FUZZY CLUSTERING OF HYDROCLIMATIC REGIONS OF
NORTHEAST INDIA AND CLIMATE CHANGE ANALYSIS

Submitted in partial fulfilment of the requirements

for the degree of

Doctor of Philosophy
by
JAYSHREE HAZARIKA

(Roll No: 136104016)

under the supervision of

Prof. ARUP KUMAR SARMA

Gk
R AR )
B N
£ )
5 =
g_ 1+
3 . g
%, &
7 003\

DEPARTMENT OF CIVIL ENGINEERING
INDIAN INSTITUTE OF TECHNOLOGY GUWAHATI
GUWAHATI-781039, ASSAM, INDIA

December 2020

TH-2619_136104016



To my parents Sri. Puspa Hazarika and Smt. Hiranya Hazarika,
To my sister Smt. Shyamoli Hazarika

And to all my teachers

TH-2619_136104016



CERTIFICATE

This is to certify that the thesis entitled “Fuzzy Clustering of Hydroclimatic Regions of
Northeast India and Climate Change Analysis”, submitted by Jayshree Hazarika
(136104016), a research scholar in the Department of Civil Engineering, Indian Institute of
Technology Guwahati, for the award of the degree of Doctor of Philosophy, is a record of an
original research work carried out by her under my supervision and guidance. The thesis has
fulfilled all requirements as per the regulations of the institute and in my opinion has reached
the standard needed for submission. The results embodied in this thesis have not been submitted

to any other University or Institute for the award of any degree or diploma.

Date: 8th Dec 2020 Prof. Arup Kumar Sarma
Place: Guwahati Dept. of Civil Engineering
Indian Institute of Technology Guwahati,

Guwahati - 781039, Assam, India.

TH-2619_136104016



DECLARATION

| declare that this written submission represents my ideas in my own words and where others’
ideas or words have been included, I have adequately cited and referenced the original sources.
| also declare that | have adhered to all principles of academic honesty and integrity and have
not misrepresented or fabricated or falsified any idea/data/fact/source in my submission. |
understand that any violation of the above will cause for disciplinary action by the Institute and
can also evoke penal action from the sources which have thus not been properly cited or from

whom proper permission has not been taken when needed.

Jayshree Hazarika

Roll No.: 136104016

Date:

Place: Guwahati

TH-2619_136104016



ABSTRACT

In today’s era, the most important issue that humanity has ever faced is considered to be climate
change. In vast countries like India, where climate conditions vary from region to region,
climate change is of major concern. The north-eastern part of India which receives heavier
rainfall than other parts of the subcontinent suffers from high intensity rainfall of short duration
and longer dry spells due to impact of climate change. It also affects river morphology due to
flood or drought. Since water is one of the major sectors being affected by climate change,
planning and management of water resources related issues should definitely include the

impacts of climate change.

The primary goal of the study was to determine homogeneous hydroclimatic regions in
northeast India and to analyze impacts of climate change on temperature and rainfall
projections, with inclusion of orographic influence. At first, the region was delineated into
homogeneous clusters using fuzzy clustering approach. A hybrid approach with GCM grid data
(interpolated to station) along with rainfall data and location parameters (latitude, longitude
and elevation) gave the best result among all other approaches. However, this may not be
applicable for small scale regions. Hence, further sub-clustering was done with the use of
rainfall data recorded by the tea gardens of Assam. The best result was exhibited by the
approach, in which total annual rainfall, standard deviation of total annual rainfall and location
parameters (latitude, longitude and elevation) were used as attributes. In the next step, five
stations were selected to develop statistical downscaling models for predicting temperature and
rainfall. Main objective was to understand the applicability of a specific downscaling model
within a cluster. Three different GCM models were used for the study. It was observed that,
although the same GCM variables were used for homogeneous clustering as well for
downscaling, the correlation coefficients do not show any consistency within a cluster. This
indicates that orography plays a very important role in rainfall variations at a local scale.
However, in case of daily maximum and minimum temperature, local scale orographic
arrangement is not required to be used in developing downscaling model for temperature.
Therefore, a new downscaling approach was attempted with inclusion of an orographic factor,

formulated by using various factors. The variable was then included in the downscaling models
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and its efficiency was assessed. It was found that, for stations located on a hill the orographic
factor could not improve the R? value. However, for stations at an identifiable distance from a
hill, the orographic factor has exhibited increase in the R? value to a decent extent. Finally,
uncertainty analysis was done and the future rainfall series were projected for respective model.
The results exhibited increase in both rainfall and temperature in most of the cases for RCP8.5.
In case of RCP2.6, much increment is not exhibited by both the models. The increase in
projected annual rainfall is found to be more in case of new projections where orographic factor
is incorporated. Overall, the projections for rainfall have higher uncertainty compared to
temperature, which can be attributed to the complexity of rainfall process. It was found from
the study that inclusion of orographic factor has been able to reduce the uncertainty of the

downscaling process to a decent extent.
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Chapter 1

INTRODUCTION

Climate change, in the recent years, is gaining attention of the climatologists as well as
environmental and water-resources engineers because of its expected impacts on the
environment as well as on human beings. The global impact of climate change and its potential
effects on various fields of sustainable development has threatened the whole world. Various
researchers are working on both global as well as local impact of climate change on hydrology
and water resources. A number of climate models are available that provides us with a useful
dataset of atmospheric variables for climate change impact studies. However, the level of
uncertainty associated with the climate change projections is always very high. It has been seen
from previous studies that, for climatic parameters like rainfall, the correlation of the parameter
with atmospheric variables during the base period (or observed period) itself is quite low, which
eventually results in poorer performance of models developed for future climate projections.
Therefore, it is felt that the efforts need to be directed towards reducing the uncertainty in the
result that is obtained from these climate change projections. Furthermore, the uncertainty level
varies from model to model. The model that is found to be best fit for one region may not be
applicable to a different region with different hydrological characteristics than the previous
one. Besides, these models are available at coarse resolution at a global scale, which indicates
the need of downscaling these models to the region of study. The uncertainty level also depends
on the downscaling approach used for the analysis. Hence, clustering of a region with
homogeneous hydrological characteristics might be done before proceeding with the climate
change impact analysis, which will help in reducing these uncertainties to an extent and may

enhance the results of climate projections obtained from the developed model.

In vast countries like India, where climate conditions vary from region to region, climate
change is of major concern, because the economic performance and social progress of the
country are dependent on rainfall. The north-eastern part of India which receives heavier
rainfall than other parts of the subcontinent suffers from high intensity rainfall of short duration
and longer dry spells due to impact of climate change. It also affects river morphology due to
flood or drought. Hence, assessment of climate change impacts in the region has gained a lot
of attention from the research community in the recent years. However, the peculiar orography
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of the region indicates that the orographic arrangement of the region also impacts the results of
climate projections. Hence, there is a need of inclusion of orographic influence on climate
change impact studies and to assess its effects on the overall result.

This chapter introduces the causes of climate change and its impacts on various fields of water
resources with emphasis on the Indian subcontinent and the northeast Indian region. In the later
part of the chapter, the scope and objective of the study has been described.

1.1 CLIMATE CHANGE
Climate Change is defined as the change in the statistical properties of the climate system of a

region when considered over a long span of time. The cause of the change may be due to human
influence or due to nature. As per the definition given by Canadian Climate Change Scenarios
Network, “Climate change is defined as a difference over a period of time (with respect to a
baseline or a reference period) and corresponds to a statistical significant trend of mean
climate or its variability, persistent over a long period of time (e.g. decades or more)”. As
mentioned in the Fifth Assessment Report (AR5) of Intergovernmental Panel on Climate
Change (IPCC), “Climate change may be due to natural internal processes or external forcing
such as modulation of the solar cycles, volcanic eruptions, and persistent anthropogenic

changes in the composition of the atmosphere or in land use.”

The IPCC has been constantly delivering synthesis reports on the growing impacts of the
changing climate. Earlier, in Synthesis report-2007, IPCC confirmed that climate change due
to human activities and the consequences are likely to be serious in the near future. Rapid
changes in climate, mostly caused by global warming, will enhance the temperature rise, sea
level rise and precipitation change. According to the latest Synthesis report-2014, IPCC is now
95 percent confident that humans are the prime cause of current global warming. The more
human activities disturb the climate, the greater the risks of severe, irreversible and long-lasting
impacts. Furthermore, the longer we wait to take necessary actions, the more will be the cost
and greater the economic, social, technological and institutional challenges we will face. The
long-term impacts of the changing climate are manifold. It is, therefore, important to assess the
climate change impacts on key climate parameters, such as temperature, precipitation and wind,
which are important for climate sensitive sectors such as, energy, water management,

agriculture and health.
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1.2 GLOBAL WARMING AND THE CHANGING CLIMATE
Global Warming is considered as a major aspect of climate change. It is the long-term increase

of Earth's average surface temperature due to effect of greenhouse gases, which trap the heat
in the Earth’s atmosphere that would otherwise escape. Greenhouse gases, as defined by the
IPCC, are “The gaseous constituents of the atmosphere, both natural and anthropogenic, that
absorb and emit radiation at specific wavelengths within the spectrum of thermal infrared
radiation emitted by the Earth’s surface, the atmosphere itself and by clouds.” Greenhouse
gases increase due to human activities such as burning of fossil fuel, deforestation,
industrialization as well as rapid urbanization. Greenhouse gases include carbon dioxide (CO>),
methane (CHa), nitrous oxide (N2O) and ozone (Os). Moreover, there are a number of entirely
human-made greenhouse gases in the atmosphere, such as the halocarbons, sulphur
hexafluoride (SFs), chlorofluorocarbons (CFCs), hydrofluorocarbons (includes HCFCs and
HFCs), perfluorocarbons (PFCs) and other chlorine- and bromine-containing substances. The
major contributing greenhouse gas is carbon dioxide. The global annual mean concentration of
CO: in the atmosphere has increased by more than 45% from the pre-industrial value (since
the start of Industrial revolution, around 1750) of about 280 ppm to some 406 ppm in early
2017. This value has now reached to approximately 414 ppm as of June 2019, as per the studies
done by Earth System Research Laboratory, National Oceanic and Atmospheric
Administration (NOAA) of United States. It will take centuries to reduce this concentration,
and perhaps more than a century even to stop it from increasing. Meanwhile, this increase has
started to show impacts on the climate and has committed us to further think about reducing

the impact of climate change.

Impact of global warming is evident everywhere. The World Meteorological Organization
(WMO) in arecent press release (February, 2019) declared that 2015, 2016, 2017 and 2018 are
the four warmest years on record. The long-term temperature trend has always been found to
be upward, the last two decades being the warmest. However, the degree of warming during
the past four years (2015-2018) has been exceptional. The year 2016 remains as the warmest
year on record with a temperature increase of approximately 1.2°C above preindustrial baseline
(1850-1900). A consolidated analysis of five leading international datasets by WMO exposed
that the global average surface temperature in the last year i.e. 2018 was almost 1.0° Celsius
(with an error of £0.13°C) above the pre-industrial baseline. It ranks as the fourth warmest year

on record.
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1.3 IMPACTS OF CLIMATE CHANGE
According to the Working Group II’s contribution to the Fifth Assessment Report (ARS) of
IPCC, the areas mainly affected by climate change are divided into three major categories
(Figure 1.1): Physical systems, Biological systems and Human and managed impacts.

' Climate change|

| impacts |
Py e m
Physical Biological
| systems ‘ | systems ‘ B managed
‘ Glaciers, snow, ice, |— Terrestrial JFood production
_| and/or permafrost ecosystems | [ |
. | ‘
J Rivers, lakes, | — Wildfire | f— Livelihood
floods, and/or |
| drought | |
Marine
| Coastal erosion || ecosystems | [ Health
— and/or sea level
| effects |
{ Economics

Figure 1. 1 Categorization of impacts attributed to climate change

Glaciers are shrinking, snow and ice caps are melting in many regions, which is affecting the
runoff and downstream water resources such as rivers, lakes, and eventually altering the
hydrological systems of the regions. Climate change is also causing permafrost warming and
thawing in high-latitude, high-elevation regions. The number of extreme precipitation events
has increased in many regions, exposing those catchments to greater risk of flooding. Whereas
in some areas, changes in the rainfall patterns have caused droughts and wildfires. Rise in the
mean sea level has increased the risk of coastal erosion, inundation of low-lying cities and
islands with seawater. Several freshwater, terrestrial and marine species have started to shift
their seasonal activities and migration pattern in response to ongoing climate change, although
only a few species extinctions have been ascribed to climate change with high confidence.
Melting of the glaciers and ice caps near the poles have caused loss of habitat of polar bears,
that are now thought to be greatly endangered. Climate change has contributed to ocean
acidification, which refers to decrease in the pH level of the ocean that makes the ocean more
acidic. It occurs because of long-term change in seawater chemistry due to the absorption of
carbon dioxide from the atmosphere. According to NOAA, the global average pH of the surface
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of ocean has reduced by 0.11 since the Industrial Revolution, which corresponds to around
30% increase in the hydrogen-ion concentration. Ocean acidification imposes significant
menaces to marine ecosystems, especially polar ecosystems, shellfish and coral reefs.

