmental Safety 111, 160-7. 

Bosch A. C., O'Neill B., Sigge G. O., Kerwath S. E. and Hoffman L. C. (2016). Heavy metals in 

marine fish meat and consumer health: a review. Journal of the Science of Food and Agri-

culture 96(1), 32-48. 

Boyacioglu H. (2007). Development of a water quality index based on a European classifica-

tion scheme. Water SA 33(1). 

Brady J. P., Ayoko G. A., Martens W. N. and Goonetilleke A. (2015). Development of a hybrid 

pollution index for heavy metals in marine and estuarine sediments. Environmental Moni-

toring and Assessment 187(5), 1-14. 

Breckling B., Jopp F. and Reuter H. (2011). Historical background of ecological modelling and 

its importance for modern ecology. In: Modelling Complex Ecological Dynamics, Springer, 

pp. 29-40. 

Brinson M. M. (1993). A hydrogeomorphic classification for wetlands, East Carolina University, 

Greenville, NC. 

Brown, R. M., McClelland, N. I., Deininger, R. A., & Tozer, R. G. (1970). A water quality index-

do we dare. Water and Sewage Works, 117(10). 

Buckton S. T. and Safford R. J. (2004). The avifauna of the Vietnamese Mekong Delta. Bird Con-

servation International 14(4), 279-322. 

Burger J., Gaines K. F., Boring C. S., Stephens W. L., Snodgrass J., Dixon C., McMahon M., Shukla 

S., Shukla T. and Gochfeld M. (2002). Metal levels in fish from the Savannah River: potential 

hazards to fish and other receptors. Environmental Research 89(1), 85-97. 

C&AG (2012). Report of 2011 - Audit Report (Civil) of the C&AG of India for the ended 31 March 

2011. Government of Assam. 

Calace N., Cardellicchio N., Ciardullo S., Petronio B. M., Pietrantonio M. and Pietroletti M. 

(2008). Metal distribution in marine sediments of the Mar Piccolo in Taranto (Ionic Sea, 

southern Italy). Toxicological and Environmental Chemistry 90(3), 549-64. 

Campolongo F., Cariboni J. and Saltelli A. (2007). An effective screening design for sensitivity 

analysis of large models. Environmental Modelling & Software 22(10), 1509-18. 

Camusso M., Vignati D. and Van De Guchte C. (2000). Ecotoxicological assessment in the rivers 

Rhine (The Netherlands) and po (Italy). Aquatic Ecosystem Health and Management 3(3), 

335-45. 

Cariboni, J., Tarantola, S., Andres, T., Saltelli, A., Saisana, M., Ratto, M., Campo-

longo, F., Gatelli, D. (2008). Global Sensitivity Analysis: The Primer. Germany: Wiley. 

Carpenter S. R., Caraco N. F., Correll D. L., Howarth R. W., Sharpley A. N. and Smith V. H. (1998). 

Nonpoint pollution of surface waters with phosphorus and nitrogen. Ecological Applica-

tions 8(3), 559-68. 

Carter G. S., Nalepa T. F. and Rediske R. R. (2006). Status and trends of benthic populations in 

a coastal drowned river mouth lake of Lake Michigan. Journal of Great Lakes Research 

32(3), 578-95. 

CCME (2001). Canadian Water Quality Guidelines for the Protection of Aquatic Life: CCME Wa-

ter Quality Index 1.0, User's Manual. In, Canadian Council of Ministers of the Environment 

Winnipeg, Canada. 

Cearreta A., Irabien M. J., Leorri E., Yusta I., Croudace I. and Cundy A. (2000). Recent anthro-

pogenic impacts on the Bilbao estuary, northern Spain: geochemical and microfaunal evi-

dence. Estuarine, Coastal and Shelf Science 50(4), 571-92. 

TH-2896_176104004



Bibliography 

 

320 | Page Indian Institute of Technology Guwahati 

Cesari D., Donateo A., Conte M. and Contini D. (2016). Inter-comparison of source apportion-

ment of PM10 using PMF and CMB in three sites nearby an industrial area in central Italy. 

Atmospheric Research 182, 282-93. 

Chakravarty M. and Patgiri A. D. (2009). Metal pollution assessment in sediments of the 

Dikrong River, NE India. Journal of Human Ecology 27(1), 63-7. 

Chang N.-B., Chen H.-W. and Ning S.-K. (2001). Identification of river water quality using the 

fuzzy synthetic evaluation approach. Journal of Environmental Management 63(3), 293-

305. 

Chang N.-B., Imen S. and Vannah B. (2015). Remote sensing for monitoring surface water qual-

ity status and ecosystem state in relation to the nutrient cycle: a 40-year perspective. Crit-

ical Reviews in Environmental Science and Technology 45(2), 101-66. 

Chan-Won L., Woon-Jin Y., Young-Tack K., Byung-Yoon M. and Honda K. (1990). Metal distri-

bution and contamination in sediments from estuaries of Masan Bay as a potential source 

of groundwater quality deterioration. Ocean Research 12(2), 97-104. 

Chapman D. (1996). Water Quality Assessments: A Guide to the Use of Biota, Sediments and Wa-

ter in Environmental Monitoring, Second Edition. United Kingdom: Taylor & Francis. 

Charley R., Hooper D. and McLee A. (1980). Nitrification kinetics in activated sludge at various 

temperatures and dissolved oxygen concentrations. Water Research 14(10), 1387-96. 

Chen C. (2017). Science mapping: a systematic review of the literature. Journal of Data and 

Information Science 2(2), 1-40. 

Chen J., Huang Q., Lin Y., Fang Y., Qian H., Liu R. and Ma H. (2019). Hydrogeochemical charac-

teristics and quality assessment of groundwater in an irrigated region, Northwest China. 

Water (Switzerland) 11(1), 96. 

Chen K., Jiao J. J., Huang J. and Huang R. (2007). Multivariate statistical evaluation of trace 

elements in groundwater in a coastal area in Shenzhen, China. Environmental Pollution 

147(3), 771-80. 

Chen P., Li L. and Zhang H. (2015). Spatio-temporal variations and source apportionment of 

water pollution in Danjiangkou Reservoir Basin, Central China. Water (Switzerland) 7(6), 

2591-611. 

Chen X. and Lu X. (2018). Contamination characteristics and source apportionment of heavy 

metals in topsoil from an area in Xi’an city, China. Ecotoxicology and Environmental Safety 

151, 153-60. 

Chesoh S. and Lim A. (2014). Investigation of aquatic environment and social aspects of ther-

mal power plant operation in southern of Thailand. Asian Social Science 10(16), 168. 

Chetry G. (1999). Limnology of Deepor Beel with special reference to its biodiversity and pollu-

tion status. Dissertation (Ph. D.), Guwahati University, India. 

Chitsazan M., Aghazadeh N., Mirzaee Y., Golestan Y. and Mosavi S. (2017). Hydrochemical 

characteristics and quality assessment of urban groundwater in Urmia City, NW Iran. Wa-

ter Science and Technology: Water Supply 17(5), 1410-25. 

Chow M., Shiah F., Lai C., Kuo H., Wang K., Lin C., Chen T., Kobayashi Y. and Ko C. (2016). Eval-

uation of surface water quality using multivariate statistical techniques: a case study of 

Fei-Tsui Reservoir basin, Taiwan. Environmental Earth Sciences 75(1), 6. 

Christophoridis C., Dedepsidis D. and Fytianos K. (2009). Occurrence and distribution of se-

lected heavy metals in the surface sediments of Thermaikos Gulf, N. Greece. Assessment 

using pollution indicators. Journal of Hazardous Materials 168(2-3), 1082-91. 

Chu L., Cheung K. and Wong M. H. (1994). Variations in the chemical properties of landfill 

leachate. Environmental Management 18(1), 105-17. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 321 

Chung E. S., Abdulai P. J., Park H., Kim Y., Ahn S. R. and Kim S. J. (2017). Multi-criteria assess-

ment of spatial robust water resource vulnerability using the TOPSIS method coupled with 

objective and subjective weights in the Han river basin. Sustainability (Switzerland) 9(1), 

29. 

Cook C. D. (1996). Aquatic and Wetland Plants of India: A reference book and identification 

manual for the vascular plants found in permanent or seasonal fresh water in the subconti-

nent of India south of the Himalayas. Oxford: Oxford University Press 385p.-illus. ISBN. 

Cooper M. J., Rediske R. R., Uzarski D. G. and Burton T. M. (2009). Sediment contamination and 

faunal communities in two subwatersheds of Mona Lake, Michigan. Journal of Environmen-

tal Quality 38(3), 1255-65. 

Cover, T. M., Thomas, J. A. (1999). Elements of Information Theory. India: Wiley-India. 

Crespo-López M. E., De Sa A. L., Herculano A. M., Burbano R. R. and do Nascimento J. L. M. 

(2007). Methylmercury genotoxicity: a novel effect in human cell lines of the central nerv-

ous system. Environment International 33(2), 141-6. 

Cude C. G. (2001). Oregon water quality index a tool for evaluating water quality management 

effectiveness 1. JAWRA Journal of the American Water Resources Association 37(1), 125-37. 

Cugier P., Billen G., Guillaud J. F., Garnier J. and Ménesguen A. (2005). Modelling the eutroph-

ication of the Seine Bight (France) under historical, present and future riverine nutrient 

loading. Journal of Hydrology 304(1-4), 381-96. 

Cui S., Yu T., Zhang F., Fu Q., Hough R., An L., Gao S., Zhang Z., Hu P., Zhu Q. and Pei Z. (2020). 

Understanding the risks from diffuse pollution on wetland eco-systems: The effectiveness 

of water quality classification schemes. Ecological Engineering 155, 105929. 

Dalal S., Shirodkar P., Jagtap T., Naik B. and Rao G. (2010). Evaluation of significant sources 

influencing the variation of water quality of Kandla creek, Gulf of Katchchh, using PCA. En-

vironmental Monitoring and Assessment 163(1-4), 49-56. 

Das T., Chakraborti S., Mukherjee J. and Sen G. K. (2018). Mathematical modelling for phyto-

plankton distribution in Sundarbans Estuarine System, India. Ecological Modelling 368, 

111-20. 

Dauer D. M., Weisberg B. and Ranasinghe J. A. (2000). Relationships between benthic commu-

nity condition, water quality, sediment quality, nutrient loads, and land use patterns in 

Chesapeake Bay. Estuaries 23(1), 80-96. 

Dauvalter V. (1994). Heavy metals in lake sediments of the Kola Peninsula, Russia. Science of 

the Total Environment, 158, 51-61. 

Dauvalter V. and Rognerud S. (2001). Heavy metal pollution in sediments of the Pasvik River 

drainage. Chemosphere 42(1), 9-18. 

Dauvin J. C. (2008). Effects of heavy metal contamination on the macrobenthic fauna in estu-

aries: The case of the Seine estuary. Marine Pollution Bulletin 57(1-5), 160-9. 

de Almeida G. S. and de Oliveira I. B. (2018). Application of the index WQI-CCME with data 

aggregation per monitoring campaign and per section of the river: case study—Joanes 

River, Brazil. Environmental Monitoring and Assessment 190(4), 195. 

de Oliveira L. M., Maillard P. and de Andrade Pinto E. J. (2017). Application of a land cover 

pollution index to model non-point pollution sources in a Brazilian watershed. Catena 150, 

124-32. 

De Rosemond S., Duro D. C. and Dubé M. (2009). Comparative analysis of regional water qual-

ity in Canada using the Water Quality Index. Environmental Monitoring and Assessment 

156(1), 223. 

TH-2896_176104004



Bibliography 

 

322 | Page Indian Institute of Technology Guwahati 

Debels P., Figueroa R., Urrutia R., Barra R. and Niell X. (2005). Evaluation of water quality in 

the Chillán River (Central Chile) using physicochemical parameters and a modified water 

quality index. Environmental Monitoring and Assessment 110(1), 301-22. 

Dede O. T., Telci I. T. and Aral M. M. (2013). The use of water quality index models for the 

evaluation of surface water quality: a case study for Kirmir Basin, Ankara, Turkey. Water 

Quality, Exposure and Health 5(1), 41-56. 

Dejak C., Lalatta I. M., Meregalli L. and Pecenik G. (1987). Development of a mathematical eu-

trophication model of the lagoon of Venice. Ecological Modelling 37(1-2), 1-20. 

DelValls T. A., Forja J. M. and Gómez-Parra A. (1998). The use of multivariate analysis to link 

sediment contamination and toxicity data to establish sediment quality guidelines: an ex-

ample in the Gulf of Cadiz (Spain). Ciencias Marinas 24(2), 127-54. 

Dhamodharan A., Abinandan S., Aravind U., Ganapathy G. P. and Shanthakumar S. (2019). Dis-

tribution of Metal Contamination and Risk Indices Assessment of Surface Sed-iments from 

Cooum River, Chennai, India. International Journal of Environmental Research 13(5), 853-

60. 

Dhanakumar S., Solaraj G. and Mohanraj R. (2015). Heavy metal partitioning in sediments and 

bioaccumulation in commercial fish species of three major reservoirs of river Cauvery 

delta region, India. Ecotoxicology and Environmental Safety 113, 145-51. 

Dharmendra S., Kumar M. R., Chinmayee A., Ranjan S. D. and Ranjan P. C. (2020). Assessment 

of marine sediment contamination and detection of their potential sources at Paradip port, 

East Coast of India. Research Journal of Chemistry and Environment 24(6), 134-43. 

Dietrich M., Huling J. and Krekeler M. P. S. (2018). Metal pollution investigation of Goldman 

Park, Middletown Ohio: Evidence for steel and coal pollution in a high child use setting. 

Science of the Total Environment 618, 1350-62. 

Diz H. R. (2005). An assessment of sediment contamination in Presque Isle Bay, PA, with his-

torical comparisons. Aquatic Ecosystem Health and Management 8(1), 21-31. 

DoE, U. S. (2011). The risk assessment information system (RAIS). Argonne, IL: US Department 

of Energy’s Oak Ridge Operations Office (ORO). 

Doneen, L. D. (1964). Water quality for Agriculture, Department of Irrigation. University of 

California, Davis, 48. 

Dou H., Pu P., Hu W. and Pang Y. (1995). An experimental study on culture of Eichhornia cras-

sipes (Mart.) Solms on open area of Taihu Lake. Journal of Plant Resources and Environment 

4, 54-60. 

Drago M., Cescon B. and Iovenitti L. (2001). A three-dimensional numerical model for eu-

trophication and pollutant transport. Ecological Modelling 145(1), 17-34. 

Dugan P. and Dugan P. J. (1990). Wetland conservation: A review of current issues and required 

action. IUCN. 

Dunnette D. (1979). A geographically variable water quality index used in Oregon. Journal 

(Water Pollution Control Federation) 51(1), 53-61. 

Duodu G. O., Goonetilleke A. and Ayoko G. A. (2016). Comparison of pollution indices for the 

assessment of heavy metal in Brisbane River sediment. Environmental Pollution 219, 1077-

91. 

Durov S. (1948). Natural waters and graphical representation of their composition: Doklady 

Akademii Nauk. Union of Sovietic Socialist Republics 59, 87-90. 

Edet A. and Offiong O. (2002). Evaluation of water quality pollution indices for heavy metal 

contamination monitoring. A study case from Akpabuyo-Odukpani area, Lower Cross 

River Basin (southeastern Nigeria). Geojournal 57(4), 295-304. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 323 

Egbueri J. C., Ezugwu C. K., Ameh P. D., Unigwe C. O. and Ayejoto D. A. (2020). Appraising 

drinking water quality in Ikem rural area (Nigeria) based on chemometrics and multiple 

indexical methods. Environmental Monitoring and Assessment 192(5), 1-18. 

El Azhari A., Rhoujjati A. and El Hachimi M. L. (2016). Assessment of heavy metals and arsenic 

contamination in the sediments of the Moulouya River and the Hassan II Dam downstream 

of the abandoned mine Zeïda (High Moulouya, Morocco). Journal of African Earth Sciences 

119, 279-88. 

El Kammar M., Eweida A. and El Kashotti M. (1999). Hydrogeochemistry and environmental 

assessment of Manzala Lake, Egypt. Egypt J Geol 43, 237-52. 

El-Amier Y. A., Elnaggar A. A. and El-Alfy M. A. (2017). Evaluation and mapping spatial distri-

bution of bottom sediment heavy metal contamination in Burullus Lake, Egypt. Egyptian 

Journal of Basic and Applied Sciences 4(1), 55-66. 

El-Salam M. M. A. and Abu-Zuid G. I. (2015). Impact of landfill leachate on the groundwater 

quality: A case study in Egypt. Journal of Advanced Research 6(4), 579-86. 

Eneji I. S., Sha’Ato R. and Annune P. (2011). Bioaccumulation of Heavy Metals in Fish (Tilapia 

Zilli and Clarias Gariepinus) Organs from River Benue, North–Central Nigeria. Pakistan 

Journal of Analytical & Environmental Chemistry 12(1&2),7. 

EPA, U. (2004). Risk assessment guidance for superfund volume I: Human health evaluation 

manual. Part E. Supplemental Guidance for Dermal Risk Assessment. 