Climate change has shown negative impact on the production of crops like wheat, maize, rice,
soybean etc. Although some has claimed that the production has increased in some high-
latitude places, majority of the regions has shown decrease in the crop production, indicating
food insecurity and rapid rise in food price in those regions. These impacts affect the livelihood
of people directly or indirectly, especially of those living in poverty. Climate-related extremes,
such as floods, droughts, cyclones, heat waves, and wildfires, exposes some ecosystems and
many human systems to vulnerable environment, like decreased water supply, morbidity and
mortality, outbreak of waterborne diseases, damage of settlements and infrastructure, and

consequences for mental health and human well-being.

1.3.1 Impacts of climate change on global hydrologic cycle
The increasing global warming affects the hydrologic cycle, altering the rainfall and eventually

the runoff. Warm air can hold more moisture and increases the evaporation of surface moisture
which tends to increase the precipitation. However, increased evaporation and
evapotranspiration leads to reduction in soil moisture. Precipitation pattern will considerably
be changed, with visible variations in the seasonal distribution and amount of precipitation.
The consequences of these changes will be seen in the form of flood in some regions, while
other regions being hit by drought. Mountainous regions may experience changes in the
balance between snowfall and rainfall. Melting of glacial ice has already been seen in most of
the mountainous regions, which has reduced the size of the glaciers to a great extent. This leads
to increase in the downstream flow, subsequently increasing the discharge in rivers and
streams. However, long term shrinking of glaciers would eventually reduce their contribution
to annual runoff, affecting water availability in those waterbodies. Due to the changes in
temperature and precipitation pattern, vegetation cover will also face seasonal changes. Risk
of wildfire has also increased in many regions. Coastal erosion and inundation have increased
due to rise in the sea level. All these changes will ultimately lead to change in the management
of land resources, along with water resources.

IPCC-AR4 found that due to climate change, annual precipitation increases in tropics and at

high latitudes and decrease in sub-tropics. More precipitation will increase a region’s
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susceptibility to hazards, depending on variety of factors including flooding, rate of soil

erosion, soil moisture availability and mass movement of land.

1.3.2 Future risks associated with impacts of climate change
IPCC’s ARS5-Working Group Il report explains the followings as key risk areas, which are

susceptible to climate change related hazards:

e Coastal zones in low-lying areas and small island have high risk of death, ill-health,
injury and disrupted livelihoods, owing to coastal flooding and storm surges as
consequences of sea level rise.

e Urban populations, residing in regions affected by inland flooding, have risk of severe
ill-health and disturbed livelihoods.

e Risks associated with extreme weather events will lead to infrastructural breakdown,
causing interruptions in critical services like water supply, electricity, health and
emergency Services.

e Extreme heat conditions will cause high risk of illness and mortality, especially for
vulnerable urban and rural populations, working outdoors.

e Warming climate, drought and flood events, variation in precipitation and extreme
events will lead to high risk of food insecurity, along with breakdown of food system.
This will particularly hit the poorer population of urban and rural areas.

e Poorer farmers with nominal assets in semi-arid regions have risk of loss of income as
well as livelihood, owing to reduced production in the agricultural sector and
insufficient access to irrigation and drinking water.

e The fishing community in the tropical areas and the Arctic region will be affected due
to risks associated with marine and coastal ecosystem loss, changes in biodiversity, and
due to risk of loss of ecosystem services related to coastal livelihood.

e Terrestrial and inland water ecosystems have risk of loss, biodiversity changes, and will

affect the associated functions and services of ecosystem required for livelihoods.

These risks associated with climate change need to be addressed with proper adaptation and
mitigation strategies with implications for future generations, environments and economies.
These strategies will not only reduce the current and future risks, but will also have additional
benefits, such as improvement of livelihoods, biodiversity conservation, and human well-being

with improved health conditions.

6]IMPACTS OF CLIMATE CHANGE
TH-2619_136104016



1.3.3 Impacts of climate change on water resources: Indian context
Water is one of the key areas affected largely by climate change. All the risks mentioned in the

previous section are directly or indirectly related to water resources. Some of the regions are at
high risk of abundant water availably causing extreme events like heavy precipitation, floods,
cyclones, cloud bursts etc. In contrast, some other regions are at risk of water scarcity, extreme
dry condition, groundwater depletion, drought, wildfire etc. In both cases, proper water
resources management is necessary to adapt and mitigate the impacts.

Water resources in India are no exception. They are also affected by the changing climate.
Mehrotra and Mehrotra (1995) mentioned that, the major impacts of climate change in India
would be on the hydrology, water resources and agriculture of the country. In Synthesis report-
2007, IPCC stated that if the current trend of glacial melt continues like this, then there is a
possibility that the snow fed rivers of India such as Ganga, Brahmaputra could become seasonal
rivers in the near future, affecting the lives of millions of people. Continuous loss of ice from
the glaciers has changed their behavior. Shift of annual runoff peak from summer to spring
season is expected in the eastern Himalayan region in the near future, as the contribution of
glacial ice would be greatly reduced because of continuous shrinking. As the Himalayan region
is glacier-dependent, livelihoods of the people will be threatened because of excessive runoff
and flood events (Xu et al., 2009). Substantial growth in glacial lake areas has been evident in
the eastern Himalaya region between years 1990 and 2009, which was mainly contributed by

climate change (Gardelle et al., 2011).

Regarding extreme wind events, IPCC’s AR5-Working Group 11 report states that India suffer
86% of mortality from tropical cyclones, which have major impacts on society and ecosystems.
These tropical cyclones occur mainly and most commonly in coastal settlements. Increase in
the concentrations of people, growth of infrastructure and industrial development along the
coasts could increase the vulnerability in the near future, if adaptation measures are not being
taken. The report also states that climate change will affect the water resources of Asian region
in a major way. Although different river basins might experience different level of impacts, the
consequences of climate change on water availability and food security is evident. Climate
change affects the agricultural sector by affecting crop production. Emission of high
concentration of CO- indirectly affects crop production by increasing tropospheric ozone (O3).
Severe impacts on crop yields could be seen in Indian region as production of major crops like

maize, rice, wheat, soybean have seen losses in the recent years (Van Dingenen et al., 2009).
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1.3.4 Importance of climate change impacted water resources planning and
management in Northeast India
The water resources of the northeast Indian region are primarily dependent on the Brahmaputra

basin. Other basins affecting the hydrology of the region are the Barak basin and part of the
Ganga basin. Studies have shown that, climate change has major impact on the water
availability of climate-susceptible basins such as the Ganga and Brahmaputra basin (Immerzeel
et al., 2010). Climate change may disturb the dynamics of the river system by changing
precipitation pattern and runoff quantity, eventually altering the seasonal water flows. The
northeast Indian region receives heavier rainfall than other parts of the subcontinent, hence
suffers from high intensity rainfall for short duration and longer dry spells. It also affects river
morphology due to flood or drought.

Agriculture in the north-eastern region is mainly rainfed and more than half of the north-eastern
population is dependent on agriculture, either directly or indirectly. Hence, economic
performance and social progress of the region are hugely dependent on precipitation.
Therefore, the consequences of climate change impacted variations have potentiality of
affecting the food security of millions of people in the region. Furthermore, since Brahmaputra
basin is a transboundary water basin, the climate-induced impacts on water availability of the
basin have potential of affecting the geopolitical concerns also owing to the high international
interdependency. Therefore, planning and management of water resources including the

impacts of climate change is necessary for northeast Indian regions.

1.4  USAGE OF CLIMATE MODELS AND DOWNSCALING TECHNIQUES
FOR CLIMATE RESEARCH

1.4.1 General Circulation Model or Global Climate Model (GCM)
GCM is a type of climate model that represents the general circulation of the planetary

atmosphere or ocean as a mathematical model. These models are generated based on the
Navier—Stokes equations on a rotating sphere, where various energy sources (radiation, latent
heat) are expressed with thermodynamic terms. To develop a GCM, the planet is divided into
3-dimensional grids. The atmospheric variables like winds, relative humidity, radiation, heat
transfer, surface hydrology etc. are calculated within each grid and the GCM datasets are then
made available for those grid points. These GCM datasets are widely used for understanding
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present climate, weather forecasting and to project the climate conditions into the future. The
Intergovernmental Panel on Climate Change (IPCC) provides a platform for downloading these
model datasets, with access to various GCMs developed by different climate centres and

organizations all over the world.

The GCMs can be broadly classified into two key components: atmospheric GCMs (AGCM)
and oceanic GCMs (OGCM). They also combine other components such as land-surface and
sea ice components. AGCMs and OGCMs can be coupled together to form a coupled GCM,
named as atmosphere-ocean (or coupled) general circulation model (CGCM or AOGCM).
With the addition of sea ice component and a model for evapotranspiration over land,
AOGCMs become a full climate model. Recently a new model has been introduced, named as
Earth System Models (ESM). These ESMs are based on a coupled atmospheric and oceanic
circulation model, with representations of sea ice, land and iceberg dynamics and they
incorporate interactive biogeochemistry, including the carbon cycle. Hence, ESM is also a
coupled global climate model that can explicitly model the movement of carbon through the
earth system. ESM has the added capability to represent biogeochemical processes that interact
with the physical climate and so alter its response to forcing such as that associated with human-

caused emissions of greenhouse gases (Flato, 2011).

The GCMs have been in extensive use for water resources related studies. Simulations with
GCMs have significantly advanced with substantial improvements in computational power.
GCM can be expediently used for regional studies with large spatial coverage. However, they
are unable to efficiently represent the small-scale features at sub-grid levels, as the local
hydrological features and dynamics are not exploited explicitly by the GCMs (Wigley and
barnett, 1990). This may the reason due to which they can accurately simulate unconditional
(or independent) climate variables such as temperature, humidity etc. However, simulation of
conditional variables like precipitation, evaporation, runoff etc. is not satisfactory, specially at

a local scale.

1.4.2 Coupled Model Intercomparison Project (CMIP)
The Coupled Model Intercomparison Project (CMIP) is a collaborative framework, formed by

the Working Group on Coupled Modelling (WGCM) of the World Climate Research
Programme (WCRP). It was formed in 1995 with an aim to improve the understanding of

climate change related knowledge. CMIP provide a global platform to a diverse community of
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climate scientists to analyse GCMs for validation, intercomparison as well as documentation.
A number of international climate modelling communities have been contributing to the CMIP

project since its commencement.

Main purpose of CMIP is to improve understanding of the past, present and future climate
changes that may arise due to natural or anthropogenic influences. This includes assessing the
performance of various GCMs during the historical period as well as quantification of the
magnitude of long-term impacts of the changing climate by projecting into the future. CMIP
provides data access to these multi-model outputs in standardized formats, that can be used by

the research community for assessment of climate change.

The CMIP assessments and documentation are developed in phases. The Program for Climate
Model Diagnosis and Intercomparison (PCMDI) at Lawrence Livermore National Laboratory
has been supporting the CMIP in all the phases and maintains the project's data base. The first
and second phases (CMIP1 and CMIP2) involved comparing the model response to an
idealized forcing, where a constant rate of CO> increase of 1% per year was integrated. Around
18 global coupled models participated in the project development. Phase three of CMIP
(CMIP3) came during 2005-2006, that included simulation of past, present future climate
scenarios. The concept of emission scenario came with CMIP3. IPCC’s Special Report on
Emissions Scenarios (SRES), that was published in 2000, describes the projection of various
possible future climatic conditions based on different greenhouse gas emissions scenarios. The
SRES scenarios are used in the IPCC’s Third Assessment Report (TAR) and the Fourth
Assessment Report (AR4).