EPA, U. S. (1989). Risk assessment guidance for superfund, volume I: Human health evaluation 

manual (U. E. P. Agency, Trans.). EPA/540/1-89/002. Office of Solid Waste and Emergency 

Response. 

F. A. O., WHO Expert Committee on Food Additives, & World Health Organization. (2009). 

Evaluation of certain food additives and contaminants: sixty-ninth report of the Joint 

FAO/WHO Expert Committee on Food Additives. World Health Organization. 

Fagbote E. O., Olanipekun E. O. and Uyi H. S. (2014). Water quality index of the ground water 

of bitumen deposit impacted farm settlements using entropy weighted method. Interna-

tional Journal of Environmental Science and Technology 11(1), 127-38. 

Fallon M. E. and Horvath F. J. (1985). Preliminary Assessment of Contaminants in Soft Sedi-

ments of the Detroit River. Journal of Great Lakes Research 11(3), 373-8. 

FAO (1983). Compilation of legal limits for hazardous substances in fish and fishery products. 

FAO Fisheries Circular (FAO). No. 764. 

FAO (2013). Fisheries and Aquaculture Report No. 1077 FIPS/R1077 (En); Report of the 

Twenty-Fourth Session of the Coordinating Working Party on Fishery Statistics. 

Farahat, E., & Linderholm, H. W. (2015). The effect of long-term wastewater irrigation on ac-

cumulation and transfer of heavy metals in Cupressus sempervirens leaves and adjacent 

soils. Science of the Total Environment, 512, 1-7. 

Faroon O., Ashizawa A., Wright S., Tucker P., Jenkins K., Ingerman L. and Rudisill C. (2012). 

Toxicological profile for cadmium. Agency for Toxic Substances and Disease Registry (US), 

Atlanta (GA). 

Farzadkia M., Djahed B., Shahsavani E. and Poureshg Y. (2015). Spatio-temporal evaluation of 

Yamchi Dam basin water quality using Canadian water quality index. Environmental Mon-

itoring and Assessment 187(4), 168. 

Fasham M., Ducklow H. and McKelvie S. (1990). A nitrogen-based model of plankton dynamics 

in the oceanic mixed layer. Journal of Marine Research 48(3), 591-639. 

TH-2896_176104004



Bibliography 

 

324 | Page Indian Institute of Technology Guwahati 

Fath, B. D., Jørgensen, S. E., & Scharler, U. M. (2011). 9.03-Ecological modeling in environmen-

tal management: History and applications. Treatise on Estuarine and Coastal Science. Aca-

demic Press, Waltham, 23-33. 

Feng T., Wang C., Hou J., Wang P., Liu Y., Dai Q., Yang Y. and You G. (2018). Effect of inter-basin 

water transfer on water quality in an urban lake: A combined water quality index algo-

rithm and biophysical modelling approach. Ecological Indicators 92, 61-71. 

Ferati F., Kerolli-Mustafa M. and Kraja-Ylli A. (2015). Assessment of heavy metal contamina-

tion in water and sediments of Trepça and Sitnica rivers, Kosovo, using pollution indicators 

and multivariate cluster analysis. Environmental Monitoring and Assessment 187(6), 1-15. 

Fernandes C., Fontainhas-Fernandes A., Peixoto F. and Salgado M. A. (2007). Bioaccumulation 

of heavy metals in Liza saliens from the Esmoriz–Paramos coastal lagoon, Portugal. Eco-

toxicology and Environmental Safety 66(3), 426-31. 

Ferrara R. A. and Harleman D. R. (1980). Dynamic Nutrient Cycle for Waste Stabilization 

Ponds. Journal of the Environmental Engineering Division 106(1), 37-54. 

Finlayson, C. M., & van der Valk, A. (Eds.). (2012). Classification and Inventory of the World’s 

Wetlands (Vol. 16). Springer Science & Business Media. 

Förstner U. (1985). Chemical forms and reactivities of metals in sediments. In: Chemical Meth-

ods for Assessing Bio-Available Metals in Sludges and Soils. Seminar, pp. 1-31. 

Forti E., Salovaara S., Cetin Y., Bulgheroni A., Tessadri R., Jennings P., Pfaller W. and Prieto P. 

(2011). In vitro evaluation of the toxicity induced by nickel soluble and particulate forms 

in human airway epithelial cells. Toxicology in Vitro 25(2), 454-61. 

Franco-Uría A., López-Mateo C., Roca E. and Fernández-Marcos M. L. (2009). Source identifi-

cation of heavy metals in pastureland by multivariate analysis in NW Spain. Journal of Haz-

ardous Materials 165(1-3), 1008-15. 

Frigg R. and Hartmann S. (2006). Models in science, The Stanford Encyclopaedia of Philosophy. 

Fuge R., Paveley C. F. and Holdham M. T. (1989). Heavy metal contamination in the Tanat Val-

ley, North Wales. Environmental Geochemistry and Health 11(3-4), 127-35. 

Fukue M., Yanai M., Sato Y., Fujikawa T., Furukawa Y. and Tani S. (2006). Background values 

for evaluation of heavy metal contamination in sediments. Journal of Hazardous Materials 

136(1), 111-9. 

Fuller C. C., Davis J. A., Cain D. J., Lamothe P. J., Fries T. L., Fernandez G., Vargas J. A. and Murillo 

M. M. (1990). Distribution and transport of sediment-bound metal contaminants in the rio 

grande de tarcoles, costa rica (Central America). Water Research 24(7), 805-12. 

Galvez-Cloutier R. and Dubé J. S. (1998a). An evaluation of fresh water sediments contamina-

tion: The Lachine Canal sediments case, Montreal, Canada. Part I: Quality assessment. Wa-

ter, Air, and Soil Pollution 102(3), 259-79. 

Galvez-Cloutier R. and Dubé J. S. (1998b). An evaluation of fresh water sediments contamina-

tion: The Lachine Canal sediments case, Montreal, Canada. Part II: Heavy metal particulate 

speciation study. Water, Air, and Soil Pollution 102(3), 281-302. 

Gao B., Gao L., Gao J., Xu D., Wang Q. and Sun K. (2019). Simultaneous evaluations of occur-

rence and probabilistic human health risk associated with trace elements in typical drink-

ing water sources from major river basins in China. Science of the Total Environment 666, 

139-46. 

Gao Q., Li Y., Cheng Q., Yu M., Hu B., Wang Z. and Yu Z. (2016). Analysis and assessment of the 

nutrients, biochemical indexes and heavy metals in the Three Gorges Reservoir, China, 

from 2008 to 2013. Water Research 92, 262-74. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 325 

Gao Y., Qian H., Ren W., Wang H., Liu F. and Yang F. (2020). Hydrogeochemical characteriza-

tion and quality assessment of groundwater based on integrated-weight water quality in-

dex in a concentrated urban area. Journal of Cleaner Production 260, 121006. 

Gardner R. C. and Davidson N. C. (2011). The Ramsar Convention. In: Wetlands, Springer, Dor-

drecht. pp. 189-203. 

Gazzaz N. M., Yusoff M. K., Aris A. Z., Juahir H. and Ramli M. F. (2012). Artificial neural network 

modelling of the water quality index for Kinta River (Malaysia) using water quality varia-

bles as predictors. Marine Pollution Bulletin 64(11), 2409-20. 

Gazzaz N. M., Yusoff M. K., Ramli M. F., Juahir H. and Aris A. Z. (2015). Artificial neural network 

modelling of the water quality index using land use areas as predictors. Water Environment 

Research 87(2), 99-112. 

Ghalib H. B. (2017). Groundwater chemistry evaluation for drinking and irrigation utilities in 

east Wasit province, Central Iraq. Applied Water Science 7(7), 3447-67. 

Gharibi H., Sowlat M. H., Mahvi A. H., Mahmoudzadeh H., Arabalibeik H., Keshavarz M., Karim-

zadeh N. and Hassani G. (2012). Development of a dairy cattle drinking water quality index 

(DCWQI) based on fuzzy inference systems. Ecological Indicators 20, 228-37. 

Gholizadeh M. H., Melesse A. M. and Reddi L. (2016). Water quality assessment and appor-

tionment of pollution sources using APCS-MLR and PMF receptor modeling techniques in 

three major rivers of South Florida. Science of the Total Environment 566, 1552-67. 

Ghorbani Mooselu M., Liltved H., Nikoo M. R., Hindar A. and Meland S. (2020). Assessing opti-

mal water quality monitoring network in road construction using integrated information-

theoretic techniques. Journal of Hydrology 589, 125366. 

Gibbs R. J. (1973). Mechanisms of trace metal transport in rivers. Science 180(4081), 71-3. 

Giri S. and Singh A. K. (2017). Ecological and human health risk assessment of agricultural 

soils based on heavy metals in mining areas of Singhbhum copper belt, India. Human and 

Ecological Risk Assessment: An International Journal 23(5), 1008-27. 

Giri, S., & Singh, A. K. (2014). Assessment of surface water quality using heavy metal pollution 

index in Subarnarekha River, India. Water Quality, Exposure and Health, 5(4), 173-182. 

Girija T., Mahanta C. and Chandramouli V. (2007). Water quality assessment of an un-treated 

effluent impacted urban stream: The Bharalu tributary of the Brahmaputra River, India. 

Environmental Monitoring and Assessment 130(1-3), 221-36. 

Gohain S. B. and Bordoloi S. (2017). Higher concentration of heavy metals in surface water 

and fish near a municipal solid waste dump in Guwahati, Assam, India. Current Science 

113(9), 1659-61. 

Goodwin E. J. (2017). Convention on Wetlands of International Importance, Especially as Wa-

terfowl Habitat 1971 (Ramsar). In: Elgar Encyclopaedia of Environmental Law, Edward El-

gar Publishing Limited, pp. 101-108. 

Gopal V., Shanmugasundaram A., Nithya B., Magesh N. S. and Jayaprakash M. (2018). Water 

quality of the Uppanar estuary, Southern India: Implications on the level of dissolved nu-

trients and trace elements. Marine Pollution Bulletin 130, 279-86. 

Gore A. J. P. (1983). Mires--swamp, bog, fen, and moor. Elsevier, Amsterdam. 

Gorgij A. D., Kisi O., Moghaddam A. A. and Taghipour A. (2017). Groundwater quality ranking 

for drinking purposes, using the entropy method and the spatial autocorrelation index. 

Environmental Earth Sciences 76(7), 269. 

TH-2896_176104004



Bibliography 

 

326 | Page Indian Institute of Technology Guwahati 

Graci S., Collura R., Cammilleri G., Buscemi M. D., Giangrosso G., Principato D., Gervasi T., Cic-

ero N. and Ferrantelli V. (2017). Mercury accumulation in Mediterranean Fish and Cepha-

lopods Species of Sicilian coasts: correlation between pollution and the presence of Ani-

sakis parasites. Natural Product Research 31(10), 1156-62. 

Griggs G. B. and Johnson S. (1978). Bottom sediment contamination in the Bay of Naples, Italy. 

Marine Pollution Bulletin 9(8), 208-14. 

Grigoratos T., Samara C., Voutsa D., Manoli E. and Kouras A. (2014). Chemical composition and 

mass closure of ambient coarse particles at traffic and urban-background sites in Thessa-

loniki, Greece. Environmental Science and Pollution Research 21(12), 7708-22. 

Gugamsetty B., Wei H., Liu C.-N., Awasthi A., Hsu S.-C., Tsai C.-J., Roam G.-D., Wu Y.-C. and Chen 

C.-F. (2012). Source characterization and apportionment of PM10, PM2. 5 and PM0. 1 by 

using positive matrix factorization. Aerosol Air Qual. Res 12, 476-91. 

Gupta G. and Karuppiah M. (1996). Toxicity identification of Pocomoke River porewater. 

Chemosphere 33(5), 939-60. 

Gupta R., Singh A. and Singhal A. (2019). Application of ANN for water quality index. Interna-

tional Journal of Machine Learning and Computing 9(5), 688-93. 

Gupta, S. K., & Gupta, I. C. (1997). Management of saline soils and waters (No. Ed. 2). Scientific 

Publishers. 

Gupta S. K., Chabukdhara M., Singh J. and Bux F. (2015). Evaluation and potential health haz-

ard of selected metals in water, sediments, and fish from the Gomti River. Human and Eco-

logical Risk Assessment: An International Journal 21(1), 227-40. 

Guttal V. and Jayaprakash C. (2008). Changing skewness: An early warning signal of regime 

shifts in ecosystems. Ecology Letters 11(5), 450-60. 

Hajigholizadeh M. and Melesse A. M. (2017). Assortment and spatiotemporal analysis of sur-

face water quality using cluster and discriminant analyses. Catena 151, 247-58. 

Hallare A. V., Kosmehl T., Schulze T., Hollert H., Köhler H. R. and Triebskorn R. (2005). As-

sessing contamination levels of Laguna Lake sediments (Philippines) using a contact assay 

with zebrafish (Danio rerio) embryos. Science of the Total Environment 347(1-3), 254-71. 

Hamza W., Hmid R. B., Souissi R. and Choura M. (2019). Environmental assessment of the 

Taparura site seabed: a follow up of the sediment contamination as a route to sustainable 

coastal development in Tunisia. Journal of Coastal Conservation 23(3), 607-13. 

Haney J. D. and Jackson G. A. (1996). Modeling phytoplankton growth rates. Journal of Plank-

ton Research 18(1), 63-85. 

Haque, M. M., Niloy, N. M., Nayna, O. K., Fatema, K. J., Quraishi, S. B., Park, J. H., ... & Tareq, S. M. 

(2020). Variability of water quality and metal pollution index in the Ganges River, Bangla-

desh. Environmental Science and Pollution Research, 27(34), 42582-42599. 

Haridas D. A. and Antony S. P. (2019). Prediction of water quality index of an Indian river 

using arithmetic index and regression models. Environmental Engineering & Management 

Journal (EEMJ) 18(9), 2035-44. 

Hartwell S. I., Dawson C. E., Durell E. Q., Alden R. W., Adolphson P. C., Wright D. A., Coelho G. 

M. and Magee J. A. (1998). Integrated measures of ambient toxicity and fish community 

diversity in Chesapeake Bay tributaries. Ecotoxicology 7(1), 19-35. 

Hasan M. S. U. and Rai A. K. (2020). Groundwater quality assessment in the Lower Ganga Basin 

using entropy information theory and GIS. Journal of Cleaner Production 274, 123077. 

He G., Fang H., Bai S., Liu X., Chen M. and Bai J. (2011). Application of a three-dimensional 

eutrophication model for the Beijing Guanting Reservoir, China. Ecological Modelling 

222(8), 1491-501. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 327 

He Q., Wang G., Luo L., Shi Q., Xie J. and Meng X. (2017). Mapping the managerial areas of 

Building Information Modelling (BIM) using scientometric analysis. International Journal 

of Project Management 35(4), 670-85. 

He S. and Wu J. (2019). Relationships of groundwater quality and associated health risks with 

land use/land cover patterns: A case study in a loess area, Northwest China. Human and 

Ecological Risk Assessment 25(1-2), 354-73. 

He S., Li P., Wu J., Elumalai V. and Adimalla N. (2019). Groundwater quality under land 

use/land cover changes: A temporal study from 2005 to 2015 in Xi’an, Northwest China. Hu-

man and Ecological Risk Assessment 26(10), 2771-97. 

Hiraizumi Y., Manabe T. and Nishimura H. (1978). Some regular patterns in the distribution 

of sediment contamination in the coastal waters along Japan. Journal of the Oceanograph-

ical Society of Japan 34(5), 222-32. 

Ho J. Y., Afan H. A., El-Shafie A. H., Koting S. B., Mohd N. S., Jaafar W. Z. B., Sai H. L., Malek M. A., 

Ahmed A. N. and Mohtar W. H. M. W. (2019). Towards a time and cost effective approach 

to water quality index class prediction. Journal of Hydrology 575, 148-65. 

Hoover J. A. (1988). Hydrodynamic and hydrologic investigation of a coastal landfill in southern 

Lake Michigan. M.Sc. thesis. 

Horton R. K. (1965). An index number system for rating water quality. Journal of Water Pollu-

tion Control Federation 37(3), 300-6. 

Hosseini M. R., Martek I., Zavadskas E. K., Aibinu A. A., Arashpour M. and Chileshe N. (2018). 

Critical evaluation of off-site construction research: A Scientometric analysis. Automation 

in Construction 87, 235-47. 

House M. (1986). Water quality indices. Ph.D., Council for National Academic Awards, London, 

Middlesex Polytechnic, London. 

House M. (1990). Water quality indices as indicators of ecosystem change. Environmental 

Monitoring and Assessment 15(3), 255-63. 

House M. A. (1989). A water quality index for river management. Water and Environment Jour-

nal 3(4), 336-44. 

House M. A. and Ellis J. B. (1987). The development of water quality indices for operational 

management. Dev in River Basin Manage, Proc. of an IAWPRC Conf. 19(9), 145-54. 

Howladar M. F., Al Numanbakth M. A. and Faruque M. O. (2018). An application of Water Qual-

ity Index (WQI) and multivariate statistics to evaluate the water quality around Maddhap-

ara Granite Mining Industrial Area, Dinajpur, Bangladesh. Environmental Systems Research 

6(1), 13. 

Hu B., Li J., Zhao J., Yang J., Bai F. and Dou Y. (2013). Heavy metal in surface sediments of the 

Liaodong Bay, Bohai Sea: distribution, contamination, and sources. Environmental Moni-

toring and Assessment 185(6), 5071-83. 

Hu, T., Liu, J., Zheng, G., Zhang, D., & Huang, K. (2020). Evaluation of historical and future wet-

land degradation using remote sensing imagery and land use modeling. Land Degradation 

& Development, 31(1), 65-80. 

Hu W. (2016). A review of the models for Lake Taihu and their application in lake environ-

mental management. Ecological Modelling 319, 9-20. 

Hu W., Pu P. and Li W. (1998a). A model on a physico-biological engineering experiment for 

purifying water by using Trapa natans var. bispinosa in Wulihu Bay of Lake Taihu. China. 

Journal of Lake sciences 10, 507-18. 

TH-2896_176104004



Bibliography 

 

328 | Page Indian Institute of Technology Guwahati 

Hu W., Pu P. and Qin B. (1998b). A three-dimensional numerical simulation on the dynamics 

in Taihu Lake, China (II): the typical wind-driven current and its divergence. Journal of 

Lake Sciences 10(4), 26-34. 

Hu W., Salomonsen J., Xu F.-L. and Pu P. (1998c). A model for the effects of water hyacinths on 

water quality in an experiment of physico-biological engineering in Lake Taihu, China. Eco-

logical Modelling 107(2-3), 171-88. 

Hu W., Zhai S., Zhu Z. and Han H. (2008). Impacts of the Yangtze River water transfer on the 

restoration of Lake Taihu. Ecological Engineering 34(1), 30-49. 

Huang D., Liu L., Zeng G., Xu P., Huang C., Deng L., Wang R. and Wan J. (2017). The effects of 

rice straw biochar on indigenous microbial community and enzymes activity in heavy 

metal-contaminated sediment. Chemosphere 174, 545-53. 

Huang X., Luo D., Zhao D., Li N., Xiao T., Liu J., Wei L., Liu Y., Liu L. and Liu G. (2019). Distribu-

tion, source and risk assessment of heavy metal(oid)s in water, sediments, and corbicula 

fluminea of Xijiang River, China. International Journal of Environmental Research and Pub-

lic Health 16(10), 1823. 

Huang Y., Deng M., Wu S., Japenga J., Li T., Yang X. and He Z. (2018). A modified receptor model 

for source apportionment of heavy metal pollution in soil. Journal of Hazardous Materials 

354, 161-9. 

Hurley T., Sadiq R. and Mazumder A. (2012). Adaptation and evaluation of the Canadian Coun-

cil of Ministers of the Environment Water Quality Index (CCME WQI) for use as an effective 

tool to characterize drinking source water quality. Water Research 46(11), 3544-52. 

Hussain Y., Ullah S. F., Hussain M. B., Aslam A. Q., Akhter G., Martinez-Carvajal H. and Cárdenas-

Soto M. (2017). Modelling the vulnerability of groundwater to contamination in an uncon-

fined alluvial aquifer in Pakistan. Environmental Earth Sciences 76(2), 84. 

IARC. (2012). A review of human carcinogens: Personal habits and indoor combustions. (Vol. 

100). World Health Organization. 

Ilayaraja K. and Ambica A. (2015). Spatial distribution of groundwater quality between in-

jambakkam-thiruvanmyiur areas, south east coast of India. Nature Environment and Pollu-

tion Technology 14(4), 771-6. 

Imperato M., Adamo P., Naimo D., Arienzo M., Stanzione D. and Violante P. (2003). Spatial dis-

tribution of heavy metals in urban soils of Naples city (Italy). Environmental Pollution 

124(2), 247-56. 

IS:10500 (2012). Indian Standard Drinking Water–Specification (Second revision). Bureau of 

Indian Standards (BIS), New Delhi. 

Iscen C. F., Emiroglu Ö., Ilhan S., Arslan N., Yilmaz V. and Ahiska S. (2008). Application of mul-

tivariate statistical techniques in the assessment of surface water quality in Uluabat Lake, 

Turkey. Environmental Monitoring and Assessment 144(1), 269-76. 

Isidori M., Lavorgna M., Nardelli A. and Parrella A. (2004). Integrated environmental assess-

ment of Volturno River in South Italy. Science of the Total Environment 327(1-3), 123-34. 

Islam A. R. M. T., Ahmed N., Bodrud-Doza M. and Chu R. (2017). Characterizing ground-water 

quality ranks for drinking purposes in Sylhet district, Bangladesh, using entropy method, 

spatial autocorrelation index, and geostatistics. Environmental Science and Pollution Re-

search 24(34), 26350-74. 

Islam A. R. M. T., Al Mamun A., Rahman M. M. and Zahid A. (2020a). Simultaneous comparison 

of modified-integrated water quality and entropy weighted indices: Implication for safe 

drinking water in the coastal region of Bangladesh. Ecological Indicators 113, 106229. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 329 

Islam A. R. M. T., Islam H. M. T., Mia M. U., Khan R., Habib M. A., Bodrud-Doza M., Siddique M. 

A. B. and Chu R. (2020b). Co-distribution, possible origins, status and potential health risk 

of trace elements in surface water sources from six major river basins, Bangladesh. Chem-

osphere 249, 126180. 

Islam M. A., Das B., Quraishi S. B., Khan R., Naher K., Hossain S. M., Karmaker S., Latif S. A. and 

Hossen M. B. (2020c). Heavy metal contamination and ecological risk assessment in water 

and sediments of the Halda river, Bangladesh: A natural fish breeding ground. Marine Pol-

lution Bulletin 160, 111649. 

Islam M. S., Ahmed M. K., Raknuzzaman M., Habibullah-Al-Mamun M. and Islam M. K. (2015a). 

Heavy metal pollution in surface water and sediment: a preliminary assessment of an ur-

ban river in a developing country. Ecological Indicators 48, 282-91. 

Islam S., Ahmed K. and Masunaga S. (2015b). Potential ecological risk of hazardous elements 

in different land-use urban soils of Bangladesh. Science of the Total Environment 512, 94-

102. 

Jackson L. J., Trebitz A. S. and Cottingham K. L. (2000). An introduction to the practice of eco-

logical modeling. BioScience 50(8), 694-706. 

Jaswal A., Rao G. P. and De U. (2008). Spatial and temporal characteristics of evaporation 

trends over India during 1971-2000. MAUSAM 59(2), 149. 

Javed M. and Usmani N. (2016). Accumulation of heavy metals and human health risk assess-

ment via the consumption of freshwater fish Mastacembelus armatus inhabiting, thermal 

power plant effluent loaded canal. SpringerPlus 5(1), 1-8. 

Jena V., Dixit S. and Gupta S. (2013). Assessment of water quality index of industrial area sur-

face water samples. International Journal of ChemTech Research 5(1), 278-83. 

Jha D. K., Devi M. P., Vidyalakshmi R., Brindha B., Vinithkumar N. V. and Kirubagaran R. (2015). 

Water quality assessment using water quality index and geographical information system 

methods in the coastal waters of Andaman Sea, India. Marine Pollution Bulletin 100(1), 

555-61. 

Jha D. K., Vinithkumar N., Sahu B. K., Das A. K., Dheenan P., Venkateshwaran P., Begum M., 

Ganesh T., Devi M. P. and Kirubagaran R. (2014). Multivariate statistical approach to iden-

tify significant sources influencing the physico-chemical variables in Aerial Bay, North An-

daman, India. Marine Pollution Bulletin 85(1), 261-7. 

Ji Y., Wu J., Wang Y., Elumalai V. and Subramani T. (2020). Seasonal Variation of Drinking Wa-

ter Quality and Human Health Risk Assessment in Hancheng City of Guanzhong Plain, 

China. Exposure and Health 12(3), 469-85. 

Jin R., Yuan H. and Chen Q. (2019). Science mapping approach to assisting the review of con-

struction and demolition waste management research published between 2009 and 2018. 

Resources, Conservation and Recycling 140, 175-88. 

Jöhnk K. D., Huisman J., Sharples J., Sommeijer B., Visser P. M. and Stroom J. M. (2008). Summer 

heatwaves promote blooms of harmful cyanobacteria. Global Change Biology 14(3), 495-

512. 

Johnson N. C., Angelard C., Sanders I. R. and Kiers E. T. (2013). Predicting community and eco-

system outcomes of mycorrhizal responses to global change. Ecology Letters 16, 140-53. 

Joksas K. (1994). Distribution of metals in bottom sediments of the east Baltic Sea and the 

Kursiu Marios Lagoon. Baltica 8, 43-9. 

Jonnalagadda S. B. and Mhere G. (2001). Water quality of the odzi river in the Eastern High-

lands of Zimbabwe. Water Research 35(10), 2371-6. 

TH-2896_176104004



Bibliography 

 

330 | Page Indian Institute of Technology Guwahati 

Jørgensen S. E. (2010). A review of recent developments in lake modelling. Ecological Model-

ling 221(4), 689-92. 

Jorgensen S. E., Nielsen S. N. and Jorgensen L. A. (1991). Handbook of ecological parameters 

and ecotoxicology, Amsterdam (Netherlands). Elsevier. 

Jørgensen, S. E., & Bendoricchio, G. (2001). Fundamentals of ecological modelling (Vol. 21). 

Elsevier, The Netherlands. 

Juahir H., Zain S. M., Toriman M. E., Mokhtar M. and Man H. C. (2004). Application of artificial 

neural network models for predicting water quality index. Malaysian Journal of Civil Engi-

neering 16(2), 42-55. 

Justić D., Rabalais N. N. and Turner R. E. (2002). Modeling the impacts of decadal changes in 

riverine nutrient fluxes on coastal eutrophication near the Mississippi River Delta. Ecolog-

ical Modelling 152(1), 33-46. 

Kadam A. K., Wagh V. M., Muley A. A., Umrikar B. N. and Sankhua R. N. (2019). Prediction of 

water quality index using artificial neural network and multiple linear regression model-

ling approach in Shivganga River basin, India. Modeling Earth Systems and Environment 

5(3), 951-62. 

Kaiser H. F. (1960). The application of electronic computers to factor analysis. Educational 

and Psychological Measurement 20(1), 141-51. 

Kaiser H. F. (1974). An index of factorial simplicity. Psychometrika 39(1), 31-6. 

Kamrani S., Rezaei M., Amiri V. and Saberinasr A. (2016). Investigating the efficiency of infor-

mation entropy and fuzzy theories to classification of groundwater samples for drinking 

purposes: Lenjanat Plain, Central Iran. Environmental Earth Sciences 75(20), 1-13. 

Kannel P. R., Lee S., Lee Y.-S., Kanel S. R. and Khan S. P. (2007). Application of water quality 

indices and dissolved oxygen as indicators for river water classification and urban impact 

assessment. Environmental Monitoring and Assessment 132(1), 93-110. 

Karbassi A., Monavari S., Bidhendi G. R. N., Nouri J. and Nematpour K. (2008). Metal pollution 

assessment of sediment and water in the Shur River. Environmental Monitoring and Assess-

ment 147(1), 107-16. 

Karn S. K. and Harada H. (2001). Surface water pollution in three urban territories of Nepal, 

India, and Bangladesh. Environmental Management 28(4), 483-96. 

Karul C., Soyupak S., Çilesiz A. F., Akbay N. and Germen E. (2000). Case studies on the use of 

neural networks in eutrophication modeling. Ecological Modelling 134(2-3), 145-52. 

Karunanidhi, D., Aravinthasamy, P., Subramani, T., & Muthusankar, G. (2021). Revealing 

drinking water quality issues and possible health risks based on water quality index (WQI) 

method in the Shanmuganadhi River basin of South India. Environmental Geochemistry and 

Health 43(2), 931-948. 

Keddy P. A. (2010). Wetland ecology: principles and conservation. Cambridge University Press. 

Kelley W. (1963). Use of saline irrigation water. Soil Science 95(6), 385-91. 

Kelly W. R., Panno S. V., Hackley K. C., Hwang H.-H., Martinsek A. T. and Markus M. (2010). 

Using chloride and other ions to trace sewage and road salt in the Illinois Water-way. Ap-

plied Geochemistry 25(5), 661-73. 

Khaled, A., Ahdy, H. H., El Sayed, A. E., Ahmed, H. O., Razek, F. A. A., & Fahmy, M. A. (2021). 

Spatial distribution and potential risk assessment of heavy metals in sediment along Alex-

andria Coast, Mediterranean Sea, Egypt. The Egyptian Journal of Aquatic Research 47(1), 

37-43. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 331 

Khalid S. (2019). An assessment of groundwater quality for irrigation and drinking purposes 

around brick kilns in three districts of Balochistan province, Pakistan, through water qual-

ity index and multivariate statistical approaches. Journal of Geochemical Exploration 197, 

14-26. 

Khan A. A., Tobin A., Paterson R., Khan H. and Warren R. (2005). Application of CCME proce-

dures for deriving site-specific water quality guidelines for the CCME Water Quality Index. 

Water Quality Research Journal 40(4), 448-56. 

Khan Y. and Chai S. (2017). Ensemble of ANN and ANFIS for water quality prediction and anal-

ysis-a data driven approach. Journal of Telecommunication, Electronic and Computer Engi-

neering (JTEC) 9(2-9), 117-22. 

Khound N. J. and Bhattacharyya K. G. (2017). Multivariate statistical evaluation of heavy met-

als in the surface water sources of Jia Bharali river basin, North Brahmaputra plain, India. 

Applied Water Science 7(5), 2577-86. 

Kim D. H., Nguyen T. V., Heo M. and Chon T. S. (2015). Subsequent application of self-organiz-

ing map and hidden Markov models infer community states of stream benthic macroinver-

tebrates. Journal of Ecology and Environment 38(1), 95-107. 

King D. M. and Perera B. (2013). Morris method of sensitivity analysis applied to assess the 

importance of input variables on urban water supply yield–A case study. Journal of Hydrol-

ogy 477, 17-32. 

Kükrer S. and Mutlu E. (2019). Assessment of surface water quality using water quality index 

and multivariate statistical analyses in Saraydüzü Dam Lake, Turkey. Environmental Mon-

itoring and Assessment 191(2), 71. 

Kumar D. and Alappat B. J. (2009). NSF-water quality index: does it represent the experts’ 

opinion? Practice Periodical of Hazardous, Toxic, and Radioactive Waste Management 

13(1), 75-9. 

Kumar M., Ramanathan A., Tripathi R., Farswan S., Kumar D. and Bhattacharya P. (2017). A 

study of trace element contamination using multivariate statistical techniques and health 

risk assessment in groundwater of Chhaprola Industrial Area, Gautam Buddha Nagar, Ut-

tar Pradesh, India. Chemosphere 166, 135-45. 

Kusin F. M., Azani N. N. M., Hasan S. N. M. S. and Sulong N. A. (2018). Distribution of heavy 

metals and metalloid in surface sediments of heavily-mined area for bauxite ore in 

Pengerang, Malaysia and associated risk assessment. Catena 165, 454-64. 

Lancelot C., Spitz Y., Gypens N., Ruddick K., Becquevort S., Rousseau V., Lacroix G. and Billen 

G. (2005). Modelling diatom and Phaeocystis blooms and nutrient cycles in the Southern 

Bight of the North Sea: The MIRO model. Marine Ecology Progress Series 289, 63-78. 

Langguth H. (1966). Groundwater verhaltisse in Bereiech Des Velberter. Land Wirtsch Forste, 

Sattles Der Minister Fur Eraehrung, p 127 

Lau S. S. S. (2000). The significance of temporal variability in sediment quality for contamina-

tion assessment in a coastal wetland. Water Research 34(2), 387-94. 

Lau S. S. S. and Chu L. M. (2000). The significance of sediment contamination in a coastal wet-

land, Hong Kong, China. Water Research 34(2), 379-86. 

Lauringson V., Kotta J., Kersen P., Leisk Ü., Orav-Kotta H. and Kotta I. (2012). Use case of bio-

mass-based benthic invertebrate index for brackish waters in connection to climate and 

eutrophication. Ecological Indicators 12(1), 123-32. 

Lee J. H. W., Huang Y., Dickman M. and Jayawardena A. W. (2003). Neural network modelling 

of coastal algal blooms. Ecological Modelling 159(2-3), 179-201. 

TH-2896_176104004



Bibliography 

 

332 | Page Indian Institute of Technology Guwahati 

Leong W. C., Bahadori A., Zhang J. and Ahmad Z. (2019). Prediction of water quality index 

(WQI) using support vector machine (SVM) and least square-support vector machine (LS-

SVM). International Journal of River Basin Management 19(2), 149-156. 

Lermontov A., Yokoyama L., Lermontov M. and Machado M. A. S. (2009). River quality analysis 

using fuzzy water quality index: Ribeira do Iguape river watershed, Brazil. Ecological Indi-

cators 9(6), 1188-97. 

Lewandowski A. and Szczepanska T. (1993). Sediment pollution in the southern Baltic. Land 

Degradation & Development 4(4), 307-15. 