CMIPS5 is the latest development of CMIP (2010-2014). The new set of experiments of CMIP5
were developed with an objective to address the scientific queries arose from IPCC AR4
assessments. These CMIP5 models are expected to further improve understanding of climate.
IPCC’s Fifth Assessment Report (AR5) summarizes the information related to CMIP5
experiments. Most of the CMIP5 simulations were performed with prescribed CO:
concentrations. The concept of Representative Concentration Pathways (RCPs) came along
with CMIP5. The RCPs represent greenhouse gas concentrations (instead of emission scenarios
like CMIP3) for climate modelling.

Currently, the sixth generation of CMIP (CMIP6) is under progress. The models in CMIP6 will

run at high resolutions and will include some additional processes that were not incorporated
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or simulated in the previous models. Also, the infrastructure and documentation will be
improved for better access to the models by the scientific community. More than 30 climate
research groups around the globe have participated in the CMIP6 project.

CMIP6 consists of three major components (Eyring et al., 2016) which are given below:

e ldentification of common experiments, the DECK (Diagnostic, Evaluation and
Characterization of Klima) experiments and historical simulations of CMIP (1850 —
near-present), that will help in establishing the model characteristics.

e Common standards, coordination, infrastructure and documentation that will facilitate
the distribution of model outputs and the characterization of the model ensemble.

e Adoption of a more federated structure, building on more autonomous CMIP-Endorsed
MIPs.

1.4.3 Features of CMIP3 and CMIP5

1.4.3.1 Emission Scenarios
The concept of emission scenario came with CMIP3. Scenarios are images of the future, or

alternative futures. They are neither predictions nor forecasts. As per Special Report on
Emissions Scenarios (SRES) by IPCC, “Scenarios are alternative images of how the future
might unfold and are an appropriate tool with which to analyze how driving forces may
influence future emission outcomes and to assess the associated uncertainties. They assist in
climate change analysis, including climate modelling and the assessment of impacts,

adaptation, and mitigation.”

Emissions scenarios are a central component of any assessment of climate change. The
Greenhouse Gases (GHGs) and other gases covered in the emission scenario are CO, CO,
Hydrochlorofluorocarbons (HCFCs), Hydrofluorocarbons (HFCs), CH4, Nitrous Oxide (N20),
Nitrogen Oxides (NOx), Non-Methane Volatile Organic Compounds (NMVOCs),
Perfluorocarbons (PFCs), Sulfur Dioxide (SOz), Sulfur Hexafluoride (SFs). Among those COz,
CHa4 and SO- emissions are the basic input for determining future climate patterns with simple

climate models, as well as with complex general circulation models (GCMs).

The set of scenario consists of four Scenario families viz. Al, A2, B1 and B2. Al is further

divided into three scenario groups namely A1F1, A1T and A1B. 40 emission scenarios are
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developed from these six modelling groups (Fig 1.2). The four scenario groups are described

below:

e Al scenario: - The Al scenario describes a future world with very rapid economic
growth, low population growth, rapid introduction of new and efficient technologies,
increased cultural and social interactions, substantial reduction in regional differences
in per capita income. The three Al sub-groups are described as fossil fuel intensive
(AIF1), non-fossil energy sources i.e. technologically advanced (A1T), and a balance
across all sources (mix of fossil and non-fossil fuel) (A1B).

e A2 scenario: - The A2 scenario describes a very heterogeneous world, with more
emphasis on family values and local traditions, self-reliance and preservation of
regional and cultural identities, continuous global population growth, regionally
oriented economic development. Technological changes are uneven and slower than
other scenarios.

e B1 scenario: - The B1 scenario describes a convergent world with the same global
population as in the Al scenario, but with rapid changes in economic structures,
reductions in material intensity, introduction of clean and resource-efficient
technologies. Main emphasis is given on global solutions to economic, social, and
environmental sustainability that will improve equity, but without additional climate
initiatives.

e B2 scenario: - The B2 scenario describes a world, in which main emphasis is given on
local solutions to economic, social, and environmental sustainability. It describes a
heterogeneous world with continuous global population growth (at a rate lower than
A2), intermediate economic development, diverse and slower technological change
than other scenarios. While the scenario is also oriented toward environmental
protection and social equity, it focuses on local and regional levels rather than global

solutions.
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Figure 1. 2 Emission scenarios (source: IPCC website)

1.4.3.2 Representative Concentration Pathways (RCPs)
A Representative Concentration Pathway (RCP) characterizes greenhouse gas concentration

(instead of emission scenarios) that has been used for climate modelling. The concept of
Representative Concentration Pathways (RCPs) came along with CMIP5. IPCC’s Fifth
Assessment Report (AR5) summarizes the simulations of CMIP5, which are based on four
different pathways. Each of these four RCPs describe a different future under climate change,
which is considered to be possible. Each RCP represents a different volume of future GHG
concentration, possible under a wind range of anthropogenic changes. The four RCPs are

explained below:

e RCP2.6 (radiative forcing in the year 2100 is 2.6 W/m?): - RCP2.6 considers that
CO2 emissions start decreasing by 2020 and reach zero by the end of 2100. Other GHGs
are also expected to show decreasing trend, with methane emissions (CHa) reaching
approximately half of those in 2020, sulphur dioxide (SO.) emissions to reach about
10% of those of 1980-1990. RCP2.6 requires CO> emissions to show negative trend
(such as absorption of CO2 by plants). It is also expected to retain global temperature
rise below 2 °C by the year 2100.

e RCPA4.5 (radiative forcing in the year 2100 is 4.5 W/m?): - RCP4.5 is an intermediate
scenario, where the GHG emissions peak around 2040, and then decline. CO2 emissions

start decreasing by the year 2045 and reach approximately half of the CO> levels of
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2050 by the year 2100. CH4 emissions start decreasing by 2050 and reach about 75%
of the levels of 2040, and SO> emissions decline to approximately 20% of those of
1980-1990. RCP4.5 also requires negative CO. emissions and is expected to retain
global temperature rise between 2 °C and 3 °C, by the year 2100. Mean sea level rise
will be approximately 35% higher than that of RCP2.6. Many plant and animal species
are believed to be unable to adapt to the impacts caused by RCP4.5 and higher RCPs.
e RCP6.0 (radiative forcing in the year 2100 is 6 W/m?): - RCP6.0 is also an
intermediate scenario, where the GHG emissions peak around 2080, and then decline.
e RCP8.5 (radiative forcing in the year 2100 is 8.5 W/m?): - RCP8.5 considers
continuous rise of GHG emissions throughout the 21st century. As per IPCC, this
condition is thought to be very unlikely, as this is based on overestimation of projected
coal outputs. RCP8.5 is considered as the basis for a worst-case climate change

scenario.

1.4.4 Downscaling techniques
Downscaling is a method for obtaining high-resolution climate change information from

relatively coarse-resolution global climate models (GCMs). Typically, GCMs have coarse
resolution, covering large geographical areas. Many impact assessment models require
information at finer scales of 50 km or less. To overcome this problem downscaling methods
are developed. Primary assumption of these downscaling approaches is that the large-scale
climate has influence on local scale climate to a great extent. Two main forms of downscaling

technique exist. They are:

e Dynamic downscaling

e Statistical downscaling

1.4.4.1 Dynamic downscaling
Here output from the GCM is used to derive a regional, numerical model in higher

spatial resolution, which therefore is able to simulate local conditions in greater detail.
Dynamic downscaling represents the use of high-resolution Regional Climate Models (RCMs)
which are nested with GCMs. The RCMs are similar to GCMs, but RCM generally improves
with the higher-order statistics of the meteorological variables. It is a step by step process. A
drawback of RCM is large demand of computer resources and the complexity of their
operation, which requires trained persons.
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1.4.4.2 Statistical downscaling
Here a statistical relationship is established from observations between large scale (GCM)

variables, like atmospheric surface pressure, and a local (often station level) variable, like the
wind speed at a particular site. The relationship is then subsequently used on the GCM data to
obtain the local variables from the GCM output. This technique is broadly divided into three
categories, namely

= Weather typing

= Weather generators

= Regression-based downscaling.
In weather typing local meteorological data are grouped in relation to existing atmospheric
circulation pattern. Future scenarios are generated either by resampling observed datasets or
by first generating synthetic series, using Monte Carlo technique, and then resampling the
observed data. Although the technique is applicable for a wide variety of variables and has
multisite applicability, it has some limitations. Specially, in case of precipitation downscaling,
the series simulated by this method is sometimes found to be inconsistent with the GCM models
used.
The weather generator is one of the popular techniques, that demands less computational
efforts. It has the advantage of producing exact observed climate statistics. This model
simulates precipitation using two-state, first order Markov chains: precipitation amounts on
wet days using a gamma distribution; temperature and radiation components using first—order
trivariate autoregression that is conditional on precipitation occurrence (Wilby and Dawson,
2007). It has the limitation of arbitrary adjustment of precipitation parameters in future
simulations.
Among these approaches, regression methods are preferred because of its ease of
implementation and low computation requirements. It establishes an empirical relationship
between the predictand and the predictor variables.

Regression analysis can be done in two ways:

» Linear regression, which analyzes two variables — one predictand variable (called

the criterion) and one predictor variable.
» Multiple linear regression, which analyzes three or more variables — one criterion

and two or more predictor variables.
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1.4.5 Projection of Future Climate using GCM and their Downscaling
Many researches and projects on climate change are already going on that emphasize on the

use of various GCM models (Mehrotra and Mehrotra, 1995; Heyen et al., 1996; Wilby et al.,
1998a,1998b; Gosain et al., 2006; Rahman et al., 2010). Eliasson (2000) suggested that the
urbanization is always related to climate, i.e., urbanization induces climate change and the
climate change causes more problem in urbanization. Due to climate change, severe water
scarcity in one region and flood hazards in other regions occur (Sharma and Shakya, 2006;
Mujumdar, 2008). Several studies have also been done on impact of climate change on water
resources planning in the northeast Indian region. Studies have been conducted to investigate
the extent of climatic variation and scope of utilizing rainwater harvesting (RWH) system for
irrigating small agricultural field in Assam (Kumar and Sarma, 2010). Analysis of climatic
parameters has revealed the increase in dry spell, increase in temperature range, and decrease
in total annual rainfall. Studies on impact of climate change on the precipitation characteristics
of Brahmaputra Basin shows that temperature may go up to 1.8°C rise in the future (Deka and
Sarma, 2011). Sarma et al. (2012) has carried out studies on the impact of climate change on
water resources of Brahmaputra basin and adaptation strategies with regard to planning, design
and management of water resources systems of the basin. The study indicated significant
changes in temperature and rainfall pattern of this basin in future. Sarma et al. (2013) developed
an optimization model for optimal Ecological Management Practice (EMP) to minimize impact
of climate change and degradation of watershed due to urbanization. The study provides an
idea for enhancing sustainability of EMPs by utilizing the carbon sequestration potential of
vegetation, which can be adopted by industries to earn carbon credits, thus compensating their

greenhouse gas (GHG) emissions.