Li F., Lin Z. F., Wen J. S., Wei Y. S., Gan H. Y., He H. J., Lin J. Q., Xia Z., Chen B. S., Guo W. J., Tan C. 

S. and Cai H. Y. (2017). Risk assessment of trace metal-polluted coastal sediments on Hai-

nan Island: A full-scale set of 474 geographical locations covering the entire island. Marine 

Pollution Bulletin 125(1-2), 541-55. 

Li H., Hopke P. K., Liu X., Du X. and Li F. (2015). Application of positive matrix factorization to 

source apportionment of surface water quality of the Daliao River basin, north-east China. 

Environmental Monitoring and Assessment 187(3), 80. 

Li J., He M., Han W. and Gu Y. (2009). Analysis and assessment on heavy metal sources in the 

coastal soils developed from alluvial deposits using multivariate statistical methods. Jour-

nal of Hazardous Materials 164(2-3), 976-81. 

Li P., He X. and Guo W. (2019). Spatial groundwater quality and potential health risks due to 

nitrate ingestion through drinking water: A case study in Yan’an City on the Loess Plateau 

of northwest China. Human and Ecological Risk Assessment 25(1-2), 11-31. 

Li P., Wu J. and Qian H. (2016a). Hydrochemical appraisal of groundwater quality for drinking 

and irrigation purposes and the major influencing factors: a case study in and around Hua 

County, China. Arabian Journal of Geosciences 9(1), 1-17. 

Li P., Wu J., Qian H., Lyu X. and Liu H. (2014a). Origin and assessment of groundwater pollution 

and associated health risk: A case study in an industrial park, northwest China. Environ-

mental Geochemistry and Health 36(4), 693-712. 

Li R., Zou Z. and An Y. (2016b). Water quality assessment in Qu River based on fuzzy water 

pollution index method. Journal of Environmental Sciences 50, 87-92. 

Li S., Li J. and Zhang Q. (2011). Water quality assessment in the rivers along the water con-

veyance system of the Middle Route of the South to North Water Transfer Project (China) 

using multivariate statistical techniques and receptor modeling. Journal of Hazardous Ma-

terials 195, 306-17. 

Li Z., Ma Z., van der Kuijp T. J., Yuan Z. and Huang L. (2014b). A review of soil heavy metal 

pollution from mines in China: pollution and health risk assessment. Science of the Total 

Environment 468, 843-53. 

Liaghati T., Preda M. and Cox M. (2004). Heavy metal distribution and controlling factors 

within coastal plain sediments, Bells Creek catchment, southeast Queensland, Australia. 

Environment International 29(7), 935-48. 

Li-kun Y., Sen P., Xin-hua Z. and Xia L. (2017). Development of a two-dimensional eutrophica-

tion model in an urban lake (China) and the application of uncertainty analysis. Ecological 

Modelling 345, 63-74. 

Liou S.-M., Lo S.-L. and Wang S.-H. (2004). A generalized water quality index for Taiwan. En-

vironmental Monitoring and Assessment 96(1-3), 35-52. 

Liu C.-W., Lin K.-H. and Kuo Y.-M. (2003). Application of factor analysis in the assessment of 

groundwater quality in a blackfoot disease area in Taiwan. Science of the Total Environ-

ment 313(1-3), 77-89. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 333 

Liu D., Ma J., Sun Y. and Li Y. (2016a). Spatial distribution of soil magnetic susceptibility and 

correlation with heavy metal pollution in Kaifeng City, China. Catena 139, 53-60. 

Liu R., Wang M., Chen W. and Peng C. (2016). Spatial pattern of heavy metals accumulation 

risk in urban soils of Beijing and its influencing factors. Environmental Pollution 210, 174-

81. 

Liu Y., Wang S., Lohmann R., Yu N., Zhang C., Gao Y., Zhao J. and Ma L. (2015). Source appor-

tionment of gaseous and particulate PAHs from traffic emission using tunnel measure-

ments in Shanghai, China. Atmospheric Environment 107, 129-36. 

Lizcano I., Krishnan K. R., Fan L. and Erickson L. (1974). Identification of parameters in tran-

sient water quality models from stochastic data. Water, Air, and Soil Pollution 3(3), 261-78. 

Lloyd JW, Heathcote J (1985) Natural inorganic hydrochemistry in relation to ground water. 

Oxford University Press, New York. 

Lobato T. C., Hauser-Davis R. A., Oliveira T. F., Silveira A. M., Silva H. A. N., Tavares M. R. M. and 

Saraiva A. C. F. (2015). Construction of a novel water quality index and quality indicator 

for reservoir water quality evaluation: A case study in the Amazon region. Journal of Hy-

drology 522, 674-83. 

Loc, H. H., Irvine, K. N., Thanh, T., & Tuong, L. Q. (2021). The waterscape of groundwater ex-

ploitation for domestic uses in District 12, Ho Chi Minh City, Vietnam. Environment, Devel-

opment and Sustainability, 23(5), 7652-7669. 

Lodwick W. A., Monson W. and Svoboda L. (1990). Attribute error and sensitivity analysis of 

map operations in geographical information systems: suitability analysis. International 

Journal of Geographical Information System 4(4), 413-28. 

Long E. R. and Chapman P. M. (1985). A sediment quality triad: measures of sediment con-

tamination, toxicity and infaunal community composition in Puget Sound. Marine Pollution 

Bulletin 16(10), 405-15. 

Loska K. and Wiechuła D. (2003). Application of principal component analysis for the estima-

tion of source of heavy metal contamination in surface sediments from the Rybnik Reser-

voir. Chemosphere 51(8), 723-33. 

Lu L.-T., Chang I.-C., Hsiao T.-Y., Yu Y.-H. and Ma H.-W. (2007). Identification of pollution 

source of cadmium in soil: application of material flow analysis and a case study in Taiwan. 

Environmental Science and Pollution Research International 14(1), 49-59. 

Lu S., Wang Y., Teng Y. and Yu X. (2015). Heavy metal pollution and ecological risk assess-

ment of the paddy soils near a zinc-lead mining area in Hunan. Environmental Monitoring 

and Assessment 187(10), 627. 

Lumb A., Halliwell D. and Sharma T. (2006). Application of CCME Water Quality Index to mon-

itor water quality: A case study of the Mackenzie River basin, Canada. Environmental Mon-

itoring and Assessment 113(1-3), 411-29. 

Lumb A., Sharma T. and Bibeault J.-F. (2011). A review of genesis and evolution of water qual-

ity index (WQI) and some future directions. Water Quality, Exposure and Health 3(1), 11-

24. 

Lung W. S., Canale R. P. and Freedman P. L. (1976). Phosphorus models for eutrophic lakes. 

Water Research 10(12), 1101-14. 

Luo L., Ma Y., Zhang S., Wei D. and Zhu Y.-G. (2009). An inventory of trace element inputs to 

agricultural soils in China. Journal of Environmental Management 90(8), 2524-30. 

Luo X.-S., Ding J., Xu B., Wang Y.-J., Li H.-B. and Yu S. (2012). Incorporating bioaccessibility into 

human health risk assessments of heavy metals in urban park soils. Science of the Total 

Environment 424, 88-96. 

TH-2896_176104004



Bibliography 

 

334 | Page Indian Institute of Technology Guwahati 

Luo X.-S., Xue Y., Wang Y.-L., Cang L., Xu B. and Ding J. (2015). Source identification and appor-

tionment of heavy metals in urban soil profiles. Chemosphere 127, 152-7. 

Lyu M., Pang Z., Huang T. and Yin L. (2019). Hydrogeochemical evolution and groundwater 

quality assessment in the Dake Lake Basin, Northwest China. Journal of Radio-analytical 

and Nuclear Chemistry 320(3), 865-83. 

Ma L. Q. and Rao G. N. (1997). Chemical fractionation of cadmium, copper, nickel, and zinc in 

contaminated soils. Journal of Environmental Quality 26(1), 259-64. 

Maas S., Scheifler R., Benslama M., Crini N., Lucot E., Brahmia Z., Benyacoub S. and Giraudoux 

P. (2010). Spatial distribution of heavy metal concentrations in urban, suburban and agri-

cultural soils in a Mediterranean city of Algeria. Environmental Pollution 158(6), 2294-301. 

Machiwal D. and Jha M. K. (2015). Identifying sources of groundwater contamination in a 

hard-rock aquifer system using multivariate statistical analyses and GIS-based geostatis-

tical modeling techniques. Journal of Hydrology: Regional Studies 4, 80-110. 

Magnea U., Sciascia R., Paparella F., Tiberti R. and Provenzale A. (2013). A model for high-

altitude alpine lake ecosystems and the effect of introduced fish. Ecological Modelling 251, 

211-20. 

Maity S., Biswas R. and Sarkar A. (2020). Comparative valuation of groundwater quality pa-

rameters in Bhojpur, Bihar for arsenic risk assessment. Chemosphere 259, 127398. 

Malamos N. and Koutsoyiannis D. (2018). Field survey and modelling of irrigation water qual-

ity indices in a Mediterranean island catchment: a comparison between spatial interpola-

tion methods. Hydrological Sciences Journal 63(10), 1447-67. 

Malik N., Biswas A., Qureshi T., Borana K. and Virha R. (2010). Bioaccumulation of heavy met-

als in fish tissues of a freshwater lake of Bhopal. Environmental Monitoring and Assessment 

160(1-4), 267. 

Malmaeus J. and Håkanson L. (2004). Development of a lake eutrophication model. Ecological 

Modelling 171(1-2), 35-63. 

Maltby E. and Barker T. (2009). The Wetlands Handbook, 2 Volume Set. John Wiley & Sons, 

Germany. 

Maltby L., Forrow D. M., Boxall A. B., Calow P. and Betton C. I. (1995). The effects of motorway 

runoff on freshwater ecosystems: 1. Field study. Environmental Toxicology and Chemistry: 

An International Journal 14(6), 1079-92. 

Manna R. and Aftabuddin M. (2009). Impact of city sewage on selected water parameters of 

the Sacred Basistha river along Guwahati City and Deepor beel, a Ramsar wet-land. Envi-

ronment and Ecology 27(4A), 1763-66. 

Marghade D., Malpe D. B., Duraisamy K., Patil P. D. and Li P. (2020). Hydrogeochemical evalu-

ation, suitability, and health risk assessment of groundwater in the water-shed of Godavari 

basin, Maharashtra, Central India. Environmental Science and Pollution Research 28(15), 

18471-94. 

Marín-Guirao L., Atucha A. M., Barba J. L., López E. M. and García Fernández A. J. (2005). Effects 

of mining wastes on a seagrass ecosystem: Metal accumulation and bioavailability, 

seagrass dynamics and associated community structure. Marine Environmental Research 

60(3), 317-37. 

Marques J. C., Pardal M. Â., Nielsen S. N. and Jørgensen S. E. (1997). Analysis of the properties 

of exergy and biodiversity along an estuarine gradient of eutrophication. Ecological Mod-

elling 102(1), 155-67. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 335 

Marron D. C. (1989). Physical and chemical characteristics of a metal‐contaminated over bank 

deposit, west‐central South Dakota, U.S.A. Earth Surface Processes and Landforms 14(5), 

419-32. 

Martin C. W. (2000). Heavy metal trends in floodplain sediments and valley fill, River Lahn, 

Germany. Catena 39(1), 53-68. 

Martin J. F. and Reddy K. (1997). Interaction and spatial distribution of wetland nitrogen pro-

cesses. Ecological Modelling 105(1), 1-21. 

Martín J. R., De Arana C., Ramos-Miras J., Gil C. and Boluda R. (2015). Impact of 70 years urban 

growth associated with heavy metal pollution. Environmental Pollution 196, 156-63. 

Maskooni E. K., Naseri-Rad M., Berndtsson R. and Nakagawa K. (2020). Use of heavy metal 

content and modified water quality index to assess groundwater quality in a semiarid area. 

Water (Switzerland) 12(4), 1115. 

Matsuoka Y., Goda T. and Naito M. (1986). A eutrophication model of Lake Kasumigaura. Eco-

logical Modelling 31(1-4), 201-19. 

Mayer T., Bennie D., Rosa F., Palabrica V., Rekas G., Schachtschneider J. and Marvin C. (2008). 

Dispersal of contaminants from municipal discharges as evidenced from sedimentary rec-

ords in a great lakes coastal wetland, Cootes Paradise, Ontario. Journal of Great Lakes Re-

search 34(3), 544-58. 

Mayo A. and Bigambo T. (2005). Nitrogen transformation in horizontal subsurface flow con-

structed wetlands I: Model development. Physics and Chemistry of the Earth, Parts A/B/C 

30(11-16), 658-67. 

Mayo A., Hanai E. and Kibazohi O. (2014). Nitrification–denitrification in a coupled high rate–

water hyacinth ponds. Physics and Chemistry of the Earth, Parts A/B/C 72, 88-95. 

Mazhar I., Hamid A. and Afzal S. (2019). Groundwater quality assessment and human health 

risks in Gujranwala District, Pakistan. Environmental Earth Sciences 78(22), 634. 

McCullough I. M., Dugan H. A., Farrell K. J., Morales-Williams A. M., Ouyang Z., Roberts D., 

Scordo F., Bartlett S. L., Burke S. M. and Doubek J. P. (2018). Dynamic modeling of organic 

carbon fates in lake ecosystems. Ecological Modelling 386, 71-82. 

Melloul A. J. and Collin M. (1998). A proposed index for aquifer water-quality assessment: the 

case of Israel's Sharon region. Journal of Environmental Management 54(2), 131-42. 

Meng Q., Zhang J., Zhang Z. and Wu T. (2016). Geochemistry of dissolved trace elements and 

heavy metals in the Dan River Drainage (China): distribution, sources, and water quality 

assessment. Environmental Science and Pollution Research 23(8), 8091-103. 

Menshutkin V., Astrakhantsev G., Yegorova N., Rukhovets L., Simo T. and Petrova N. (1998). 

Mathematical modeling of the evolution and current conditions of the Ladoga Lake ecosys-

tem. Ecological Modelling 107(1), 1-24. 

Metcalf E. and Eddy M. (2017). Wastewater Engineering–Treatment, Disposal, Reuse. McGraw 

Hill Education, Chennai, India. 

Metcalf, L., Eddy, H. P., & Tchobanoglous, G. (1991). Wastewater engineering: treatment, dis-

posal, and reuse (Vol. 4). New York: McGraw-Hill. 

Meyer, M. A., & Booker, J. M. (1990). Eliciting and analyzing expert judgment: a practical guide. 

Office of Nuclear Regulatory Research. Division of Systems Research, US Nuclear Regula-

tory Commission, Washington DC, USA. 

Miller J. R. (1997). The role of fluvial geomorphic processes in the dispersal of heavy metals 

from mine sites. Journal of Geochemical Exploration 58(2-3), 101-18. 

TH-2896_176104004



Bibliography 

 

336 | Page Indian Institute of Technology Guwahati 

Mirauda D. and Ostoich M. (2020). MIMR criterion application: Entropy approach to select the 

optimal quality parameter set responsible for river pollution. Sustainability (Switzerland) 

12(5), 2078. 

Misaghi F., Delgosha F., Razzaghmanesh M. and Myers B. (2017). Introducing a water quality 

index for assessing water for irrigation purposes: A case study of the Ghezel Ozan River. 

Science of the Total Environment 589, 107-16. 

MoEF (2008). Report on visit to Deepor Beel in Assam: a wetland included under national wet-

land conservation management programme of the Ministry of Environment and Forests. 

Govt. of India. 

Moeller P., Rosenthal E., Geyer S., Guttman J., Dulski P., Rybakov M., Zilberbrand M., Jahnke C. 

and Flexer A. (2007). Hydrochemical processes in the lower Jordan valley and in the Dead 

Sea area. Chemical Geology 239(1-2), 27-49. 

Mohamed T. A., Mohamed M. A. K., Rabeiy R. and Ghandour M. A. (2014). Application of pol-

lution indices for evaluation of heavy metals in soil close to phosphate fertilizer plant, As-

siut, Egypt. Assiut Univ Bull Environ Res 17(1), 45-55. 

Mohan S. and Gandhimathi R. (2009). Removal of heavy metal ions from municipal solid waste 

leachate using coal fly ash as an adsorbent. Journal of Hazardous Materials 169(1-3), 351-

9. 

Mohan S. V., Nithila P. and Reddy S. J. (1996). Estimation of heavy metals in drinking wa-ter 

and development of heavy metal pollution index. Journal of Environmental Science & Health 

Part A 31(2), 283-9. 

Mohebbi M. R., Saeedi R., Montazeri A., Vaghefi K. A., Labbafi S., Oktaie S., Abtahi M. and Mo-

hagheghian A. (2013). Assessment of water quality in groundwater resources of Iran using 

a modified drinking water quality index (DWQI). Ecological Indicators 30, 28-34. 

Moiseenko T. and Kudryavtseva L. (2001). Trace metal accumulation and fish pathologies in 

areas affected by mining and metallurgical enterprises in the Kola Region, Russia. Environ-

mental Pollution 114(2), 285-97. 

Mokarram M., Saber A. and Sheykhi V. (2020). Effects of heavy metal contamination on river 

water quality due to release of industrial effluents. Journal of Cleaner Production 277, 

123380. 

Morillo J., Usero J. and Gracia I. (2004). Heavy metal distribution in marine sediments from 

the southwest coast of Spain. Chemosphere 55(3), 431-42. 

Morris M. D. (1991). Factorial sampling plans for preliminary computational experiments. 

Technometrics 33(2), 161-74. 

Mostafaei A. (2014). Application of multivariate statistical methods and water-quality index 

to evaluation of water quality in the Kashkan River. Environmental Management 53(4), 

865-81. 

Motsara, M. R., & Roy, R. N. (2008). Guide to laboratory establishment for plant nutrient analy-

sis (Vol. 19). Rome: Food and Agriculture Organization of the United Nations. 

Mozumder C., Tripathi N. and Tipdecho T. (2014). Ecosystem evaluation (1989–2012) of 

Ramsar wetland Deepor Beel using satellite-derived indices. Environmental Moni-toring 

and Assessment 186(11), 7909-27. 

Mukate S., Wagh V., Panaskar D., Jacobs J. A. and Sawant A. (2019). Development of new inte-

grated water quality index (IWQI) model to evaluate the drinking suitability of water. Eco-

logical Indicators 101, 348-54. 

Mukherjee B., Mukherjee D. and Nivedita M. (2008). Modelling carbon and nutrient cycling in 

a simulated pond system at Ranchi. Ecological Modelling 213(3-4), 437-48. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 337 

Muller G. (1969). Index of geoaccumulation in sediments of the Rhine River. Geojournal 2, 

108-18. 

Muniz D. H. F., Malaquias J. V., Lima J. E. F. W. and Oliveira-Filho E. C. (2020). Proposal of an 

irrigation water quality index (IWQI) for regional use in the Federal District, Brazil. Envi-

ronmental Monitoring and Assessment 192(9), 1-15. 

Mustaffa N. I. H., Latif M. T., Ali M. M. and Khan M. F. (2014). Source apportionment of surfac-

tants in marine aerosols at different locations along the Malacca Straits. Environmental Sci-

ence and Pollution Research 21(10), 6590-602. 

Naseem, S., Hamza, S., & Bashir, E. (2012). Assessment of geochemistry of soils for agriculture 

at Winder, Balochistan, Pakistan. Water quality, soil and managing irrigation of crops, 

InTech-Open Access Publisher, Croatia, 73-94. 

Nasiri F., Maqsood I., Huang G. and Fuller N. (2007). Water quality index: A fuzzy river-pollu-

tion decision support expert system. Journal of Water Resources Planning and Management 

133(2), 95-105. 

Ng C. K.-C., Goh C.-H., Lin J.-C., Tan M.-S., Bong W., Yong C.-S., Chong J.-Y., Ooi P. A.-C., Wong W.-

L. and Khoo G. (2018). Water quality variation during a strong El Niño event in 2016: A 

case study in Kampar River, Malaysia. Environmental monitoring and assessment 190(7), 

402. 

Ngasala T. M., Gasteyer S. P., Masten S. J. and Phanikumar M. S. (2019). Linking Cross Contam-

ination of Domestic Water with Storage Practices at the Point of Use in Urban Areas of Dar 

es Salaam, Tanzania. Journal of Environmental Engineering 145(5), 04019017. 

Nibedita K. and Bhattacharyya K. G. (2013). Spatial, temporal and depth profiles of trace met-

als in an urban wetland system: a case study with respect to the Deepor Beel, Ramsar Site 

1207, India. Environment and Pollution 2(1), 51-72. 

Noori R., Berndtsson R., Hosseinzadeh M., Adamowski J. F. and Abyaneh M. R. (2019). A critical 

review on the application of the National Sanitation Foundation Water Quality Index. En-

vironmental Pollution 244, 575-87. 

NRC (1995). Wetlands: Characteristics and boundaries. Committee on Characterization of 

Wetlands. 

 Nunes M., Da Silva E. F. and De Almeida S. (2003). Assessment of water quality in the Caima 

and Mau river basins (Portugal) using geochemical and biological indices. Water, Air, and 

Soil Pollution 149(1-4), 227-50. 

Ocampo-Duque W., Ferré-Huguet N., Domingo J. L. and Schuhmacher M. (2006). Assessing 

water quality in rivers with fuzzy inference systems: A case study. Environment Interna-

tional 32(6), 733-42. 

Oraee M., Hosseini M. R., Papadonikolaki E., Palliyaguru R. and Arashpour M. (2017). Collab-

oration in BIM-based construction networks: A bibliometric-qualitative literature review. 

International Journal of Project Management 35(7), 1288-301. 

Ouyang Y., Nkedi-Kizza P., Wu Q., Shinde D. and Huang C. (2006). Assessment of seasonal var-

iations in surface water quality. Water Research 40(20), 3800-10. 

Ozdilek H. G., Mathisen P. P. and Pellegrino D. (2007). Distribution of heavy metals in vegeta-

tion surrounding the Blackstone River, USA: Considerations regarding sediment contami-

nation and long term metals transport in freshwater riverine ecosystems. Journal of Envi-

ronmental Biology 28(2), 493-502. 

Paatero P. and Tapper U. (1994). Positive matrix factorization: A non‐negative factor model 

with optimal utilization of error estimates of data values. Environmetrics 5(2), 111-26. 

TH-2896_176104004



Bibliography 

 

338 | Page Indian Institute of Technology Guwahati 

Pandey M., Pandey A. K., Mishra A. and Tripathi B. (2015). Assessment of metal species in river 

Ganga sediment at Varanasi, India using sequential extraction procedure and SEM–EDS. 

Chemosphere 134, 466-74. 

Park K., Jung H. S., Kim H. S. and Ahn S. M. (2005). Three-dimensional hydrodynamic-eutroph-

ication model (HEM-3D): Application to Kwang-Yang Bay, Korea. Marine Environmental 

Research 60(2), 171-93. 

Park S. S. and Lee Y. S. (2002). A water quality modeling study of the Nakdong River, Korea. 

Ecological Modelling 152(1), 65-75. 

Patil V. B. B., Pinto S. M., Govindaraju T., Hebbalu V. S., Bhat V. and Kannanur L. N. (2020). 

Multivariate statistics and water quality index (WQI) approach for geochemical assess-

ment of groundwater quality—a case study of Kanavi Halla Sub-Basin, Belagavi, India. En-

vironmental Geochemistry and Health 42(9), 2667-84. 

Perin G., Craboledda L., Lucchese M., Cirillo R., Dotta L., Zanette M. and Orio A. (1985). Heavy 

metal speciation in the sediments of northern Adriatic Sea. A new approach for environ-

mental toxicity determination. Heavy Metals in the Environment 2(1), 454-6. 

Pesce S. F. and Wunderlin D. A. (2000). Use of water quality indices to verify the impact of 

Córdoba City (Argentina) on Suquia River. Water Research 34(11), 2915-26. 

Piah, R. M., & Bucher, D. J. (2014). Reproductive Biology of Estuarine Pufferfish, Marilyna pleu-

rosticta and Tetractenos hamiltoni (Teleostei: Tetraodontidae) in Northern NSW: Implica-

tions for Biomonitoring. In Proceedings of the Linnean Society of New South Wales (Vol. 136, 

No. 1). 

Piper A. M. (1944). A graphic procedure in the geochemical interpretation of water‐anal-yses. 

Eos, Transactions American Geophysical Union 25(6), 914-28. 

Polprasert C. and Agarwalla B. (1994). A facultative pond model incorporating biofilm activ-

ity. Water Environment Research 66(5), 725-32. 

Poté J., Haller L., Loizeau J. L., Garcia Bravo A., Sastre V. and Wildi W. (2008). Effects of a sew-

age treatment plant outlet pipe extension on the distribution of contaminants in the sedi-

ments of the Bay of Vidy, Lake Geneva, Switzerland. Bioresource Technology 99(15), 7122-

31. 

Pourshahabi S., Nikoo M. R., Raei E. and Adamowski J. F. (2018a). An Entropy-Based Approach 

to Fuzzy Multi-Objective Optimization of Reservoir Water Quality Monitoring Networks 

Considering Uncertainties. Water Resources Management 32(13), 4425-43. 

Pourshahabi S., Talebbeydokhti N., Rakhshandehroo G. and Nikoo M. R. (2018b). Spatio-Tem-

poral Multi-Criteria Optimization of Reservoir Water Quality Monitoring Network Using 

Value of Information and Transinformation Entropy. Water Resources Management 

32(10), 3489-504. 

Prasanna M., Praveena S., Chidambaram S., Nagarajan R. and Elayaraja A. (2012). Evaluation 

of water quality pollution indices for heavy metal contamination monitoring: a case study 

from Curtin Lake, Miri City, East Malaysia. Environmental Earth Sciences 67(7), 1987-2001. 

Prokopkin I., Barkhatov Y. and Khromechek E. (2014). A one-dimensional model for phyto-

flagellate distribution in the meromictic lake. Ecological Modelling 288, 1-8. 

Proulx F., Rodriguez M. J., Sérodes J. B. and Miranda L. F. (2010). Factors influencing public 

perception and use of municipal drinking water. Water Science and Technology: Water Sup-

ply 10(3), 472-85. 

Qi Y., Wang Z. and Pei Y. (2012). Evaluation of water quality and nitrogen removal bacteria 

community in Fuhe River. Procedia Environmental Sciences 13, 1809-19. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 339 

Qiao B., Wang J., Huang L. and Zhu L. (2017). Characteristics and seasonal variations in the 

hydrochemistry of the Tangra Yumco basin, central Tibetan Plateau, and responses to the 

Indian summer monsoon. Environmental Earth Sciences 76(4), 162. 

Qing X., Yutong Z. and Shenggao L. (2015). Assessment of heavy metal pollution and human 

health risk in urban soils of steel industrial city (Anshan), Liaoning, Northeast China. Eco-

toxicology and Environmental Safety 120, 377-85. 

Raghunath H. M. (1987). Groundwater. Wiley Eastern Ltd., New Delhi. 

Rahman M. M., Asaduzzaman M. and Naidu R. (2013). Consumption of arsenic and other ele-

ments from vegetables and drinking water from an arsenic-contaminated area of Bangla-

desh. Journal of Hazardous Materials 262, 1056-63. 

Rajeshkumar S., Liu Y., Zhang X., Ravikumar B., Bai G. and Li X. (2018). Studies on seasonal 

pollution of heavy metals in water, sediment, fish and oyster from the Meiliang Bay of 

Taihu Lake in China. Chemosphere 191, 626-38. 

Rakotondrabe F., Ngoupayou J. R. N., Mfonka Z., Rasolomanana E. H., Abolo A. J. N. and Ako A. 

A. (2018). Water quality assessment in the Bétaré-Oya gold mining area (East-Cameroon): 

multivariate statistical analysis approach. Science of the Total Environment 610, 831-44. 

Ramadan S. (2014). Biomonitoring of water quality by aquatic plants: a case study of Bahr El-

Baqar drain, Egypt. In, M. Sc. Thesis, Botany department, Faculty of Science, Mansoura Uni-

versity. 

Ramesh S., Sukumaran N., Murugesan A. G. and Rajan M. P. (2010). An innovative approach of 

Drinking Water Quality Index-A case study from Southern Tamil Nadu, India. Ecological 

Indicators 10(4), 857-68. 

Rana R., Ganguly R. and Gupta A. K. (2018). Indexing method for assessment of pollution po-

tential of leachate from non-engineered landfill sites and its effect on ground water quality. 

Environmental monitoring and assessment 190(1), 46. 

Rao N. S., Sunitha B., Adimalla N. and Chaudhary M. (2020). Quality criteria for groundwater 

use from a rural part of Wanaparthy District, Telangana State, India, through ionic spatial 

distribution (ISD), entropy water quality index (EWQI) and principal component analysis 

(PCA). Environmental Geochemistry and Health 42(2), 579-99. 

Rasool A. and Xiao T. (2019). Distribution and potential ecological risk assessment of trace 

elements in the stream water and sediments from Lanmuchang area, southwest Guizhou, 

China. Environmental Science and Pollution Research 26(4), 3706-22. 

Ravikumar P., Somashekar R. and Prakash K. (2015). A comparative study on usage of Durov 

and Piper diagrams to interpret hydrochemical processes in groundwater from SRLIS river 

basin, Karnataka, India. Elixir International Journal 80, 31073-7. 

Reddy K. and Tucker J. (1983). Productivity and nutrient uptake of water hyacinth, Eichhornia 

crassipes I. Effect of nitrogen source. Economic Botany 37(2), 237-47. 

Reed, P. B. (1988). National List of Plant Species that Occur in Wetlands: National sum-

mary. United States: U.S. Department of the Interior, Fish and Wildlife Service, Research 

and Development. 

Reis M. M., Tuffi Santos L. D., da Silva A. J., de Pinho G. P. and Montes W. G. (2019). Metal Con-

tamination of Water and Sediments of the Vieira River, Montes Claros, Brazil. Archives of 

Environmental Contamination and Toxicology 77(4), 527-36. 

Reza R. and Singh G. (2010). Assessment of ground water quality status by using water quality 

index method in Orissa, India. World Applied Sciences Journal 9(12), 1392-7. 

TH-2896_176104004



Bibliography 

 

340 | Page Indian Institute of Technology Guwahati 

Rezaei A., Hassani H., Tziritis E., Fard Mousavi S. B. and Jabbari N. (2020). Hydrochemical 

characterization and evaluation of groundwater quality in Dalgan basin, SE Iran. Ground-

water for Sustainable Development 10, 100353. 

Ribeiro C. O., Vollaire Y., Sanchez-Chardi A. and Roche H. (2005). Bioaccumulation and the 

effects of organochlorine pesticides, PAH and heavy metals in the Eel (Anguilla anguilla) 

at the Camargue Nature Reserve, France. Aquatic Toxicology 74(1), 53-69. 

Rissmann C. W. F., Pearson L. K., Beyer M., Couldrey M. A., Lindsay J. L., Martin A. P., Baisden 

W. T., Clough T. J., Horton T. W. and Webster-Brown J. G. (2019). A hydrochemically guided 

landscape classification system for modelling spatial variation in multiple water quality 

indices: Process-attribute mapping. Science of the Total Environment 672, 815-33. 

Romano E., Ausili A., Zharova N., Magno M. C., Pavoni B. and Gabellini M. (2004). Marine sedi-

ment contamination of an industrial site at Port of Bagnoli, Gulf of Naples, Southern Italy. 

Marine Pollution Bulletin 49(5-6), 487-95. 

Romero E., Le Gendre R., Garnier J., Billen G., Fisson C., Silvestre M. and Riou P. (2016). Long-

term water quality in the lower Seine: Lessons learned over 4 decades of monitoring. En-

vironmental Science & Policy 58, 141-54. 

Roper D. S., Thrush S. F. and Smith D. G. (1988). The influence of runoff on intertidal mudflat 

benthic communities. Marine Environmental Research 26(1), 1-18. 

Ross S. (1977). An index system for classifying river water quality. Water Pollution Control; 

G.B.; DA; 76(1); pp. 113-122 

Rukhovets L., Astrakhantsev G., Menshutkin V., Minina T., Petrova N. and Poloskov V. (2003). 

Development of Lake Ladoga ecosystem models: modeling of the phytoplankton succes-

sion in the eutrophication process. I. Ecological Modelling 165(1), 49-77. 

Rusydi, A. F. (2018). Correlation between conductivity and total dissolved solid in various 

type of water: a review. In IOP conference series: earth and environmental science. IOP Pub-

lishing, Bristol, p 012019. 

Sabia G., Petta L., Moretti F. and Ceccarelli R. (2018). Combined statistical techniques for the 

water quality analysis of a natural wetland and evaluation of the potential implementation 

of a FWS for the area restoration: The Torre Flavia case study, Italy. Ecological Indicators 

84, 244-53. 

Saeedi M., Abessi O., Sharifi F. and Meraji H. (2010). Development of groundwater quality in-

dex. Environmental Monitoring and Assessment 163(1-4), 327-35. 

Saha N., Mollah M., Alam M. and Rahman M. S. (2016). Seasonal investigation of heavy metals 

in marine fishes captured from the Bay of Bengal and the implications for human health 

risk assessment. Food Control 70, 110-8. 

Saharia A. M. and Sarma A. K. (2018). Future climate change impact evaluation on hydro-logic 

processes in the Bharalu and Basistha basins using SWAT model. Natural Hazards 92(3), 

1463-88. 

Sahoo M. M., Patra K. C., Swain J. B. and Khatua K. K. (2017). Evaluation of water quality with 

application of Bayes' rule and entropy weight method. European Journal of Environmental 

and Civil Engineering 21(6), 730-52. 

Sahu B. K., Begum M., Khadanga M., Jha D. K., Vinithkumar N. and Kirubagaran R. (2013). Eval-

uation of significant sources influencing the variation of physico-chemical parameters in 

Port Blair Bay, South Andaman, India by using multivariate statistics. Marine Pollution Bul-

letin 66(1-2), 246-51. 