General Circulation Models (GCMs) are widely used in climate change studies; but GCMs are
relatively coarse in resolution. Therefore, some form of downscaling is required to produce
scenario of finer spatial resolution than currently delivered by raw GCM output. Number of
downscaling techniques and GCM combinations were experimented by various researchers.
Wilby et al. (1998b) made a comparison of different Statistical downscaling methods using
GCM output. Weather generator methods are better than methods like ANN for climate change
porjections. Zorita and von Storch (1999) suggested a simple analog method for statistical
downscaling and compared the same with other available complex methods. Misra et al. (2003)
found that Regional Spectral Model (RSM) performs better than GCM models. Dibike and

Coulibaly (2005) have made comparisons of hydrologic as well as downscaling models under

16 |USAGE OF CLIMATE MODELS AND DOWNSCALING
TECHNIQUES FOR CLIMATE RESEARCH
TH-2619_136104016



climate change impacts. They predicted future variation in river flow and reservoir inflow using
downscaled data from SDSM (regression-based approach) and LARS-WG (Weather
Generator). Zhang (2005) developed a simple method for statistical downscaling of GCM
output to predict soil erosion and crop production. Mehrotra and Sharma (2005, 2006)
attempted to develop nonparametric stochastic spatial downscaling methods for multisite daily
rainfall projections. Ghose and Mujumdar (2006) developed a methodology to forecast future
rainfall scenario over Orissa using GCM projections by statistical downscaling. The rainfall
projection shows that there is a possibility of increase in hydrologic extremes in Orissa in
future. Kang et al. (2007) have done statistical downscaling using six dynamic models and
predicted the station scale precipitation in the Philippines and Thailand. They found that in
some location, the statistical downscaling is not suitable because precipitation is governed
mainly by local complicated terrain other than large-scale process. Serrat-Capdevila et al.
(2007) have done statistical downscaling of GCM models to quantify the climate change
impacts on hydrology. Anandhi et al. (2008) have presented a methodology for precipitation
downscaling to river basins in India, with the use of support vector machine. Hessami et al.
(2008) have done statistical downscaling of temperature and precipitation using automated
statistical downscaling (ASD). Mujumdar and Ghosh (2008) have described a methodology of
statistical downscaling based on Support Vector Machine (SVM) and Relevance Vector
Machine (RVM). Tisseuil et al. (2010) compared four statistical downscaling models namely
Generalized Linear Model (GLM), Generalized Additive Model (GAM), Artificial Neural
Network (ANN) and Aggregated Boosted Trees (ABT). They used these models for predicting
stream flow. Among these models, ABT was found to perform better. Kannan and Ghosh
(2011) attempted to address the limitation of statistical downscaling in capturing correlation
between multiple sites by representing the rainfall pattern in a river basin using rainfall state.
Najafi et al. (2011a) have done statistical downscaling of precipitation employing independent
component analysis (ICA) for predictor selection that determines spatially independent GCM
variables. By doing uncertainty ana lysis of the downscaling methods, they found that model
structures and input predictors are important factors in the downscaling process and the main
sources of uncertainties. Deka and Sarma (2011) have carried out a study to quantify the impact
of the climate change on the precipitation characteristics of Brahmaputra Basin. The future
series generated by temperature model has produced up to 1.8° C rise in the maximum
temperature averaged over month. In the process of model development, it was experienced

that the selection of predictors plays an important role in future series generation through
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downscaling of GCM. Vinnarasi (2012), in her project work, has focused on simulating the
impact of climate change with the use of downscaling methods, on the precipitation
characteristics and stream flow behaviour of Dhansiri River. Salvi et al. (2013) have projected
daily rainfall of multiple sites in India using statistical downscaling at a resolution of 0.5°, using
Classification and Regression Tree (CART) and nonparametric kernel regression technique.
Forsythe et al. (2014) have applied stochastic weather generator to assess climate change
impacts in a semi-arid region. They stated that sophisticated downscaling methods were needed
to evaluate the climate change impacts and the interannual variabilities for better understanding
of the future conditions. Fatichi et al. (2015) have done a high-resolution fully distributed
hydrological analysis and future climate projections. They found that there is an elevation
dependence of climate change impacts in the catchment under consideration. Shamir et al.
(2015) have analysed climate change projections of precipitation using eight dynamically
downscaled GCM models. They stated that climate change projections increase the uncertainty

and aggravates the complexity of water resources management task.

1.5 USAGE OF HOMOGENEOUS CLUSTERING FOR CLIMATE
RESEARCH

1.5.1 Clustering techniques

1.5.1.1 General Overview of clustering methods
Since clusters can formally be seen as subsets of the data set, one possible classification of

clustering methods can be according to whether the subsets are fuzzy (soft) or crisp (hard).

Thus, the clustering methods are mainly of following types:
e Hard Clustering

Methods, which are based on classical set theory, and require that an object either does or does
not belong to a cluster, are referred to as hard clustering methods This means, partitioning the
data into a specified number of mutually exclusive subsets. The discrete nature of the hard-
partitioning causes difficulties with algorithms based on analytic functionals, since these

functionals are not differentiable.

The objective of clustering is to partition the data set Z into ¢ clusters (groups, classes).
Generally, c is assumed to be known, based on prior knowledge. Using classical sets, a hard
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partition of Z can be defined as a family of subsets {Ai | 1 <i<c} c P(Z)1 with the following
properties (Bezdek, 1981):

UiczlAi =7 (11)
Pc A cZl<i<c (1.3)

In terms of membership (characteristic) functions, a partition can be conveniently represented
by the partition matrix U = [pik]exn. The it row of this matrix contains values of the membership
function piof the i subset Aj of Z. The elements of U must satisfy the following conditions:

pix€{01}1<i<cl<k<N (1.4)
Y U =1,1<k<N (1.5)
0<YN_  ux <N, 1<i<c (1.6)

e Fuzzy Clustering

These methods allow the objects to belong to several clusters simultaneously, with different
degrees of membership. In many situations, fuzzy clustering is more natural than hard
clustering. Objects on the boundaries between several classes are not forced to fully belong to
one of the classes, but rather are assigned membership degrees between 0 and 1 indicating their

partial membership.

Generalization of the hard partition to the fuzzy case follows directly by allowing pik to

attain real values in [0, 1]. Conditions for a fuzzy partition matrix are given by:

uixel0,1],1<i<c,1<k<N (1.7)
Y iuxk=11<k<N (1.8)
O<Z¥=1Mik<N,1SiSC (19)

The i row of the fuzzy partition matrix U contains values of the i"™™ membership function of
the fuzzy subset A; of Z. Second equation constrains the sum of each column to 1, and thus the

total membership of each zx in Z equals one.
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e Possibilistic Partition

A more general form of fuzzy partition, the possibilistic partition, can be obtained by relaxing
the second constraint i.e. the total membership should be unity. This constraint, however,
cannot be completely removed, in order to ensure that each point is assigned to at least one of
the fuzzy subsets with a membership greater than zero. Thus the 2" equation can be replaced

by a less restrictive constraint VK, 3i, pik > 0. The conditions for a possibilistic fuzzy partition

matrix are:
pix€l01,1<i<c,1<k<N (1.10)
3;, wx > 0, Vk (1.11)
0<YN¥_ ux <N, 1<i<c (1.12)

1.5.1.2 Usage of Fuzzy C-means Clustering (FCM) for homogeneous clustering
The FCM approach is basically optimization of fuzzy c-means objective function. It was

initially developed by Dunn (1973) and afterwards modified by Bezdek et al. (1984). The fuzzy
c-means function is explained in section 3.2.1 in chapter 3. Moreover, the FCM algorithm that

can be used for delineation of homogeneous rainfall region is discussed in detail in section.

1.5.2 Development of Homogeneous Climatic Regions using Clustering Techniques
Modelling of hydrological processes (e.g. precipitation, temperature etc.) is immensely

complicated since majority of descriptive variables such as soil, topography, land-use and
rainfall vary in space under different scales (Chavoshi et al., 2013). Therefore, to overcome the
difficulties involved, regionalization of the area of study can be done. Various clustering
methods are being used for this purpose. Principal component analysis has been used by many
researchers for determining homogeneous regions (Bedi and Bindra, 1980; Barring, 1987;
Sumner and Bonell, 1988; lyengar and Basak, 1994; Singh and Singh, 1996; Owen et al., 2006;
Darand and Mansouri Daneshvar, 2014). Kulkarni et al. (1992) have used k-means clustering.
Guttman (1993) has used L-moment test in determination of regional precipitation climates in
continental United States. Problems were encountered mainly in mountainous and arid regions,
which were resolved in all but three regions by examining orography and/or the data. Fill and
Stedinger (1995) performed homogeneity tests based upon Gumbel distribution and had done

a critical appraisal of Dalrymple’s test. L-moment X-10 test was always found to be more
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powerful. Hall and Minns (1999) have done hydrologically homogeneous clustering for flood
data of the southwest of England and Wales, using Kohonen Network method and Fuzzy c-
means method. Both methods were found to be effective. Wotling et al. (2000) have done
regionalization of extreme precipitation intensities in the volcanic island of Tahiti using
principal components of the topographical environment. They finally concluded that, this
automatic and objective method could be applied in any mountainous area, where topography
has a major influence on the precipitation features. Rao and Srinivas (2006a, 2006b) have done
regionalization of watersheds in Indiana, USA by using both fuzzy clustering and k-means
clustering combined with hierarchical clustering algorithms. Fuzzy clustering improves the
homogeneity of clusters, although other methods are also found effective. Abida and Ellouze
(2006) have discussed an innovative method for hydrological delineation of homogeneous
regions in Tunisia, based on the shape of the empirical Cumulative Distribution Function
(CDF) and similarities of physiographic and climatic characteristics. Viglione et al. (2007)
made comparison among different homogeneity tests for regional frequency analysis. Pelczer
et al. (2007) applied cluster analysis to achieve a regionalisation of the Sonora River Basin in
the Sonora State, Mexico, into homogeneous zones. Two methods were compared, the
hierarchical Ward’s method and the non-hierarchical K-means method. By comparing results,
it is showed that the K-means algorithm was an effective method. Plain et al. (2008) have
proposed a spatially explicit seasonal forecasting model by using fuzzy spatiotemporal
clustering of long-term daily rainfall and temperature data, which is found to be performing

well.

Recently, a modern hydro-informatic tool, named as Self-Organization feature Map (SOFM)
has been applied in several studies for clustering watersheds (Srinivas et al., 2008; Farsadnia
et al., 2014; Mannan et al., 2018). However, this particular method is not alone sufficient to
achieve reliable homogeneous regions. Recent studies show that application of fuzzy clustering
approach has increased among the research community. Sadri and Burn (2011) adopted fuzzy
c-means approach for regionalization. Satyanarayana and Srinivas (2011) have also done an
experiment on regionalization of precipitation in data sparse areas based on fuzzy clustering
approach. Chen et al. (2011) has done risk analysis of flood disaster in China, on the basis of
Fuzzy Clustering Method. Dikbas et al. (2012) have also used fuzzy cluster method to classify
precipitation series and to identify homogeneous regions. Chavoshi et al. (2013) has applied
fuzzy expert system (FES) approach, optimized by genetic algorithm to perform hydrological
regionalization. Asong et al. (2015) have applied combination of multivariate approaches such
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as PCA, canonical correlation analysis and fuzzy C-means clustering. Bharath and Srinivas
(2015) have proposed a new approach for regionalization using wavelet-based global fuzzy
cluster analysis. Irwin et al. (2017) have used location and atmospheric attributes in FCM
algorithm for delineation of homogeneous precipitation regions in two diverse Canadian
climate regions. Wang et al. (2017) have done regional frequency analysis of precipitation
extremes with the use of fuzzy c-means and L-moments approach, in Mainland China.

1.6 UNCERTAINTY ASSOCIATED WITH CLIMATE PROJECTION

1.6.1 Sources of Uncertainty
A unique definition of uncertainty is hard to find in the literature. It may be defined as a degree

of ignorance, a state of incomplete knowledge, insufficient information or a departure from
unattainable state of complete determinism. Uncertainty may be thought of as a measure of the
incompleteness of one’s knowledge or information about an unknown quantity to be measured
or a situation to be forecast.

Various researchers have proposed their own kind of classification for uncertainty depending
upon the purpose of their work. Broadly it can be classified into two types: inherent uncertainty,
and epistemic uncertainty. Inherent uncertainty is the variability or randomness of the system
in space and time and the epistemic uncertainty is due to the lack of knowledge of fundamental
phenomena. While epistemic uncertainty is predictable and controllable, inherent uncertainty

is unpredictable and uncontrollable (Faccioli et al., 2014).

Uncertainty can also be referred to as quantitative and qualitative. The former type refers to the
uncertainty when it is represented using numerical values, typically by statistical inference. If
uncertainty is represented using linguistic variables then it is referred to as qualitative

uncertainty.

Sources of uncertainty related to water resources planning and precipitation forecasting can be

classified as:

e Model uncertainty (due to assumption in model equations, model building and other
forms of incompleteness in conceptualising the real system).
e Input uncertainty (due to imprecise forecasts of uncertainty in model inputs, such as

future precipitation, temperature etc.).
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e Parameter uncertainty (due to imperfect assessment of model parameters).
e Natural and operational uncertainty (due to erroneous and missing data, human errors

and mistakes etc.)

The uncertainties mentioned above can be further classified based on the purpose of the study

and requirements, as follows:

e Uncertainty due to GCM or RCM model (inter-modal uncertainty)

e Uncertainty due to different downscaling methods (downscaling uncertainty)

e Uncertainty due to hydrological model parameters (parameter uncertainty)

e Uncertainty due to different realization of the same GCM (intra-model

uncertainty)

1.6.2 Uncertainty analysis in climate change projection
Hydrological forecasting systems are always dependent upon the dataset used, parameters

considered as well as the hydrological models used for simulation and projection. However,
studies show that all these quantities are associated with some kind of uncertainties. Physical
processes like cloud formation, ocean water circulation, ice and snow albedo, water vapor
formation and warming are complicated processes and hence difficult to model at a smaller
scale. Therefore, use of downscaled data from GCM based simulations brings uncertainties in

the future projections.