Sahu P. and Sikdar P. K. (2008). Hydrochemical framework of the aquifer in and around East 

Kolkata Wetlands, West Bengal, India. Environmental Geology 55(4), 823-35. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 341 

Said A., Stevens D. K. and Sehlke G. (2004). An innovative index for evaluating water quality 

in streams. Environmental Management 34(3), 406-14. 

Saikia, P. K., & Bhattacharjee, P. C. (1987, February). A study of the avifauna of Deepor Beel: A 

potential bird sanctuary in Assam. In Malaysian Wetland and Waterfowl Conservation in 

Asia. Proceedings of the Conference in Malacca (pp. 23-28). 

Saikia, P. K. (2005). Qualitative and quantitative study of lower and higher organisms and 

their functional role in the Deepor Beel ecosystem. Project report submitted to North East-

ern Space Applications Centre (NESAC), Department of Space, Government of India, Umium, 

Meghalaya, Shillong, 97pp. 

Sajn R. (2003). Distribution of chemical elements in attic dust and soil as reflection of lithology 

and anthropogenic influence in Slovenia. In: Journal de Physique IV (Proceedings), EDP Sci-

ences, pp. 1173-6. 

Salomons W. and Förstner U. (1980). Trace metal analysis on polluted sediments: part II: eval-

uation of environmental impact. Environmental Technology 1(11), 506-17. 

Samanta S., Kumar V., Nag S. K., Raman R. K., Saha K., Bandyopadhyay S., Mohanty B. P. and 

Das B. K. (2020). Metal contaminations in sediment and associated ecological risk assess-

ment of river Mahanadi, India. Environmental Monitoring and Assessment 192, 1-17. 

Sánchez E., Colmenarejo M. F., Vicente J., Rubio A., García M. G., Travieso L. and Borja R. (2007). 

Use of the water quality index and dissolved oxygen deficit as simple indicators of water-

sheds pollution. Ecological Indicators 7(2), 315-28. 

Sarika D., Singh J., Prasad R., Vishan I., Varma V. S. and Kalamdhad A. S. (2014). Study of phys-

ico-chemical and biochemical parameters during rotary drum composting of water hya-

cinth. International Journal of Recycling of Organic Waste in Agriculture 3(3), 9. 

Sarkar B. C., Mahanta B. N., Saikia K., Paul P. R. and Singh G. (2007). Geo-environmental quality 

assessment in Jharia coalfield, India, using multivariate statistics and geographic infor-

mation system. Environmental Geology 51(7), 1177. 

Scavia D. (1980). An ecological model of Lake Ontario. Ecological Modelling 8, 49-78. 

Scheili A., Delpla I. and Rodriguez M. J. (2020). Development of a drinking water quality index 

based on a participatory procedure using mixed multicriteria methods. Environmental 

Monitoring and Assessment 192(8), 1-14. 

Schnoor J. L., Light L. A., McCutcheon S. C., Wolfe N. L. and Carreia L. H. (1995). Phytoremedi-

ation of organic and nutrient contaminants. Environmental Science & Technology 29(7), 

318A-23A. 

Schults D. W., Ferraro S. P., Ditsworth G. R. and Sercu K. A. (1987). Selected chemical contam-

inants in surface sediments of Commencement Bay and the Tacoma Waterways, Washing-

ton, USA. Marine Environmental Research 22(4), 271-95. 

Seitzinger S. P., Mayorga E., Bouwman A. F., Kroeze C., Beusen A. H. W., Billen G., Van Drecht 

G., Dumont E., Fekete B. M., Garnier J. and Harrison J. A. (2010). Global river nutrient ex-

port: A scenario analysis of past and future trends. Global Biogeochemical Cycles 24(2). 

Sekhar K. C., Chary N., Kamala C., Raj D. S. and Rao A. S. (2004). Fractionation studies and 

bioaccumulation of sediment-bound heavy metals in Kolleru lake by edible fish. Environ-

ment International 29(7), 1001-8. 

Selvakumar S., Ramkumar K., Chandrasekar N., Magesh N. and Kaliraj S. (2017). Ground-water 

quality and its suitability for drinking and irrigational use in the Southern Tiruchirappalli 

district, Tamil Nadu, India. Applied Water Science 7(1), 411-20. 

TH-2896_176104004



Bibliography 

 

342 | Page Indian Institute of Technology Guwahati 

Semiromi F. B., Hassani A., Torabian A., Karbassi A. and Lotfi F. H. (2011). Evolution of a new 

surface water quality index for Karoon catchment in Iran. Water Science and Technology 

64(12), 2483-91. 

Şener S., Şener E. and Davraz A. (2017a). Assessment of groundwater quality and health risk 

in drinking water basin using GIS. Journal of Water and Health 15(1), 112-32. 

Şener Ş., Şener E. and Davraz A. (2017b). Evaluation of water quality using water quality index 

(WQI) method and GIS in Aksu River (SW-Turkey). Science of the Total Environment 584, 

131-44. 

Shannon, C. E. (1949). The Mathematical Theory of Communication, by CE Shannon (and Recent 

Contributions to the Mathematical Theory of Communication), W. Weaver. University of Il-

linois Press. 

Sharma B. (2011). Zooplankton communities of Deepor Beel (a Ramsar site), Assam (N. E. 

India): ecology, richness, and abundance. Tropical Ecology 52(3), 293-302. 

Sharma S., Nagpal A. K. and Kaur I. (2019). Appraisal of heavy metal contents in groundwater 

and associated health hazards posed to human population of Ropar wetland, Punjab, India 

and its environs. Chemosphere 227, 179-90. 

Shastry J., Fan L. and Erickson L. (1972). Analysis of water quality data using spectral analysis. 

Water, Air, and Soil Pollution 1(3), 233-56. 

Sheela A. M., Letha J., Joseph S. and Thomas J. (2012). Assessment of heavy metal contamina-

tion in coastal lake sediments associated with urbanization: Southern Kerala, India. Lakes 

and Reservoirs: Research and Management 17(2), 97-112. 

Shrestha S. and Kazama F. (2007). Assessment of surface water quality using multivariate sta-

tistical techniques: A case study of the Fuji river basin, Japan. Environmental Modelling & 

Software 22(4), 464-75. 

Siddiqui E. and Pandey J. (2019). Assessment of heavy metal pollution in water and surface 

sediment and evaluation of ecological risks associated with sediment contamination in the 

Ganga River: a basin-scale study. Environmental Science and Pollution Research 26(11), 

10926-40. 

Siddiqui E., Verma K., Pandey U. and Pandey J. (2019). Metal Contamination in Seven Tribu-

taries of the Ganga River and Assessment of Human Health Risk from Fish Consumption. 

Archives of Environmental Contamination and Toxicology 77(2), 263-78. 

Siegel D. A., Doney S. C. and Yoder J. A. (2002). The North Atlantic spring phytoplankton bloom 

and Sverdrup's critical depth hypothesis. Science 296(5568), 730-3. 

Simeonov V., Stratis J., Samara C., Zachariadis G., Voutsa D., Anthemidis A., Sofoniou M. and 

Kouimtzis T. (2003). Assessment of the surface water quality in Northern Greece. Water 

Research 37(17), 4119-24. 

Simões F. D. S., Moreira A. B., Bisinoti M. C., Gimenez S. M. N. and Yabe M. J. S. (2008). Water 

quality index as a simple indicator of aquaculture effects on aquatic bodies. Ecological In-

dicators 8(5), 476-84. 

Singaraja C., Chidambaram S., Anandhan P., Prasanna M. V., Thivya C., Thilagavathi R. and Sa-

rathidasan J. (2014). Determination of the utility of groundwater with respect to the geo-

chemical parameters: A case study from Tuticorin District of Tamil Nadu (India). Environ-

ment, Development and Sustainability 16(3), 689-721. 

Singaraju S., Pasupuleti S., Hernandez E. A. and Uddameri V. (2018). Prioritizing Ground-wa-

ter Monitoring in Data Sparse Regions using Atanassov Intuitionistic Fuzzy Sets (A-IFS). 

Water Resources Management 32(4), 1483-99. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 343 

Singh A. K., Mondal G., Kumar S., Singh T., Tewary B. and Sinha A. (2008). Major ion chemistry, 

weathering processes and water quality assessment in upper catchment of Damodar River 

basin, India. Environmental Geology 54(4), 745-58. 

Singh B., Chauhan J. S. and Mohan A. (2012). A construction of water quality index considering 

physicochemical properties for drinking purposes in a rural settlement: a case study of 

Gajraula region, Ganga River Basin (North India). Water Science and Technology: Water 

Supply 12(6), 818-28. 

Singh K. P., Malik A. and Sinha S. (2005a). Water quality assessment and apportionment of 

pollution sources of Gomti river (India) using multivariate statistical techniques—a case 

study. Analytica Chimica Acta 538(1-2), 355-74. 

Singh K. P., Malik A., Mohan D. and Sinha S. (2004). Multivariate statistical techniques for the 

evaluation of spatial and temporal variations in water quality of Gomti River (India)—a 

case study. Water Research 38(18), 3980-92. 

Singh K. P., Malik A., Sinha S., Singh V. K. and Murthy R. C. (2005b). Estimation of source of 

heavy metal contamination in sediments of Gomti River (India) using principal component 

analysis. Water, Air, and Soil Pollution 166(1), 321-41. 

Singh K. R., Dutta R., Kalamdhad A. S. and Kumar B. (2018). Risk characterization and surface 

water quality assessment of Manas River, Assam (India) with an emphasis on the TOPSIS 

method of multi-objective decision making. Environmental Earth Sciences 77(23), 1-10. 

Singh K. R., Dutta R., Kalamdhad A. S. and Kumar B. (2019a). Information entropy as a tool in 

surface water quality assessment. Environmental Earth Sciences 78(1),15. 

Singh K. R., Goswami A. P., Kalamdhad A. S. and Kumar B. (2019b). Assessment of surface wa-

ter quality of Pagladia, Beki and Kolong river (Assam, India) using multivariate statistical 

techniques. International Journal of River Basin Management 18(4), 511-520. 

Singh K. R., Goswami A. P., Kalamdhad A. S. and Kumar B. (2020). Development of irrigation 

water quality index incorporating information entropy. Environment, Development and 

Sustainability 22(4), 3119-32. 

Singh N., Kaur M. and Kaur Katnoria J. (2017). Spatial and Temporal Heavy Metal Distribution 

and Surface Water Characterization of Kanjli Wetland (a Ramsar site), India Using Differ-

ent Indices. Bulletin of Environmental Contamination and Toxicology 99(6), 735-42. 

Singh P. and Khan I. (2011). Ground water quality assessment of Dhankawadi ward of Pune 

by using GIS. International Journal of Geomatics and Geosciences 2(2), 688-703. 

Singh S. K., Singh P. and Gautam S. K. (2016). Appraisal of urban lake water quality through 

numerical index, multivariate statistics and earth observation data sets. International Jour-

nal of Environmental Science and Technology 13(2), 445-56. 

Sinha, A. K., & Nazimuddin, M. (2008). Evaluation of Operation and Maintenance of Sewage 

Treatment Plants in India—2007. Delhi: Central Pollution Control Board, Ministry of Envi-

ronment and Forests, Government of India. 

Smith D. G. (1990). A better water quality indexing system for rivers and streams. Water Re-

search 24(10), 1237-44. 

Smith V. H. and Schindler D. W. (2009). Eutrophication science: where do we go from here? 

Trends in Ecology & Evolution 24(4), 201-7. 

Sobihah N. N., Zaharin A. A., Nizam M. K., Juen L. L. and Kyoung-Woong K. (2018). Bioaccumu-

lation of heavy metals in maricultured fish, Lates calcarifer (Barramudi), Lutjanus campe-

chanus (red snapper) and Lutjanus griseus (grey snapper). Chemosphere 197, 318-24. 

TH-2896_176104004



Bibliography 

 

344 | Page Indian Institute of Technology Guwahati 

Soliman N. F., El Zokm G. M. and Okbah M. A. (2018). Risk assessment and chemical fraction-

ation of selected elements in surface sediments from Lake Qarun, Egypt using modified 

BCR technique. Chemosphere 191, 262-71. 

Song T. and Kim K. (2009). Development of a water quality loading index based on water 

quality modeling. Journal of Environmental Management 90(3), 1534-43. 

Soons M. B., Heil G. W., Nathan R. and Katul G. G. (2004). Determinants of long-distance seed 

dispersal by wind in grasslands. Ecology 85(11), 3056-68. 

Sørensen J. (1978). Capacity for denitrification and reduction of nitrate to ammonia in a 

coastal marine sediment. Applied and Environmental Microbiology 35(2), 301-5. 

SRDD (1976). Development of a water quality index. Scottish Research Development Depart-

ment, Engineering Division, Edinburg, UK. 

Srivastava P. K., Singh S. K., Gupta M., Thakur J. K. and Mukherjee S. (2013). Modeling impact 

of land use change trajectories on groundwater quality using remote sensing and GIS. En-

vironmental Engineering & Management Journal (EEMJ) 12(12), 2343-55. 

Srivastava P., Mukherjee S., Gupta M. and Singh S. (2011). Characterizing monsoonal variation 

on water quality index of River Mahi in India using geographical information system. Wa-

ter Quality, Exposure and Health 2(3-4), 193-203. 

St-Cyr L. and Campbell P. G. C. (2000). Bioavailability of sediment-bound metals for Vallisneria 

americana Michx, a submerged aquatic plant, in the St. Lawrence River. Canadian Journal 

of Fisheries and Aquatic Sciences 57(7), 1330-41. 

Streeter H. W. and Phelps E. B. (1925). A Study of the Pollution and Natural Purification of the 

Ohio River, Department of Health, Education, & Welfare. 

Su H., Kang W., Xu Y. and Wang J. (2017a). Assessing Groundwater Quality and Health Risks 

of Nitrogen Pollution in the Shenfu Mining Area of Shaanxi Province, North-west China. 

Exposure and Health, 10(2), 77-97. 

Su H., Kang W., Xu Y. and Wang J. (2017b). Assessment of Groundwater Quality and Health 

Risk in the Oil and Gas Field of Dingbian County, Northwest China. Exposure and Health 

9(4), 227-42. 

Su H.-N. and Lee P.-C. (2010). Mapping knowledge structure by keyword co-occurrence: a first 

look at journal papers in Technology Foresight. Scientometrics 85(1), 65-79. 

Subba Rao N. (2020). Spatial distribution of quality of groundwater and probabilistic non-

carcinogenic risk from a rural dry climatic region of South India. Environmental Geochem-

istry and Health 43(2), 971-993. 

Subba Rao N., Sunitha B., Adimalla N. and Chaudhary M. (2020). Quality criteria for ground-

water use from a rural part of Wanaparthy District, Telangana State, India, through ionic 

spatial distribution (ISD), entropy water quality index (EWQI) and principal component 

analysis (PCA). Environmental Geochemistry and Health 42(2), 579-99. 

Subramani T., Elango L., Srinivasalu S. and Marikio T. (2005). Geological setting and ground-

water chemistry in Chithar River basin, Tamil Nadu, India. Journal of Indian Mineralogist 

39(2), 108-19. 

Sun B., Zhao F., Lombi E. and McGrath S. (2001). Leaching of heavy metals from contaminated 

soils using EDTA. Environmental Pollution 113(2), 111-20. 

Sun W., Xia C., Xu M., Guo J. and Sun G. (2016). Application of modified water quality indices 

as indicators to assess the spatial and temporal trends of water quality in the Dongjiang 

River. Ecological Indicators 66, 306-12. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 345 

Sun Y., Zhou Q., Xie X. and Liu R. (2010). Spatial, sources and risk assessment of heavy metal 

contamination of urban soils in typical regions of Shenyang, China. Journal of Hazardous 

Materials 174(1-3), 455-62. 

Sutadian A. D., Muttil N., Yilmaz A. G. and Perera B. J. C. (2016). Development of river water 

quality indices—a review. Environmental Monitoring and Assessment 188(1), 1-29. 

Sutadian A. D., Muttil N., Yilmaz A. G. and Perera B. J. C. (2017). Using the Analytic Hierarchy 

Process to identify parameter weights for developing a water quality index. Ecological In-

dicators 75, 220-33. 

Sutherland R. A. (2010). BCR®-701: A review of 10-years of sequential extraction analyses. 

Analytica Chimica Acta 680(1-2), 10-20. 

Swamee P. K. and Tyagi A. (2000). Describing water quality with aggregate index. Journal of 

Environmental Engineering 126(5), 451-5. 

Syvitski J. P., Vörösmarty C. J., Kettner A. J. and Green P. (2005). Impact of humans on the flux 

of terrestrial sediment to the global coastal ocean. Science 308(5720), 376-80. 

Tabachnick, B. G., Fidell, L. S., & Ullman, J. B. (2007). Using multivariate statistics (Vol. 5, pp. 

481-498). Boston, MA: Pearson. 

Taguchi K. and Nakata K. (2009). Evaluation of biological water purification functions of in-

land lakes using an aquatic ecosystem model. Ecological Modelling 220(18), 2255-71. 

Taweel A., Shuhaimi-Othman M. and Ahmad A. (2013). Assessment of heavy metals in tilapia 

fish (Oreochromis niloticus) from the Langat River and Engineering Lake in Bangi, Malay-

sia, and evaluation of the health risk from tilapia consumption. Ecotoxicology and Environ-

mental Safety 93, 45-51. 