Detailed analysis of the associated uncertainties should be done for understanding the
reliability of the results. Wilby (2005) has done an uncertainty analysis of water resources
model parameters used for climate change impact assessment. It was recommended that routine
sensitivity analyses should be done for climate-change impact assessments to quantify
uncertainties related to parameter instability, identifiability and non-uniqueness, while using
conceptual water balance models. Buytaert et al. (2009) analysed the impact of GCM model
uncertainties on precipitation, temperature and evapotranspiration and assessed its propagation
through hydroclimatic model to impact stream flow. They found that these uncertainties widely
affected the future projection of stream flow, exhibiting diverse results for different GCM
model. Najafi et al. (2011b) assessed the uncertainties associated with GCM models and
hydrologic model selection in climate change impact studies and indicated their importance.
Jung et al. (2012) have done an uncertainty assessment of climate change impacts for two

hydrologically distinct river basins, one dominated by snowfall in winter and the other
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dominated by rainfall in all seasons. The results indicated the need of more careful
interpretation of runoff projections for snow-dominated regions. Chen et al. (2013) has
evaluated the uncertainties related to empirical downscaling methods in quantifying climate
change impacts on hydrology in two North American river basins. They emphasized on using
multi-model climate projections and downscaling approaches for better assessment of
uncertainty. Kumar et al. (2013) have presented a high-resolution multi-model projection for
climate change over India and assessed the uncertainties associated with the approach. The
results indicated that the RCMs simulated precipitation and temperature changes are largely
influenced by the driving models and the impact of the GCM on projected precipitation change
IS as strong as the variability among the RCMs. Wang et al. (2013) have assessed the climate
change impacts and associated uncertainty of extreme rainfall events in the Apalachicola River
basin, Florida. They found that rainfall of the base period has been significantly overestimated
by some models. Chen et al. (2014) have assessed the influence of climate change on mean
annual rainfall in monsoon areas of Asia. It was found that, different basin responds differently
to the same climate change scenario indicating uncertainty. Lespinas et al. (2014) have assessed
uncertainties associated with regional climate models and hydrological models. They stated
that uncertainties may arise due to the choice of RCM scenario, choice of hydrological model,
choice of formula used for PE estimation, choice of calibration period considered and the
dynamical parameterization of the hydrological model. Milne et al. (2014) have analysed
uncertainties in the estimates of nitrous oxide and methane emissions in the UK’s greenhouse
gas inventory for agriculture, using Monte Carlo simulation. They suggested that firm guidance
should be provided by IPCC on this issue, as several countries are moving towards inventory
models with disaggregation. Najafi and Moradkhani (2015) have analysed the impacts of
climate change on extreme values of runoff by applying multi-model ensemble analysis and
assessed the uncertainties associated with the process. Results indicated that maximum
temperature, minimum temperature and wind speed had less variations among different model
simulations, whereas precipitation and runoff showed significant variations indicating high
spatial variability within individual RCMs. Neupane et al. (2015) have studied the changes in
hydrological projections due to climate change and deforestation. They found uncertainties in
the climate variables, that might have occurred due to extreme topographical variations of the
Himalayan region. Remesan and Holman (2015) evaluated the effect of meteorological data
selection for baseline period and found existence of substantial influence of baseline data
selection on climate change impacted future hydrological simulations. (Woldemeskel et al.

(2016) have mentioned that there are three main sources of uncertainty associated with GCMs
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in climate projections: model structure, the emission scenarios and natural variability. Joseph
et al. (2018) have compared the parameter uncertainty (uncertainty arising from hydrological
parameterization in climate change projections) with climate model uncertainty in hydrologic
climate change impact assessments. It was found that, climate model uncertainties are
significant in all seasons of a year and for all hydrological variables. Whereas, parameter
uncertainty is almost negligible in comparison to huge climate model uncertainty. Shen et al.
(2018) have mentioned that uncertainty associated with GCM maodels is the largest contributor
of uncertainty in climate change impacted hydrological predictions. Soraisam et al. (2018) have
assessed the uncertainties associated with different types of observed as well as reanalysed or
downscaled datasets and their future projections. Gao et al. (2019) assessed the uncertainty
associated with bias-corrected climate change projections and its influence on streamflow and
watershed hydrology. The study exhibited that the streamflow sensitivity to selection of bias-
correction of data is less than GCM selection, but more than sensitivity to RCM selection.

1.7  IDENTIFICATION OF THE PROBLEM
After observing the recent studies thoroughly, it has been established that the impact of climate
change on water resources is a major issue throughout the world. More emphasis is given on
various downscaling techniques that incorporates the use of Global Climate model (GCM).
Application of fuzzy clustering has gained lot of interests from researchers as it helps in
identification of hydrologically homogeneous climatic regions. However, there are a number
of downscaling techniques that can be used. Furthermore, there are various types of climate
models available for different emission scenarios/RCPs, provided by various organizations and
climate centers. In addition to that, there are various hydrologic models available for
hydrological analyses. The selection of appropriate hydrologic model, GCM as well as
downscaling technique is not very clear from any of those works. They are basically dependent
on the characteristics of the study area and hence varies from region to region. Also, there are
a lot of uncertainties related to these model applications. Although some researchers have
identified few approaches for selection of these models and techniques for a particular region,
yet there is a need for an acceptable methodology for assessing a climate change impacted
simulation model. Hence, if it becomes possible to delineate a region into some homogeneous
clusters, in which same downscaling technique can be applied without having much variation,
then it will be very useful in further studies related to water resources planning and

management.
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It was also noticed that, orographic disposition of a region affects the overall results. Few
studies could be found that have incorporated the topography of the study area for analyses,
yet enormous scope and need for study is there on projecting future impacts of climate change
considering the effects of the orographic arrangements. Hence there is a need for developing
methodologies for climate change impact studies that will take into account for the overall
orographic arrangement, including locational parameters (latitude, longitude and elevation)

and the complexity of the terrain.

1.8 OBJECTIVE AND SCOPE OF THE PROPOSED RESEARCH WORK
The primary goal of the study was to determine homogeneous hydroclimatic regions in
northeast India and to analyse impacts of climate change on temperature and rainfall

projections, with inclusion of orographic influence. Key objectives are defined as:

1. Delineation of the northeast Indian region into homogeneous clusters using fuzzy
clustering approach.

2. Development of statistical downscaling models for predicting temperature and rainfall
from GCM outputs and to compare the results of different models within a cluster.

3. Assessment of orographic effect on model simulations by incorporating orographic
factor.

4. Comparison of different model simulations and assessment of associated

uncertainties.

1.9 ORGANIZATION OF THE REPORT
Chapter 1 Begins with introduction to the research topic. GCMs and their usage are
explained and need of downscaling and clustering in climate change studies
are discussed. It also highlights the influence of orography in climate

related studies.
Finally, the objectives of the study are defined.
Chapter 2 Presents the previous literatures related to climate change studies.

Chapter 3 Discusses the general methodology for delineation of a region into

homogeneous clusters. Study area for the present work is described. Results
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Chapter 4

Chapter 5

Chapter 6

Chapter 7

of fuzzy clustering are presented and comparison of the results are made

with similar studies done previously.

Discusses the methodology of downscaling for climate projections.
Statistical downscaling models are developed for predicting temperature
and rainfall from GCM outputs and results are compared for different

models within a cluster.

Assesses the orographic effect on model simulations. Topographical
characteristics and wind flow pattern of the area is rigorously studied.

Orographic factor is developed and incorporated in model simulation.

Compares the different model simulations with and without inclusion of

orographic factor. Also, associated uncertainties are assessed.

Presents the summary, conclusion and future scope of the research work,
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Chapter 2

LITERATURE REVIEW

This chapter begins with an outline of some of the literatures available on the importance of
climate change impact studies and how it is affecting the water sector, with special emphasis
on India. In the next section, regionalization, homogeneity tests and clustering approaches are
reviewed to understand their applicability in the field of water resources. Application of various
downscaling techniques in climate change impact analysis as well as uncertainty related to
various sources that affects the impacts of climate change, which are reviewed in detail in the
following sections. A critical appraisal of the reviewed literature has been presented, based on
which the scope of the present research work has been defined.

2.1. IMPORTANCE OF CLIMATE CHANGE IMPACT STUDIES
For the past few decades, many researchers have attempted to present by means of their studies,
that the climate is changing at an alarming rate and this issue needs to be addressed both at
global as well as at regional level. Number of studies can be found which explain the
importance of climate change knowledge in hydrology, water resources, agriculture, urban
planning, ecosystem, land use change, environmental studies and so on. Some of these

literatures are summarized below:

Eliasson (2000) stated that urbanization is inevitably related to climate change. In one hand
urbanization influences climate change by affecting air quality and energy consumption, while
on the other hand, change in the climate conditions causes more problems in urbanization. The
study was mainly focused on finding out the importance of climate knowledge in urban
planning process. It exposed that while there was an interest among urban planners to
incorporate climate knowledge, unsystematic use of climatic information eventually resulted
in low impact of the knowledge on urban planning. This was due to several constraints such as
conceptual, technical, organisational, policy making etc. Hence, there is a need to address these

constraints, if climate change is to be incorporated in urban planning.

Sharma and Shakya (2006) stated that the impacts of climate change on hydrological resources
of a country should be assessed well in advance, before any long-term planning and water
resources management program is carried out. They analysed the hydrological changes in
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Bagmati watershed in Nepal. This watershed has the country’s second largest hydroelectric
plant in upper region and agricultural fertile land in the lower region. As the climate is
changing, the trend of monsoon precipitation was showing degreasing tendency. They noticed
a drift of hydrograph pattern also which affects water availability, eventually affecting the
hydropower production, rice and wheat production. Furthermore, frequency and duration of
flood exhibited increasing trend, though the overall magnitude of flood was decreasing. Water
volume reduction in the downstream side towards India may kindle water conflicts between
India and Nepal. It has been suggested that appropriate water policy should be formulated to
address these changing scenarios.

Aguilera and Murillo (2009) explained the importance of determining the effect of climate
change on natural ground water resources. They used a simple model to understand the impacts
on natural water recharge to aquifers. The model termed as Estimation of Recharge in Over-
exploited Aquifers (ERAS) simulates monthly water recharge to an aquifer with the use of
basic data such as precipitation, temperature, storage coefficients and groundwater extraction.
The results based on their study revealed a logarithmic decreasing trend in recharge of aquifers
in the future. Furthermore, the percentage of effective precipitation and recharge to ground

water storage with respect to actual precipitation is found to be progressively reducing.

Rahman et al., (2010) studied the impacts on morphological behaviour of the major river
systems in Bangladesh, with the use of mathematical models MIKE 11 and MIKE 21. Existing
morphological conditions were compared with predicted conditions. They stated that due to
the effect of climate change, there is a possibility of rise in precipitation, temperature and sea

level in near future.

Karamouz et al. (2011) stated that incorporation of climate change effects on urban water
studies might help in achieving reliable results, that could be helpful in urban development
planning. They proposed an algorithm for selection of the Best Management Practices (BMPs)
to improve performance of urban drainage system, integrating anthropogenic and climate
change effects. The algorithm was applied in Tehran metropolitan area. The results showed
that there might be significant increase in high intensity rainfall events, eventually leading to

more flash floods.

Estrela et al. (2012) did a detailed review on increase of hydrological stress as a consequence
of climate change in Spain. Their study revealed that climate change will cause water shortages

in the semi-arid zones, which will imbalance the resource-demand ratio. There might be 10%-
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30% runoff reductions for the whole country throughout 21st century, impacting the water
management sector. They specified the necessity of improved assessment and requirement of
adaptation strategies in river basin management plans as well as in water related decision-

making policies.

Hoyer and Chang (2014) assessed the impact of climate change and urbanization on freshwater
ecosystem in Tualatin and Yamhill basins of Oregon. These basins are the fastest growing
metropolitan areas of Oregon, where hotter and drier climate had been predicted as a result of
climate change. The study revealed that estimates of water yield are highly sensitive to changes
in the climate. Hence, they suggested inclusion of estimated changes under different climate

conditions in land management decisions.