Tchounwou P. B., Yedjou C. G., Patlolla A. K. and Sutton D. J. (2012). Heavy metal toxicity and 

the environment. In: Molecular, Clinical and Environmental Toxicology, Springer, pp. 133-

64. 

Teikeu W. A., Meli’i J. L., Nouck P. N., Tabod T. C., Nyam F. E. A. and Aretouyap Z. (2016). As‐

sessment of groundwater quality in Yaoundé area, Cameroon, using geostatistical and sta-

tistical approaches. Environmental Earth Sciences 75(1), 21. 

Teodorović I. (2009). Ecotoxicological research and related legislation in Serbia. Environmen-

tal Science and Pollution Research 16(1), 123-129. 

Terrado M., Barceló D., Tauler R., Borrell E. and de Campos S. (2010). Surface-water-quality 

indices for the analysis of data generated by automated sampling networks. TrAC Trends 

in Analytical Chemistry 29(1), 40-52. 

Tessier A., Campbell P. G. and Bisson M. (1979). Sequential extraction procedure for the spe-

ciation of particulate trace metals. Analytical Chemistry 51(7), 844-51. 

Thi Minh Hanh P., Sthiannopkao S., The Ba D. and Kim K. W. (2011). Development of water 

quality indexes to identify pollutants in Vietnam's surface water. Journal of Environmental 

Engineering 137(4), 273-83. 

Thomas F. M., Blank R. and Hartmann G. (2002). Abiotic and biotic factors and their interac-

tions as causes of oak decline in Central Europe. Forest Pathology 32(4-5), 277-307. 

Tian L., Zhu X., Wang L., Du P., Peng F. and Pang Q. (2020). Long-term trends in water quality 

and influence of water recharge and climate on the water quality of brackish-water lakes: 

A case study of Shahu Lake. Journal of Environmental Management 276, 111290. 

Tian Y., Jiang Y., Liu Q., Dong M., Xu D., Liu Y. and Xu X. (2019). Using a water quality index to 

assess the water quality of the upper and middle streams of the Luanhe River, northern 

China. Science of the Total Environment 667, 142-51. 

TH-2896_176104004



Bibliography 

 

346 | Page Indian Institute of Technology Guwahati 

Tiwari T. and Mishra M. (1985). A preliminary assignment of water quality index of major 

Indian rivers. Indian J Environ Prot 5(4), 276-9. 

Todd A. S., Manning A. H., Verplanck P. L., Crouch C., McKnight D. M. and Dunham R. (2012). 

Climate-change-driven deterioration of water quality in a mineralized watershed. Environ-

mental Science & Technology 46(17), 9324-32. 

Todd, D. K. (1980). Groundwater Hydrogeology ed. 2nd. John Willey and Sons, New York, 537. 

Tokatli C. (2019). Sediment quality of Ergene River Basin: bio–ecological risk assessment of 

toxic metals. Environmental Monitoring and Assessment 191(11), 1-12. 

Tresguerres M., Buck J. and Levin L. R. (2010). Physiological carbon dioxide, bicarbonate, and 

pH sensing. Pflügers Archiv-European Journal of Physiology 460(6), 953-64. 

Tripathi M. and Singal S. K. (2019). Use of Principal Component Analysis for parameter selec-

tion for development of a novel Water Quality Index: A case study of river Ganga India. 

Ecological Indicators 96, 430-6. 

Trolle D., Skovgaard H. and Jeppesen E. (2008). The Water Framework Directive: Setting the 

phosphorus loading target for a deep lake in Denmark using the 1D lake ecosystem model 

DYRESM–CAEDYM. Ecological Modelling 219(1-2), 138-52. 

Tsegaye T., Sheppard D., Islam K., Tadesse W., Atalay A. and Marzen L. (2006). Development 

of chemical index as a measure of in-stream water quality in response to land-use and land 

cover changes. Water, Air, and Soil Pollution 174(1-4), 161-79. 

Turner R., Van Den Bergh J., Soderqvist T., Barendregt A., Van der Straaten J., Maltby E. and 

van Ireland E. (2000). The values of wetlands: landscape and institutional perspectives. 

Ecological Economics 35(3), 7-23. 

Tyokumbur E. T. (2016). Bioaccumulation of heavy metals in the fish species Sarotherodon 

melanotheron from Alaro Stream Ecosystem in Ibadan. New York Science Journal 9(2), 83-

88. 

Tyrrell T. (1999). The relative influences of nitrogen and phosphorus on oceanic primary pro-

duction. Nature 400(6744), 525-31. 

U.S.S.L (1954). Diagnosis and improvement of saline and alkali soils. Handbook no. 60. US De-

partment of Agriculture, Washington, DC. 

Ukah B., Ameh P., Egbueri J., Unigwe C. and Ubido O. (2020). Impact of effluent-derived heavy 

metals on the groundwater quality in Ajao industrial area, Nigeria: an assessment using 

entropy water quality index (EWQI). International Journal of Energy and Water Resources 

4, 231- 244. 

USEPA (1991). Human Health Evaluation Manual, Supplemental Guidance: Standard Default 

Exposure Factors. Office of Solid Waste and Emergency Response. Washington D.C. OSWER 

Directive 9285:6–03. 

USEPA (1997). Exposure factors handbook. EPA/600/P-95/002F. Washington, DC: Environ-

mental Protection Agency, Office of Research and Development. 

USEPA (2006). Risk-based concentration table. http://www.epa.gov/reg3hwmd/risk/hu-

man/rbc/rbc1006.pdf, Washington DC, Philadelphia. 

USEPA (2011). Exposure factors handbook ed. (Final); 2011. 

http://cfpub.epa.gov/ncea/risk/recordisplay.cfm?deidD236252. 

USEPA. (2000). Guidance for assessing chemical contaminant data for use in fish advisories. Risk 

assessment and fish consumption limits. (3rd ed., Vol. 2). United States Environmental Pro-

tection Agency (4305). 

USEPA. (2002). Supplemental guidance for developing soil screening levels for superfund sites, 

OSWER 9355. Office of Emergency and Remedial Response. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 347 

USEPA. (2010). Risk assessment guidance for superfund volume I: Human health evaluation 

manual (part A). United States Environmental Protection Agency. 

Ustaoğlu F. and Tepe Y. (2019). Water quality and sediment contamination assessment of Pa-

zarsuyu Stream, Turkey using multivariate statistical methods and pollution indicators. 

International Soil and Water Conservation Research 7(1), 47-56. 

Ustaoğlu F., Tepe Y. and Taş B. (2020). Assessment of stream quality and health risk in a sub‐

tropical Turkey river system: A combined approach using statistical analysis and water 

quality index. Ecological Indicators 113, 105815. 

Van Dam A., Dardona A., Kelderman P. and Kansiime F. (2007). A simulation model for nitro-

gen retention in a papyrus wetland near Lake Victoria, Uganda (East Africa). Wetlands 

Ecology and Management 15(6), 469-80. 

Van Eck, N. J., & Waltman, L. (2014). Visualizing bibliometric networks. In Measuring scholarly 

impact (pp. 285-320). Springer, Cham. 

Varol M. (2011). Assessment of heavy metal contamination in sediments of the Tigris River 

(Turkey) using pollution indices and multivariate statistical techniques. Journal of Hazard-

ous Materials 195, 355-64. 

Varol M. (2020a). Environmental, ecological and health risks of trace metals in sediments of 

a large reservoir on the Euphrates River (Turkey). Environmental Research 187, 109664. 

Varol M. (2020b). Use of water quality index and multivariate statistical methods for the eval-

uation of water quality of a stream affected by multiple stressors: a case study. Environ-

mental Pollution 266, 115417. 

Varol M. and Şen B. (2012). Assessment of nutrient and heavy metal contamination in surface 

water and sediments of the upper Tigris River, Turkey. Catena 92, 1-10. 

Varol S. and Davraz A. (2015). Evaluation of the groundwater quality with WQI (Water Quality 

Index) and multivariate analysis: a case study of the Tefenni plain (Burdur/Turkey). Envi-

ronmental Earth Sciences 73(4), 1725-44. 

Vasanthavigar M., Srinivasamoorthy K., Vijayaragavan K., Rajiv Ganthi R., Chidambaram S., 

Anandhan P., Manivannan R. and Vasudevan S. (2010). Application of water quality index 

for groundwater quality assessment: Thirumanimuttar sub-basin, Tamilnadu, India. Envi-

ronmental Monitoring and Assessment 171(1-4), 595-609. 

Vaverková M. D., Adamcová D., Radziemska M., Voběrková S., Mazur Z. and Zloch J. (2018). 

Assessment and evaluation of heavy metals removal from landfill leachate by Pleurotus 

ostreatus. Waste and Biomass Valorization 9(3), 503-11. 

Vega M., Pardo R., Barrado E. and Debán L. (1998). Assessment of seasonal and polluting ef-

fects on the quality of river water by exploratory data analysis. Water Research 32(12), 

3581-92. 

Verma I., Koppar A., Balasubramanian R., Jadhav V. and Erande R. (2012). Monthly climatic 

water balance at selected locations in India. MAUSAM 63(1), 129-36. 

Villanueva M. C. and Ibarra A. A. (2016). Assessing the ecological stress in a Garonne River 

stretch, southwest France. Ecological Indicators 67, 466-73. 

Vu C. T., Lin C., Shern C.-C., Yeh G. and Tran H. T. (2017). Contamination, ecological risk and 

source apportionment of heavy metals in sediments and water of a contaminated river in 

Taiwan. Ecological Indicators 82, 32-42. 

Wagh V. M., Panaskar D. B., Muley A. A. and Mukate S. V. (2017). Groundwater suitability eval-

uation by CCME WQI model for Kadava River Basin, Nashik, Maharashtra, India. Modeling 

Earth Systems and Environment 3(2), 557-65. 

TH-2896_176104004



Bibliography 

 

348 | Page Indian Institute of Technology Guwahati 

Wanda E. M. M., Gulula L. C. and Kushe J. (2014). An assessment of effectiveness of the 

Lunyangwa River catchment co-management model in Mzuzu City, Northern Malawi. Phys-

ics and Chemistry of the Earth 72, 96-103. 

Wang D., Singh V. P., Zhu Y. s. and Wu J. c. (2009). Stochastic observation error and uncertainty 

in water quality evaluation. Advances in Water Resources 32(10), 1526-34. 

Wang D., Wu J., Wang Y. and Ji Y. (2020). Finding High-Quality Groundwater Resources to Re-

duce the Hydatidosis Incidence in the Shiqu County of Sichuan Province, China: Analysis, 

Assessment, and Management. Exposure and Health 12(2), 307-22. 

Wang J. Z., Peng S. C., Chen T. H. and Zhang L. (2016). Occurrence, source identification and 

ecological risk evaluation of metal elements in surface sediment: toward a comprehensive 

understanding of heavy metal pollution in Chaohu Lake, Eastern China. Environmental Sci-

ence and Pollution Research 23(1), 307-14. 

Wang J., Hu M., Zhang F. and Gao B. (2018). Influential factors detection for surface water 

quality with geographical detectors in China. Stochastic Environmental Research and Risk 

Assessment 32(9), 2633-45. 

Wang J., Liu G., Liu H. and Lam P. K. (2017). Multivariate statistical evaluation of dissolved 

trace elements and a water quality assessment in the middle reaches of Huaihe River, An-

hui, China. Science of the Total Environment 583, 421-31. 

Ward R. C., Loftis J. C. and McBride G. B. (1986). The “data-rich but information-poor” syn‐

drome in water quality monitoring. Environmental management 10(3), 291-7. 

Warren L. (1981). Contamination of sediments by lead, zinc and cadmium: a review. Environ-

mental Pollution Series B, Chemical and Physical 2(6), 401-36. 

Weiping H., Jørgensen S. E., Fabing Z., Yonggen C., Zhixin H. and Longyuan Y. (2011). A model 

on the carbon cycling in Lake Taihu, China. Ecological Modelling 222(16), 2973-91. 

Wertz T. A. and Shank M. K. (2019). Land use from water quality: development of a water 

quality index across Pennsylvania streams. Ecosphere 10(11), e02947. 

Whittaker G., Barnhart B., Färe R. and Grosskopf S. (2015). Application of index number the-

ory to the construction of a water quality index: Aggregated nutrient loadings related to 

the areal extent of hypoxia in the northern Gulf of Mexico. Ecological Indicators 49, 162-8. 

WHO (1970). European standards for drinking-water. World Health Organization. 

WHO (2006). Guidelines for drinking-water quality [electronic resource]: incorporating first ad-

dendum. Vol. 1, Recommendations. – 3rd ed., Geneva. 

WHO (2011). Guidelines for drinking-water quality. In: World Health Organization, Geneva, 

pp. 303-304. 

WHO. (2012). Codex Alimentarius Committee: Joint FAO/WHO Food Standards Programme Co-

dex Committee on Contaminants in Foods, Sixth Session (pp. 26–30). 

WHO/FAO/IAEA (1996). Trace elements in human nutrition and health. World Health Organ-

ization, Geneva, Switzerland. 

Wilbur S. B., Hansen H., Pohl H., Colman J. and McClure P. (2004). Using the ATSDR guidance 

manual for the assessment of joint toxic action of chemical mixtures. Environmental Toxi-

cology and Pharmacology 18(3), 223-30. 

Wilcox L (1955) Classification and use of irrigation waters. US Department of Agriculture, USA. 

Wildi W., Dominik J., Loizeau J. L., Thomas R. L., Favarger P. Y., Haller L., Perroud A. and Pey-

tremann C. (2004). River, reservoir and lake sediment contamination by heavy metals 

downstream from urban areas of Switzerland. Lakes & Reservoirs: Research & Management 

9(1), 75-87. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 349 

Wilks DS (2011) Statistical methods in the atmospheric sciences, 3rd edn. Academic press, San 

Diego. 

Wilson C. O. (2015). Land use/land cover water quality nexus: quantifying anthropogenic in-

fluences on surface water quality. Environmental Monitoring and Assessment 187(7), 424. 

Wong P. (1988). Mutagenicity of heavy metals. Bulletin of Environmental Contamination and 

Toxicology 40(4), 597-603. 

Wu B., Zhao D., Jia H., Zhang Y., Zhang X. and Cheng S. (2009). Preliminary risk assess-ment of 

trace metal pollution in surface water from Yangtze River in Nanjing Section, China. Bulle-

tin of Environmental Contamination and Toxicology 82(4), 405-9. 

Wu C., Wu X., Qian C. and Zhu G. (2018a). Hydrogeochemistry and groundwater quality as-

sessment of high fluoride levels in the Yanchi endorheic region, northwest China. Applied 

Geochemistry 98, 404-17. 

Wu C., Wu X., Zhu G., Qian C., Mu W. P. and Zhang Y. Z. (2018b). Influence of a power plant in 

Ezhou City on the groundwater environment in the nearby area. Environmental Earth Sci-

ences 77(13), 1-13. 

Wu J. and Sun Z. (2016). Evaluation of Shallow Groundwater Contamination and Associated 

Human Health Risk in an Alluvial Plain Impacted by Agricultural and Industrial Activities, 

Mid-west China. Exposure and Health 8(3), 311-29. 

Wu J., Xue C., Tian R. and Wang S. (2017). Lake water quality assessment: a case study of Shahu 

Lake in the semiarid loess area of northwest China. Environmental Earth Sciences 76(5), 

232. 

Wu J., Zhao Z. Q., Meng J. L. and Zhou T. (2020). Analysis on water quality of the Tibetan plat-

eau based on the major ions and trace elements in the Niyang River Basin. Applied Ecology 

and Environmental Research 18(2), 3729-40. 

Wu S., Zou S., Liang G., Qian G. and He Z. (2018c). Enhancing recovery of magnesium as struvite 

from landfill leachate by pre-treatment of calcium with simultaneous reduction of liquid 

volume via forward osmosis. Science of the Total Environment 610, 137-46. 

Wu Y. and Chen J. (2013). Investigating the effects of point source and nonpoint source pollu-

tion on the water quality of the East River (Dongjiang) in South China. Ecological Indicators 

32, 294-304. 

Wu Z., Wang X., Chen Y., Cai Y. and Deng J. (2018d). Assessing river water quality using water 

quality index in Lake Taihu Basin, China. Science of the Total Environment 612, 914-22. 

Xiao J., Wang L., Deng L. and Jin Z. (2019). Characteristics, sources, water quality and health 

risk assessment of trace elements in river water and well water in the Chinese Loess Plat-

eau. Science of the Total Environment 650, 2004-12. 

Xiao L., Zhang Q., Niu C. and Wang H. (2020). Spatiotemporal patterns in river water quality 

and pollution source apportionment in the arid beichuan river basin of north western 

china using positive matrix factorization receptor modeling techniques. International Jour-

nal of Environmental Research and Public Health 17(14), 1-15. 

Xiao Y., Yin S., Hao Q., Gu X., Pei Q. and Zhang Y. (2020). Hydrogeochemical appraisal of 

groundwater quality and health risk in a near-suburb area of North China. Journal of Water 

Supply: Research and Technology - AQUA 69(1), 55-69. 