Runting et al. (2017) stated the importance of incorporating climate change and its uncertainty
assessment in ecosystem services and decision making. They systematically reviewed
literatures on climate change, which indicate significant impact on ecological services. They
suggested that, for efficient allocation of resources for climate adaptation, effective
management outcomes and decision-making, there is a need of integrated approaches with

inclusion of multiple factors of change and sources of uncertainty.

Nkhonjera (2017) as well as Nkhonjera and Dinka (2017) did an extensive review on
significant studies available on direct and indirect impact of the changing climate on
groundwater resources in Africa. They considered the Olifants River basin as their area of
interest. They stated that, since the number of studies available is inadequate, hence carrying
out these kinds of climate change related scientific studies is essential to ensure quality and

sustainability of water resources in Africa in the future.

2.2. CLIMATE CHANGE EFFECTS IN INDIA
Many research works and projects on climate change impact studies in Indian context are

already going on. Some of the literatures are summarised below:

Mehrotra and Mehrotra (1995) have studied the climate change and hydrology with emphasis
on the Indian subcontinent. They mentioned that, the major impacts of climate change in India
would be on the hydrology, water resources and agriculture of the country. A sensitivity
analysis was done by them on three basins situated in different agro-climatic zones, by using

hypothetical scenarios for changes in temperature and precipitation. They stated that non-
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availability of data and base record is the major restriction to draw a definite conclusion.
Downscaling of GCM output to regional and sub-regional levels, by using suitable models for
analysis, could be a solution for incorporating inter-annual variations in temporal and spatial
scale. In case of water availability in storage reservoirs, they noticed significant impact of the
changing climate. Hence, they suggested inclusion of impacts of climate variations in design
and operation of water resources projects. Moreover, impact analysis of climate change on
agriculture should include combined effects of CO, and other greenhouse gases, change in
climatic conditions on regional scale, along with impacts on weeds, pests, diseases and other
stresses, as suggested by them.

Gosain et al. (2006) have developed a hydrologic model for assessment and quantification of
climate change impacts on various river basins of India. The model has been developed using
Soil and Water Assessment Tool (SWAT) and HadRM2 daily weather data that determines
spatial-temporal water availability in various river systems. The study indicated deterioration
of the present conditions in terms of intensity of floods and severity of droughts in various parts
of India. Two river basins predicted to be worst affected are assessed in detail: one affected by
flood (Mahanadi) and the other affected by drought (Krishna). Based on the results they
suggested that there is a need of several adaptation strategies ranging from change in land use,
flood warning systems, cropping pattern to water conservation etc. Furthermore, there is a need

of rigorous integrated analysis before taking any policy decision.

Mujumdar (2008) has given an overview of the Indian water resources scenario and
assessments done on impact of climate change in various aspects of water resources. He stated
that there is a need to understand the impact of global scale climate change on the local
terrestrial hydrology. Furthermore, the changes in hydrologic extremes, irrigation demands,
water availability, storm intensities, flood control and urban drainage design, saltwater
intrusion etc. need to be addressed by utilizing the facilities of newly develops modelling and
assessment tools. Also, to attain sustainable solutions for water resources management in the

country, robust development in operating as well as development policies will be needed,

Kumar and Sarma (2010) conducted a case study in the Sonitpur district of Assam, India, to
investigate the extent of climatic variation and scope of utilizing rainwater harvesting (RWH)
system for irrigating small agricultural field. Analysis of climatic parameters has revealed the
increase in dry spell, increase in temperature range, and decrease in total annual rainfall, which

will affect the agriculture. Scope of irrigating agricultural field through RWH system has been
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analysed considering cultivation of the most critical crops (maize, potato and tobacco) from
water requirement point of view. It was suggested that successful implementation of RWH
system might act as a beneficial source of irrigation and would help in meeting the agricultural

water requirements of the region.

Deka and Sarma (2011) have carried out a study to quantify the climate change impacts on
precipitation characteristics of Brahmaputra Basin. Two stations in the basin were selected
based on their contrasting features and data availability: (1) Gerukamukh rainfall station,
located on the upper region and (2) Rainfall station at Guwahati, situated at the lower region
of the basin. A Statistical downscaling model (ASD-Automated Statistical Downscaling
model) is developed by using the National Centres for Environmental Prediction (NCEP)
reanalysis data, along with observed meteorological station data. The model was used to
generate future scenarios for temperature and precipitation by utilizing large-scale predictor
variables from Global Climate Model (GCM) outputs (HadCM3 daily weather data under A2
scenario). The results exhibited decrease in precipitation in early monsoon period, while
precipitation in late monsoon was found to be increasing in near future. In case of temperature,
there might be up to 1.8° C rise in the maximum temperature averaged over month. It was
experienced during the model development that selection of predictors plays a vital role in

downscaling of GCM.

Sarma et al. (2012) under the network project taken by B. P. Chaliha Chair for Water
Resources, carried out studies on the impact of climate change on water resources of
Brahmaputra basin and adaptation strategies with regard to planning, design and management
of water resources systems of the basin. The study indicated significant changes in temperature
and rainfall pattern of this basin in future. High intensity rainfall for short duration and longer
dry spells will deteriorate the flood and drought situation of the region. A climate change study
has been carried out in Golaghat district which is considered as drought affected area. In this
study, Dhansiri river (southern region) has been selected for the study. Statistical downscaling
was done using Multiple Linear Regression. Predictor selection has been based on the
correlation and Stepwise Regression. From the study, it was found that, the rainfall intensity
(mm/day) will increase in future causing more erosion and flood. At the same time number of

dry day will also increase, as such leading to drought situation.

Sarma et al. (2013) developed an optimization model for optimal Ecological Management

Practice (EMP) to minimize impact of climate change and degradation of watershed due to
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urbanization. This model was applied to a watershed of 0.17 km2 to explore its applicability in
real condition. To determine the sediment yield and peak flow, RUSLE model and Rational
Formula were applied respectively. Topographic parameters were extracted from DEM and
other thematic layers prepared in GIS. Optimization tool box of MATLAB was utilized to
formulate as well as solve the problem. The study provides an idea for enhancing sustainability
of EMPs by utilizing the carbon sequestration potential of vegetation, which can be adopted by
industries to earn carbon credits, thus compensating their greenhouse gas (GHG) emissions.

Dutta and Sarma (2020) has done a rigorous study on Brahmaputra river basin, to develop a
hydrological model that can be used even in data-scarce regions of the basin. Brahmaputra
basin, being a transboundary river basin and due to its complex hydroclimatic characteristics,
imposes a lot of challenges on researchers. The hydro-climatological information available for
the region is limited. To overcome this situation, various combinations of observed as well as
generated datasets were utilized to develop a reliable SWAT model. The results showed that
the observed weather stations data (IMD gridded data + China weather data) along with
Climate Forecast System Reanalysis (CFSR) data provides acceptable hydrologic assessment
for the Brahmaputra basin. Hence, this combination of dataset can be used for estimation of
outflow at any desired outlet on the basin. Validation of the above statement is examined for
discharge at Dhansiri river basin outlet in Gologhat, Assam. They have also mentioned that,
this dataset can be utilized for GCM downscaling and climate change projection in the

Brahmaputra basin, where data-scarcity creates huge uncertainty.

2.3.REGIONALIZATION, HOMOGENEITY TESTS AND CLUSTERING
APPROACHES

Modelling of hydrological processes like precipitation, temperature etc. is very complex as
most of the descriptive variables (soil, topography, land-use, rainfall) have different spatial and
temporal variations. Therefore, to overcome the difficulties involved, regionalization of the
region or area of study can be done. Regionalization is the process of finding out homogeneous
groups of watersheds with similar hydrologic response, which helps in hydrologic design,
planning and management of water resources systems. Literatures indicate that, in the past,
political and geographical boundaries are used as a basis of forming homogeneous regions
(Thomas and Benson, 1970; Chew and Heiler, 1974; NERC, 1975; Beable and McKerchar,
1982). However, use of political and geographical boundaries is found to be not very
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convincing while forming hydrologically homogeneous regions. Even for two catchments
which are found to be similar in hydrological responses, may only partly resemble to one
another. Hence, it is not justifiable to assign those to only one group (Rao and Srinivas, 2006a).
In recent years, various soft computing methods like clustering techniques are being used to
model complex hydrological processes. These methods can efficiently simulate the real-life
hydrological processes without prior knowledge of the exact relationship between variables
(Chavoshi et al., 2013).

Many researchers have applied principal component analysis (PCA) for finding out
hydrologically homogeneous regions. Bedi and Bindra (1980) used PCA for explaining the
correlation among the monsoon rainfall over various parts of the Indian subcontinent. Bérring
(1987) applied PCA, along with common factor analysis and spatial correlation, to define the
spatial patterns of daily rainfall in central Kenya. Bonell and Sumner (1992) used S-mode PCA
and Cluster Analysis to find out atmospheric circulation and daily precipitation pattern in
Wales.

Kulkarni et al. (1992) have used map-to-map correlation method and k-means clustering
method for classification of summer monsoon rainfall patterns over India, using 120-year
period data (1871-1990). They used empirical orthogonal functions (EOFs), which is similar
to principal components analysis except that the EOF method can find both spatial patterns and
time series. Six distinct types were obtained from both EOF and k-means method. It was
observed from the study that the monsoon rainfall for the country as a whole may have no

relationship with the spatial patterns.

Guttman (1993) has used L-moment test in determination of regional precipitation climates in
continental United States. He established a methodology or algorithm for defining regions of
similar precipitation climates that are homogeneous with respect to the statistical distribution
of annual precipitation. The algorithm consists of a two-step iterative procedure: the first step
is clustering of sites based on seven variables on which precipitation depends, and the second
step is the test of discordancy and homogeneity. SAS average linkage and Ward’s minimum
variance hierarchical clustering software are used for the initial physically based clustering.
Then homogeneity of annual precipitation amounts within a region was evaluated by using L-
moment techniques. The methodology resulted into 104 precipitation regions within the
continental United States. Problems were encountered mainly in mountainous and arid regions,
which were resolved in all but three regions by examining orography and/or the data.
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Gadgil et al. (1993) delineated the Indian region into rainfall zones that are coherent with
respect to the variations of summer monsoon rainfall. They found that for every pair of stations,
trend of summer monsoon rainfall was positively correlated; and for each zone the mean inter-
series correlation was high. An objective method was specifically developed for delineating
the rainfall zones, using the inter-series correlation data. This method was suggested as
appropriate for regionalization study of Indian region, based on rainfall variation of summer

monsoon on interannual and larger scales.

lyengar and Basak (1994) used principal component analysis (PCA) for regionalization of
Indian monsoon rainfall. Four principal regions were first demarcated, having four different
interannual variability signals, from which ten homogeneous sequential regions were formed.

The PCA approach was recommended for further subdivision of the region.

Fill and Stedinger (1995) have mentioned about the importance of homogeneity test for
regional flood frequency analysis. They performed homogeneity tests based upon Gumbel
distribution and had done a critical appraisal of Dalrymple’s test. The study analyzed the
relative performance of Dalrymple’s test, a normalized quantile test based on L-moment
parameter estimation (X-10 test), and a method of moment Cv test (MOM-Cv test).
Dalrymple’s original test showed error and hence a corrected version was developed, whereas
L-moment X-10 test was always found to be more powerful than the other two methods. It was

recommended that, Dalrymple’s original test should not be used for homogeneity test.

Singh and Singh (1996) have analysed the space-time variation and regionalization of seasonal
as well as monthly summer monsoon rainfall of the sub-Himalayan region and Gangetic plains
of India, by using principal component analysis (PCA). For the purpose, rainfall data for a
period of 114 years (1871-1984) were used, from 90 well distributed stations. The 4 leading
PCs that explained 52 to 61% of the variance for seasonal and monthly rainfall respectively
were found statistically significant. When rotated by the varimax-rotated Principal component

method (RPC), four distinct homogeneous rainfall areas were formed for both time scales.

Burn (1997) gave a regionalization approach for flood frequency analysis, using seasonality
measures. The approach was employed to a set of catchments in the Canadian prairies.
Comparison between seasonality-based region of influence (ROI) and ROI formed through the
use of a GA search technique was done, from which seasonality-based ROl was found to be

better. The approach was found to be effective in regionalization.
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Adelekan (1998) examined the spatio-temporal variations in thunderstorm rainfall over
Nigeria, using daily rainfall data. They illustrated that orography and moisture content of the
region play an important role in the occurrence of thunderstorms. By using elementary linkage
analysis, 19 stations were grouped into six thunderstorm rainfall regions, which showed

internal coherence in terms of temporal fluctuations of thunderstorm rainfall.

Hall and Minns (1999) have done hydrologically homogeneous clustering for flood data of the
southwest of England and Wales, using Kohonen Network method and Fuzzy c-means method.
They illustrated that homogeneous regions may be better defined by Representative Regional
Catchments (RRCs), which have characteristics that are hydrologically more appealing than
the regions formed by geographical boundaries. Both Kohonen network and fuzzy c-means
method were found to be effective in identifying similar RRCs and hence recommended
feasible for applying on a country-wide basis homogeneous clustering.

Wotling et al. (2000) have done regionalization of extreme precipitation intensities in the
volcanic island of Tahiti using principal components of the topographical environment. They
focused on how the method automatically takes into account the topographical relief features.
Principal component analysis of a digital elevation model supplies a limited set of variables
describing the topographical environment, called as descriptors, which are linked to the
parameters of the rainfall intensity Gumbel distribution by using a stepwise regression adjusted
on 20 point-rainfall records. The model is then applied on a regular 300-points grid node, and
interpolated using a spline function. The relationship between the rainfall parameter
distributions and the topographical descriptors is found to be very strong, and the method
supplies a direct estimation, in space, of the rainfall statistics through the regression model.
Validation of the results and comparison with simple kriging interpolation show the relevance
of the approach. However, more data are needed for a better confidence in the parameter
estimation in some areas of the island. They finally concluded that, this automatic and objective
method could be applied in any mountainous area, where topography has a major influence on

the precipitation features.

Dinpashoh et al. (2004) have given an approach of variable selection using multivariate
methods, for regionalization of Iran’s precipitation climate. Initially, those variables were
selected which represent most of the information from all candidate variables, using Procrustes
Analysis. The selected variables were then used in factor analysis and clustering techniques.
77 weather station datasets (1956-1998) were used in the study. The H and Z-statistics, based
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on L-moment technique, were used for the homogeneity test of each region. Seven distinct
regions were formed by the approach, out of which six regions were homogeneous and one
was found to be heterogeneous.

Goktepe et al. (2005) used hard k-means and fuzzy c-means algorithms for clustering of fine-
grained soils in terms of plasticity index and shear strength, for Antalya region in Turkey.
Laboratory tests were performed on 120 undisturbed soil samples, collected from the region.
20 fine grained soil samples were also collected from other regions of Turkey, to determine
whether the clustering analysis has generalization capability or not. Fuzzy c-means algorithm
was found to be better than hard k-means method in the study, and was suggested for
classification of fine-grained soils based on shear strength and plasticity index. Moreover, it
showed the capability of handling uncertainty related to the soil parameters.

Rao and Srinivas (2006a) have done regionalization of watersheds in Indiana, USA by hybrid-
cluster analysis, that use agglomerative hierarchical clustering algorithms for clustering and
partitional clustering procedure (the K-means algorithm) for refining the identified clusters.
Three hybrid clustering algorithms are considered to determine their efficiency in
regionalization, those are single linkage, complete linkage and Ward’s algorithms. To evaluate
the effectiveness of the partitions obtained from the cluster algorithms, four cluster validity
indices are used viz. cophenetic correlation coefficient, average silhouette width, Dunn’s index
and Davies-Bouldin index. The hybrid of Ward’s algorithm and K-means algorithm is found
to be effective in minimizing the effort needed for identification of homogeneous regions for

flood frequency analysis.

Rao and Srinivas (2006b) have also applied fuzzy cluster analysis for regionalization of the
watersheds in Indiana, USA, by using annual maximum flow data. When hard clustering
algorithms were used for regionalization, considerable effort was needed to adjust the clusters
so that they become homogeneous. Fuzzy clustering allows a catchment to have partial
memberships to one or more regions. Hence, it reduced their effort in adjusting the clusters
while improving their homogeneity. The analysis yielded seven acceptably homogeneous

hydrologic regions in the Indiana region.

Owen et al. (2006) have used principal component analysis (PCA) and cluster analysis for
urban land classification in the UK West Midlands. An area covering 900 km? of the UK West

Midland metropolitan region was chosen for the study. PCA was done to reduce the
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dimensionality of the input land-cover data, having a large number of attributes (e.g. urban,
villages, open land, motorway, etc.) and the urban classification were derived by cluster
analysis. The output of the study divided the area into eight urban land-cover classes of 1 km?
pixel size having similar urban land morphology. Clustering analysis using agglomeration
technique on the extracted components, is associated with a lot of uncertainties that were
investigated in detail using fuzzy-type analyses. They stated that, the method can be readily
adapted to other metropolitan areas where basic urban features (e.g. roads, housing density) are

gridded and can become useful for environmental and ecological surveys.

Abida and Ellouze (2006) have discussed an innovative method for hydrological delineation of
homogeneous regions in Tunisia, based on the shape of the empirical Cumulative Distribution
Function (CDF) and similarities of physiographic and climatic characteristics. This resulted in
dividing Tunisia into 10 homogeneous regions. Based on annual flood data of 49 hydrometric
stations, with record lengths ranging from 10 to 100 years, spatial trends of the shape of the
CDF were employed to identify mixed processes in the flood series. This resulted in dividing
the study area into mixture and non-mixture zones. Hydrologic homogeneity of the delineated
regions was tested by L (Linear) moment-based statistical tests. The exercise resulted in
dividing Tunisia into 10 homogeneous regions, where mixed flood processes haven’t been

recognized.

Venkatesh and Jose (2007) have done a study to identify homogeneous rainfall regimes in parts
of Western Ghats region of Karnataka. The study area covers one coastal district and its
adjacent areas in the state of Karnataka. To evaluate the rainfall variation pattern, several bands
were constructed across the ghats parallel to the latitudes and the statistical analyses (cluster
analysis and analysis of variation) were conducted. For this purpose, they used mean annual
rainfall data from 93 rain gauge stations for a period of 10-50 years. The study gave three
distinct rainfall zones: Coastal zone, Transition zone and Malanad zone. Also, it revealed that
maximum rainfall occurs on the windward side of the ghats ahead of the geographical peak.

The study was found to be quite valid for the study area.

Viglione et al. (2007) made comparison among different homogeneity tests for regional
frequency analysis. Homogeneity tests based on L moments ratios and two other rank tests
were used for comparison and their performance were assessed by using Monte Carlo
simulation. The evaluation was also done by varying the number of sites in the regions, length
of the series, type of parent distributions as well as degree of heterogeneity. They suggested
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that moments-based tests perform better for slightly skewed samples, while in case of high
skewness the rank tests are better.

Pelczer et al. (2007) applied cluster analysis to achieve a regionalisation of the Sonora River
Basin in the Sonora State, Mexico, into homogeneous zones. Two methods were compared,
the hierarchical Ward’s method and the non-hierarchical K-means method. By comparing
results, it is showed that the K-means algorithm was an effective method to achieve climatically
homogeneous zones in the Sonora River Basin. It was also observed that working with average
values could mask maximum and minimum values that can influence the climatic variability.
It is also important to know the conditions at the surface, to find out if the regionalisation
obtained is reliable.

Plain et al. (2008) have proposed a spatially explicit seasonal forecasting model to create
climate memberships over time and location, by the use of fuzzy spatiotemporal clustering of
long-term (40 years) daily rainfall and temperature data. The model was applied on the data
obtained from weather stations of south-east Australia, covering subtropical to arid climate
zones. Hence, the model includes both local climate information and continental drivers. The
6-month final forecast of rainfall and maximum average temperature produced relative errors
of 0.56 and 0.89, with Pearson correlation coefficients of 0.82 and 0.83, respectively. This

indicated reasonable accuracy of the predictions from the proposed model.

Recently, a modern hydro-informatic tool, named as Self-Organization feature Map (SOFM)
has been applied in several studies for clustering watersheds. However, this particular method
is not alone sufficient to achieve reliable homogeneous regions. Srinivas et al. (2008) have
done regional flood frequency analysis (FFA) for watersheds in Indiana, USA, by combining
fuzzy clustering with self-organizing feature map. They demonstrated a two-level SOFM-
based clustering approach, in which the SOFM is used to form a two-dimensional feature map
at first level and the outputs of SOFM are clustered by the use of Fuzzy c-means algorithm in
the second level. They found that SOFMs serve as a useful precursor to clustering algorithms,
when used for regionalization of watersheds. Performance of the proposed approach is
compared with the results from other methods based on regression analysis and canonical

correlation analysis, and it was found better in estimating flood quantiles at ungauged sites.

Sadri and Burn (2011) have adopted a Fuzzy C-Means approach for regionalization, using

bivariate homogeneity and discordancy approach. The regions are formed based on bivariate
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criteria instead of univariate ones; the two variables being severity and duration. This approach
is applied to the records of 36 unregulated flow monitoring sites in Canadian prairie provinces
of Alberta, Saskatchewan and Manitoba. Instead of traditional univariate L-moment statistics-
based tests for homogeneity and discordancy, they used multivariate L-moments i.e. L-
comoments. The fuzzy clustering approach, called Fuzzy C-Means (FCM) was used to form
the initial clusters and adjustments were done to form final clusters so as to meet the criteria of
homogeneity, lack of discordancy, and sufficient size. Also return periods were estimated using
a bivariate copula method.

Satyanarayana and Srinivas (2011) have done an experiment on regionalization of precipitation
in data sparse areas based on fuzzy clustering approach. They mentioned that, in ungauged
areas as well as in areas having sparse rain gauge density, conventional method of using direct
precipitation data may not be useful. Hence, they used large scale atmospheric variables
(LSAV), that influence the precipitation of the study area, instead of conventional data.
Furthermore, this approach has the ability to form clusters in ungauged areas where no at-site
precipitation data are available, due to the attributes that can be reliably estimated. The location
parameters (latitude, longitude and altitude), LSAVs and seasonal precipitation data are used
as features for regionalization. The approach was applied to delineate homogeneous annual
rainfall regions in India, and results were compared with those obtained using rainfall statistics,

regionalization based on hard cluster analysis, and meteorological sub-divisions in India.

Chen et al. (2011) has done risk analysis of flood disaster of 30 provinces in China in 2008, on
the basis of Fuzzy Clustering Method. To carry out the test, four indexes namely affected area,
housing collapse, number of deaths and direct economic losses were selected. The fuzzy
equivalent matrix was extracted through transitive closure method and the cluster graph was
obtained, which shows the classification of severity of floods. They found that fuzzy clustering

analysis method is appropriate for grade division of flood disaster.

Dikbas et al. (2012) have used fuzzy cluster method (Fuzzy C-Means: FCM) to classify
precipitation series and to identify hydrologically homogeneous regions. Total precipitation
data of stations are used for the study, operated by National Meteorology Works (DMI) in
Turkish basins. Based on a number of performance evaluation indexes, the optimal cluster
number was determined as six. The identified clusters are then checked for homogeneity by

applying regional homogeneity tests based on L-moments and found to be sufficiently
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homogeneous. Hence, they recommended FCM method classifying precipitation series and for

identifying hydrologically homogenous regions.

Mok et al. (2012) have suggested a robust adaptive clustering analysis method that
automatically identifies the desired number of clusters, producing reliable clustering solutions.
The proposed method first attains several clustering results from a specific algorithm (such as
Fuzzy c-means or k-means) and then integrates them as a judgement matrix. To get the final
results with desired cluster numbers, an iterative graph-partitioning process was implemented.
Cluster validity analysis, spectral clustering and cluster ensemble methods were used to find

out the applicability of the proposed method.

Chavoshi et al. (2013) has applied fuzzy expert system (FES) approach, optimized by genetic
algorithm to perform hydrological regionalization in the southern strip of the Caspian Sea
basin, north of Iran, that has been affected by severe floods in the recent past. 61 hydrometric
stations and 31 weather stations having 44 years of record data (1961-2005) are used in the
study. The FES approach incorporates physical characteristics, climatic characteristics, flood
seasonality and geographic location and is used to investigate the homogeneity of the
catchments. Genetic algorithm (GA) was then utilized to adjust parameters of FES and to
optimize the system. This approach was found better than the conventional hydrologic
regionalization methods possibly because it utilizes larger number of homogeneity parameters

and produced lower heterogeneity.