Xiao-Nan L., Ci-Fu M., Wan-Zhu M. and Xiao-Jia C. (2005). Effects of agrochemicals and wastes 

on soil environment and food safety. Chinese Journal of Eco-Agriculture 13(4), 150-153. 

Xu F. L., Tao S., Dawson R. W., Li P. G. and Cao J. (2001). Lake ecosystem health assessment: 

Indicators and methods. Water Research 35(13), 3157-67. 

TH-2896_176104004



Bibliography 

 

350 | Page Indian Institute of Technology Guwahati 

Xu F., Yang Z., Chen B. and Zhao Y. (2013). Impact of submerged plants on ecosystem health 

of the plant-dominated Baiyangdian Lake, China. Ecological Modelling 252, 167-75. 

Xu Y., Peng H., Yang Y., Zhang W. and Wang S. (2014). A cumulative eutrophication risk eval-

uation method based on a bioaccumulation model. Ecological Modelling 289, 77-85. 

Yamashiki Y., Matsumoto M., Tezuka T., Matsui S. and Kumagai M. (2003). Three‐dimensional 

eutrophication model for Lake Biwa and its application to the framework design of trans-

ferable discharge permits. Hydrological processes 17(14), 2957-73. 

Yan F., Qiao D., Qian B., Ma L., Xing X., Zhang Y. and Wang X. (2016). Improvement of CCME 

WQI using grey relational method. Journal of Hydrology 543, 316-23. 

Yang Y., Chen F., Zhang L., Liu J., Wu S. and Kang M. (2012). Comprehensive assessment of 

heavy metal contamination in sediment of the Pearl River Estuary and adjacent shelf. Ma-

rine Pollution Bulletin 64(9), 1947-55. 

Yaseen Z. M., Ramal M. M., Diop L., Jaafar O., Demir V. and Kisi O. (2018). Hybrid adaptive 

neuro-fuzzy models for water quality index estimation. Water Resources Management 

32(7), 2227-45. 

Yeh G., Hoang H. G., Lin C., Bui X. T., Tran H. T., Shern C. C. and Vu C. T. (2020). Assessment of 

heavy metal contamination and adverse biological effects of an industrially affected river. 

Environmental Science and Pollution Research 27(28), 34770-80. 

Yi F., Chen L. and Yan F. (2019). The health risk weighting model in groundwater quality eval-

uation. Human and Ecological Risk Assessment 25(8), 2089-97. 

Yi Y., Yang Z. and Zhang S. (2011). Ecological risk assessment of heavy metals in sediment and 

human health risk assessment of heavy metals in fishes in the middle and lower reaches 

of the Yangtze River basin. Environmental Pollution 159(10), 2575-85. 

Yidana S. M. and Yidana A. (2010). Assessing water quality using water quality index and mul-

tivariate analysis. Environmental Earth Sciences 59(7), 1461-73. 

Yidana S. M., Banoeng-Yakubo B. and Akabzaa T. M. (2010). Analysis of groundwater quality 

using multivariate and spatial analyses in the Keta basin, Ghana. Journal of African Earth 

Sciences 58(2), 220-34. 

Yin H., Gao Y. and Fan C. (2011). Distribution, sources and ecological risk assessment of heavy 

metals in surface sediments from Lake Taihu, China. Environmental Research Letters 6(4), 

044012. 

Zahra A., Hashmi M. Z., Malik R. N. and Ahmed Z. (2014). Enrichment and geo-accumulation 

of heavy metals and risk assessment of sediments of the Kurang Nallah—feeding tributary 

of the Rawal Lake Reservoir, Pakistan. Science of the Total Environment 470, 925-33. 

Zhang F., Hu W., Hu X., Li F., Liu D., Liu B. and Xia F. (2008). Study on the model of carbon cycle 

in the water of Taihu Lake. Advances in Water Science 19(2), 171. 

Zhang J., Jørgensen S. E., Tan C. O. and Beklioglu M. (2003). A structurally dynamic model-

ling—Lake Mogan, Turkey as a case study. Ecological Modelling 164(2-3), 103-20. 

Zhang L., Ye X., Feng H., Jing Y., Ouyang T., Yu X., Liang R., Gao C. and Chen W. (2007a). Heavy 

metal contamination in western Xiamen Bay sediments and its vicinity, China. Marine Pol-

lution Bulletin 54(7), 974-82. 

Zhang Q., Shi X., Huang B., Yu D., Öborn I., Blombäck K., Wang H., Pagella T. and Sinclair F. 

(2007b). Surface water quality of factory-based and vegetable-based peri-urban areas in 

the Yangtze River Delta region, China. Catena 69(1), 57-64. 

Zhang Q., Xu P. and Qian H. (2020). Groundwater Quality Assessment Using Improved Water 

Quality Index (WQI) and Human Health Risk (HHR) Evaluation in a Semi-Arid Region of 

Northwest China. Exposure and Health 12, 487-500. 

TH-2896_176104004



 Bibliography 

 

 Indian Institute of Technology Guwahati Page | 351 

Zhang W., Watson S. B., Rao Y. R. and Kling H. J. (2013). A linked hydrodynamic, water quality 

and algal biomass model for a large, multi-basin lake: A working management tool. Ecolog-

ical Modelling 269, 37-50. 

Zhang Y., Wang Y., Wang Y. and Xi H. (2009). Investigating the impacts of landuse-landcover 

(LULC) change in the pearl river delta region on water quality in the pearl river estuary 

and Hong Kong’s coast. Remote Sensing 1(4), 1055-64. 

Zhang Y., Wu J. and Xu B. (2018a). Human health risk assessment of groundwater nitrogen 

pollution in Jinghui canal irrigation area of the loess region, northwest China. Environmen-

tal Earth Sciences 77(7), 1-12. 

Zhang Y., Xu M., Li X., Qi J., Zhang Q., Guo J., Yu L. and Zhao R. (2018b). Hydrochemical Charac-

teristics and Multivariate Statistical Analysis of Natural Water System: A Case Study in 

Kangding County, Southwestern China. Water 10(1), 80. 

Zhao J., Xu Z., Liu X. and Niu C. (2013). Source apportionment in the Liao River basin. China 

Environmental Science 33(5), 838-42. 

Zheng N., Wang Q., Liang Z. and Zheng D. (2008). Characterization of heavy metal concentra-

tions in the sediments of three freshwater rivers in Huludao City, Northeast China. Envi-

ronmental Pollution 154(1), 135-42. 

Zhou Y., Li P., Chen M., Dong Z. and Lu C. (2020). Groundwater quality for potable and irriga-

tion uses and associated health risk in southern part of Gu’an County, North China Plain. 

Environmental Geochemistry and Health 43(2), 813-835. 

Zhu G., Noman M. A., Narale D. D., Feng W., Pujari L. and Sun J. (2020). Evaluation of ecosystem 

health and potential human health hazards in the Hangzhou Bay and Qiantang Estuary re-

gion through multiple assessment approaches. Environmental Pollution 264, 114791. 

Zhuang P., Li Z.-a., McBride M. B., Zou B. and Wang G. (2013). Health risk assessment for con-

sumption of fish originating from ponds near Dabaoshan mine, South China. Environmental 

Science and Pollution Research 20(8), 5844-54. 

Zoltai S. and Pollett F. (1983). Wetlands in Canada, Their Classification, Distribution, and Use. 

Ecosystems of the World. Elsevier Scientific. 

Zouiten H., Díaz C. Á., Gómez A. G., Cortezón J. A. R. and Alba J. G. (2013). An advanced tool for 

eutrophication modeling in coastal lagoons: Application to the Victoria lagoon in the north 

of Spain. Ecological Modelling 265, 99-113. 

 

 

 

 

 

 

 

 

 

 

 

 

 

TH-2896_176104004



Bibliography 

 

352 | Page Indian Institute of Technology Guwahati 

 

 

 

 

 

TH-2896_176104004



Research Outputs 
 

Journal Publications 

Published articles 

1. Dash, S., Borah, S. S., & Kalamdhad, A. (2018). Monitoring and assessment of Deepor Beel 

water quality using multivariate statistical tools. Water Practice & Technology, 13(4), 893-

908. [I.F.- 0.780, Q3] 

DOI: https://doi.org/10.2166/wpt.2018.098 

2. Dash, S., Borah, S. S., & Kalamdhad, A. (2019). A modified indexing approach for assess-

ment of heavy metal contamination in Deepor Beel, India. Ecological Indicators, 106, 

105444. [I.F.- 4.958, Q1] 

DOI: https://doi.org/10.1016/j.ecolind.2019.105444 

3. Dash, S., Borah, S. S., & Kalamdhad, A. S. (2020). Study of the limnology of wetlands through 

a one-dimensional model for assessing the eutrophication levels induced by various pol-

lution sources. Ecological Modelling, 416, 108907. [I.F.- 2.974, Q2] 

DOI: https://doi.org/10.1016/j.ecolmodel.2019.108907 

4. Dash, S., Borah, S. S., & Kalamdhad, A. S. (2020). Application of positive matrix factoriza-

tion receptor model and elemental analysis for the assessment of sediment contamination 

and their source apportionment of Deepor Beel, Assam, India. Ecological Indicators, 114, 

106291. [I.F.- 4.958, Q1] 

DOI: https://doi.org/10.1016/j.ecolind.2020.106291 

5. Dash, S., Borah, S. S., & Kalamdhad, A. S. (2020). Application of Environmetrics tools for 

geochemistry, water quality assessment and apportionment of pollution sources in Deepor 

Beel, Assam, India. Water Practice and Technology, 15(4), 973-992. [I.F.- 0.780, Q3] 

DOI: https://doi.org/10.2166/wpt.2020.078 

6. Dash, S., Borah, S. S., & Kalamdhad, A. S. (2021). Heavy metal pollution and potential eco-

logical risk assessment for surficial sediments of Deepor Beel, India. Ecological Indica-

tors, 122, 107265. [I.F.- 4.958, Q1] 

DOI: https://doi.org/10.1016/j.ecolind.2020.107265 

TH-2896_176104004

https://doi.org/10.2166/wpt.2018.098
https://doi.org/10.1016/j.ecolind.2019.105444
https://doi.org/10.1016/j.ecolmodel.2019.108907
https://doi.org/10.1016/j.ecolind.2020.106291
https://doi.org/10.2166/wpt.2020.078
https://doi.org/10.1016/j.ecolind.2020.107265


7. Dash, S., & Kalamdhad, A. S. (2021). Hydrochemical dynamics of water quality for irriga-

tion use and introducing a new water quality index incorporating multivariate statis-

tics. Environmental Earth Sciences, 80(3), 1-21. [I.F.- 2.784, Q2] 

DOI: https://doi.org/10.1007/s12665-020-09360-1 

8. Dash, S., & Kalamdhad, A. S. (2021). Understanding the dynamics of heavy metals in a 

freshwater ecosystem through their toxicity and bioavailability assay. Environment, Devel-

opment and Sustainability, 23(11), 16381-16409. [I.F.- 3.219, Q2] 

DOI: https://doi.org/10.1007/s10668-021-01349-5 

9. Dash, S., & Kalamdhad, A. S. (2021). Discussion on the existing methodology of entropy-

weights in water quality indexing and proposal for a modification of the expected con-

flicts. Environmental Science and Pollution Research, 28(38), 53983-54001. [I.F.- 4.223, 

Q2] 

DOI: https://doi.org/10.1007/s11356-021-14482-5 

10. Dash, S., & Kalamdhad, A. S. (2021). Science mapping approach to critical reviewing of 

published literature on water quality indexing. Ecological Indicators, 128, 107862. [I.F.- 

4.958, Q1] 

DOI: https://doi.org/10.1016/j.ecolind.2021.107862 

 

Articles under consideration 

1. Dash, S., Kalamdhad, A. S. A systematic bibliographic research on eutrophication-based 

ecological modelling of aquatic ecosystems through science-mapping. Ecological Model-

ling. (Under Review). 

2. Dash, S., Kalamdhad, A. S. Development of specific indices for assessing water quality 

based on the proposed modifications of the expected conflicts on existing information en-

tropy weights. Environmental Monitoring and Assessment. (Under Review). 

3. Dash, S., Kalamdhad, A. S. Employing multivariate statistics to address the pollution load-

ings of an aquatic ecosystem. Environmental Earth Sciences. (Under Review). 
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https://doi.org/10.1007/s11356-021-14482-5
https://doi.org/10.1016/j.ecolind.2021.107862


Book chapters 

1. Dash, S., Borah, S., Singh, K. R. & Kalamdhad, A. S. (2020). Seasonal and Spatial Variation 

of DO and BOD for Assessment of the Water Quality of Brahmaputra River. In: A. 

Kalamdhad (eds.) Recent Developments in Waste Management, Lecture Notes in Civil Engi-

neering, vol. 57 (pp. 473-483), Springer, Singapore. 

DOI: https://doi.org/10.1007/978-981-15-0990-2_37 

2. Dash, S. & Kalamdhad, A. S. (2021). Monitoring heavy metals concentrations in a natural 

wetland and aquatic plant Eichhornia crassipes for assessment of its biomonitoring poten-

tial. In: B. Laishram and A. Tawalare (eds.) Recent Advancements in Civil Engineering, Lec-

ture Notes in Civil Engineering, vol. 172, Springer, Singapore. 

DOI: https://doi.org/10.1007/978-981-16-4396-5_34  

3. Dash, S., Borah, S. S, Kalamdhad, A. S. (2020). Application of Multivariate Statistics as a 

Tool for Development of Water Quality Index (WQI) For Water Quality Assessment of 

Deepor Beel, Assam, India. In: A. Kalamdhad et al. (eds.) Environmental Degradation: Mon-

itoring, Assessment and Treatment Technologies, published with Springer-Nature in collab-

oration of Capital Publishing Company, India. 

DOI: In Press 

 

Proceedings in different Conferences 

1. Dash, S., Borah, S. S., Singh, K. R. & Kalamdhad, A.S. (2018). Seasonal and Spatial Variation 

of DO and BOD for assessment of the Water Quality of Brahmaputra River. Proc. Interna-

tional Conference on Waste Management - Recycle 2018, Apr 1-2, IIT Guwahati, Guwahati, 

India. (Abstract No. 220). 

2. Dash, S., Borah, S. S. & Kalamdhad, A.S. (2019). Assessment of Heavy metal contamination 

using Indexing approach for Deepor Beel, Assam, Proc. National Environmental Conference 

(NEC - 2019), Jan 31-Feb 2, IIT Bombay, Mumbai, India. (Abstract No. 149). 

3. Dash, S. & Kalamdhad, A.S. (2020). Monitoring heavy metals concentrations in a natural 

wetland and aquatic plant Eichhornia crassipes for assessment of its biomonitoring poten-

tial. Proc. International Conference on Advances in Civil Engineering, Nov 5-7, VNIT Nagpur, 

Nagpur, India. (Abstract No. ACE011). 
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Awards received 

1. Recipient of the prestigious Water Advanced Research and Innovation (WARI) Fellow-

ship Program supported by the Department of Science and Technology, Govt. of India, the 

University of Nebraska-Lincoln (UNL), the Daugherty Water for Food Institute (DWFI) and 

the Indo-US Science and Technology Forum (IUSSTF) for the year 2019-2020. 

The objectives of this program are to provide an opportunity to the best and brightest Indian 

students to gain exposure and access to world-class research facilities at the University of 

Nebraska-Lincoln and the Daugherty Water for Food Institute; promote research and capac-

ity building in the area of water; encourage and motivate outstanding students to take up 

research as a career; and, pave way for the next generation scientists and technologists from 

India to interact with their American peers, thus helping to build long-term R&D linkages. 

 

 

 

 

Indo-US Science & Technology Forum

www.iusstf.org

Water Advanced Research and Innovation (WARI) Fellowship Program

The Department of Science and Technology (DST), Govt. of India, the University of

Nebraska-Lincoln (UNL), the Daugherty Water for Food Institute (DWFI) and the Indo-

US Science and Technology Forum (IUSSTF) are pleased to announce the list of candidates

selected for the prestigious Water Advanced Research and Innovation (WARI) Fellowship

Program 2019-20.

WARI INTERNS

S. No. Name of Applicant Affiliation

1. Arun Karthick Birla Institute of

Technology and Science, 

Pilani

2. E Jackcina Stobel

Christy

Gandhigram Rural

Institute, Gandhigram

3. Jaladhi Sanjaykumar

Trivedi

CSIR - Central Salt and

Marine Chemicals 

Research Institute,

Bhavnagar

4. M Raj Kumar Indian Institute of

Technology, Kharagpur

5. Maliqa Majid Sher-e-Kashmir University

of Agricultural Sciences 

and Technology, Kashmir

6. Nitin Kumar

Khandelwal

Indian Institute of Science

Education And Research 

(IISER), Kolkata

7. Preety Kumari Indian Institute of

Technology, Bombay

8. Rajeev Meora Algappa University,

Karaikudi

9. Rao Nargis Jahan Jamia Hamdard University,

New Delhi

10. Santosh Ravichandran Anna University, Chennai

11. Siddhant Dash Indian Institute of

Technology, Guwahati

TH-2896_176104004
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