Saikranthi et al. (2013) used correlation analysis for identifying homogeneous rainfall regions
in India, on the basis of seasonal [southwest monsoon (SWM) and northeast monsoon (NEM)]
and annual rainfall. They used 51 years (1951-2001) daily rainfall data obtained for 1025 rain
gauges across the country for the analysis, which produced 26 homogeneous rainfall zones.
Results were compared with previous studies, which exhibited better performance of the
correlation analysis than other methods. The zones formed were also found to be homogeneous
in terms of amount, frequency, and type of rainfall. However, the degree of homogeneity
seemed to vary both in terms of amount of rainfall and the temporal scale, indicating plausible

changes in the homogeneity of regions, in future.

Farsadnia et al. (2014) have applied the Self-Organization feature Map (SOFM) technique to
cluster the Mazandaran’s province watersheds in the north of Iran. To identify the clusters,

two-level SOFM and three clustering methods (fuzzy c-mean, K-mean, and Ward’s
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Agglomerative hierarchical clustering) are used. The SOFM is used to form a two-dimensional
feature map, whose output nodes are then clustered by means of unified distance matrix
algorithm and three clustering methods to form the clusters for flood frequency analysis. The
combination of SOFM and Ward was found to be better than the combination of either SOFM
and K-mean or SOFM and FCM.

Darand and Mansouri Daneshvar (2014) used principal component analysis (PCA) and
hierarchical clustering analysis (HCA) for regionalization of precipitation in Iran. Daily
gridded APHRODITE precipitation data (1951-2007) were used for the analysis. The S—mode
of PCA was employed on seasonal-based precipitation correlation matrix with eight variables,
and varimax rotation was utilized to improve interpretability of PCA scores. Then, HCA was
applied, which exhibited nine distinct and homogenous regions. The Kolmogorov—Smirnov
test helped in identifying the independent regimes, on the basis of seasonal percentage of
precipitation distribution. Based on the results it was recommended that the method can be
effectively used in arid and semi-arid regions of mid-latitudes, especially in Middle East

countries.

Weiss et al. (2014) have used regional frequency analysis for homogeneous clustering of
extreme significant wave heights. They proposed a physically based method to form
homogeneous regions by detecting typical storms footprints, and applied it to delineate the
North-East part of the Atlantic Ocean. To identify storms that generates marine extremes, a
spatiotemporal procedure of de-clustering was applied. A clustering algorithm was then
employed, that relies on storm propagation, to detect the typical storms footprints. The method
proposed was found to be simple and effective, as it requires only the information about time
of occurrence of the observed extremes. Six physically and statistically homogeneous regions

were found in the study area.

Asong et al. (2015) have proposed an approach for regionalization of precipitation
characteristics in the Canadian Prairie Provinces incorporating large-scale atmospheric
covariates, teleconnection indices and geophysical attributes. This approach employed
combination of multivariate approaches such as principal component analysis, canonical
correlation analysis and fuzzy C-means clustering. Five homogeneous regions were formed
after the analysis, which were validated independently using statistics of monthly and seasonal

precipitation totals, and seasonal extremes.
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Bharath and Srinivas (2015) have proposed a new approach for delineation of homogeneous
hydrometeorological regions in India using wavelet-based global fuzzy cluster analysis, instead
of conventional principal component analysis. This approach extracts information from
wavelet transformations of the observed multivariate hydrometeorological time series, and
utilizes the same for regionalization by global fuzzy c-means cluster analysis. They stated that,
the approach can also explain the dynamic variability in time series and its non-stationarity.
Results were used for formation of Drought severity-area-frequency (SAF) curves for regional

drought analysis.

Agarwal et al. (2016) proposed a wavelet-based multiscale entropy method for regionalization.
The method uses wavelet transform and k-means based hybrid approach for clustering of
hydrologically homogeneous regions. Streamflow data from 1951 to 2002 at 530 selected
catchments across the United States are utilized to assess the performance of the proposed
method. The homogeneity tests performed after the analysis showed that the proposed method

can be effectively used in regionalization.

Irwin et al. (2017) have used location and atmospheric attributes in FCM algorithm for
delineation of homogeneous precipitation regions in two diverse Canadian climate regions: The
Prairie and the Great Lakes—St Lawrence lowlands regions. The attributes selected are location
parameters (latitude, longitude), site elevation, distance to major water bodies and atmospheric
variables at different pressure levels. The ability of the attributes was assessed in terms of
computational efficiency and regional homogeneity of precipitation statistics. Based on the
outcome, it was recommended to use location parameters and distance to water bodies for
regionalization of precipitation and to consider atmospheric variables for future climate change

applications.

Komalasari et al. (2017) have used descriptive statistics and cluster analysis to explain regional
pattern of extreme rainfall in Java Island. The analysis was performed to obtain centralization,
variation and distribution of the Maximum daily rainfall data (1983-2012). The statistics used
to describe the above information are mean, median, standard deviation, skewness, kurtosis
and Inter Quartile Range (IQR). For clustering, squared Euclidean distance and ward method

were applied. The analysis produced four clusters in the study region.

Kulkarni (2017) has used probability density function to divide the Indian subcontinent into

homogeneous clusters, using daily summer monsoon (June-September) rainfall at 357 grids of
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100 km x 100 km size. The analysis produced five clusters, out of which only one cluster
covered contiguous region and all other clusters were dispersed indicating the irregular
behaviour of daily rainfall pattern over India. In order to assess the possible changes in
clustering pattern in recent period, the study was done by using two time periods 1901-1975
and 1976-2010. The resulting clusters were found to be extremely different in the two time
periods, indicating more erroneous distribution of daily rainfall in the recent period.

Wang et al. (2017) have done regional frequency analysis of precipitation extremes with the
use of fuzzy c-means and L-moments approach, in Mainland China. They used a high-
resolution (0.50 x 0.50) daily precipitation dataset (1961-2013) to estimate spatial-temporal
patterns of precipitation extremes. The results divided the region into 50 homogeneous regions
based on location and mean annual precipitation characteristics. The goodness-of-fit (GOF)
test results showed that Generalized Extreme Value (GEV), Generalized Normal (GNO) and
Pearson type 111 (PE3) distributions fit well for most of the regions. They stated that the study
results can be utilized for further study in Mainland China related to climate change as well as

for prediction of extreme precipitation, flood prevention, control and management.

Mannan et al. (2018) have used climatic variables and self-organizing maps (SOM) to
regionalize India. An artificial neural network algorithm is used to derive the clustering
technique, along with four cluster validity indices to identify the optimal number of clusters.
For assessing the technique gridded rainfall dataset (0.25° x 0.25°) from Indian Meteorological
Department (IMD) for 34 years duration (1980-2013) was used. Climatic variables like
specific humidity, geo-potential height, air temperature, surface pressure, etc., were derived
from the Modern Era-Retrospective Analysis for Research and Applications reanalysis data-
set. 10 homogeneous regions were formed when only rainfall data was used, wheras
incorporation of climatic variables divided the region into 15 regions. All of the 15 delineated
regions were found to be homogeneous when subjected to homogeneity test, and were capable

of effectively capturing the spatial variability of rainfall.

Zaifoglu et al. (2018) have done regional frequency analysis using L-moments with time series
clustering approaches, using dynamic data sets in Northern Cyprus. Also, comparisons were
made among various clustering approaches such as shape-based, feature-based, and model-
based approach. The cluster analysis gave five homogeneous regions, and as per the goodness-

of-fit test, generalized logistic, generalized normal distributions and Pearson Type 111 exhibited
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the best fit. Monte Carlo simulation was used to evaluate the accuracy of the estimated

quantiles for different return periods, which exhibited spatial consistency.

2.4. DOWNSCALING APPROACHES
Now-a-days, General Circulation Models (GCMs) are widely used in climate change studies;
but GCMs are relatively coarse in resolution and therefore unable to resolve significant sub-
grid scale features, including topography and land use, as needed in hydrologic modelling and
impact assessment. Therefore, some form of downscaling is required to produce scenario of
finer spatial resolution than currently delivered by raw GCM output (Najafi et al., 2011a).
Some literatures available on downscaling are discussed below:

Heyen et al. (1996) have done statistical downscaling of monthly mean air pressure to sea level
anomalies. They developed a relationship between the anomalies of North Atlantic air pressure
and the locally influenced sea level in the Baltic sea region, in winter. The results have shown
good correlation during validation and the model was able to effectively reproduce decadal
variations of sea level. However, the model was purely statistical, without any consideration of

the plausible physical links between the variables.

Wilby et al., (1998a) have used statistical downscaling for simulation of hydrometeorological
variables. They developed empirical relationships between daily climatic variables using
GCM, for a catchment in Japan. It was found from their study that, NCEP reanalysis datasets
have dissimilarity with GCM datasets (HadCM2SUL). Hence, a relation between the two
datasets was made and the climatic variables have been predicted for future (2080-2099). Due

to high resolution of the datasets, the results have shown large percentage of error.

Later, Wilby et al., (1998b) made a comparison of different statistical downscaling methods
using GCM output. The downscaling methods used are WGEN, B-Circ, C-Circ, , SPEL and
ANNL1 and ANNZ2, and the GCM model used was HadCM2. From the analysis, substantial
variations were found among the downscaling methods. The WGEN method yielded minimum
variations between observed and simulated daily precipitation. On the other hand, ANN
methods showed poor performance due to inadequate simulation of wet-day occurrence

statistics.

Zorita and von Storch (1999) suggested a simple analog method for statistical downscaling and

compared the same with other available complex methods. This method associates the large-
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scale GCM simulations with the local variables observed simultaneously with the most similar
large-scale circulation pattern in historical observations. Compared with other statistical
methods like canonical correlation analysis, classification method, linear method, weather
generators and neural network, the analog method was found to be the simplest one with results
similar to the linear method.

Misra et al. (2003) have simulated seasonal values for a number of climatic variables using
dynamic downscaling. Multiple atmospheric global circulation models (AGCM) have been
used to develop the models for Amazon river basin, in South America. The Regional Spectral
Model (RSM) simulations were produced at 80 km resolution for summer season (January-
February-March). Comparison between the two models showed that RSM performs better than
AGCM.

Dibike and Coulibaly (2005) have made comparisons of hydrologic as well as downscaling
models under climate change impacts. Future variations of river flow and reservoir inflow have
been predicted Chute-de Diable sub-basin in the Saguenay watershed, using downscaled data
from LARS-WG (Weather Generator) and SDSM (regression-based method). Both daily
precipitation and temperature showed increasing trend, although the downscaled data from the
two models were not similar. The watershed analysis results exhibited increase in future river

flow and reservoir inflow under the impacts of climate change.

Mehrotra and Sharma (2005) developed a nonparametric nonhomogeneous K-nearest-
neighbour (KNN) based hidden Markov model, that was applied for spatial downscaling of
multisite daily rainfall occurrences. Four atmospheric circulation variables were used for the
study, over a 30-rain gauge-network near Sydney, Australia. The model developed can generate
rainfall occurrences conditional to a continuous weather state and mean rainfall over previous
day. It was further compared with the weather state—based parametric nonhomogeneous hidden
Markov model (NHMM) and a standard KNN model. Results showed that the adopted
continuous weather state in the proposed model successfully captured the daily rainfall

characteristics, in comparison to discrete state NHMM.

Zhang (2005) have done statistical downscaling of GCM output to predict soil erosion and
assessed crop production by using water erosion prediction project (WEPP) model. HadCM3
model was used to project monthly precipitation and temperature for 1900-1999 and 2070—

2099, under the GGa emissions scenario. The results indicated that the proposed downscaling
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technique could effectively assess the impacts of climate change on site-specific soil erosion
and crop production, owing to its simplicity and soundness.

Ghose and Mujumdar (2006) developed a methodology to forecast future rainfall scenario over
Orissa using GCM projections by statistical downscaling. The model developed was a linear
regression model that used GCM outputs of mean sea-level pressure and geopotential height
as explanatory variables. Fuzzy clustering technique was used to classify the PCs identified by
the Principal Component Analysis (PCA). The fuzzy membership values were then used in the
regression model with an assumption that different clusters have different effects of circulation
patterns on precipitation, and later modified with an appropriate seasonality term. The proposed
methodology was found to be computationally simple and it could model rainfall with a high
R? value. The methodology was used to forecast monthly rainfall over Orissa, that showed

possibility of increase in hydrologic extremes in future.

Mehrotra and Sharma (2006) have developed a framework of nonparametric stochastic
downscaling for multisite rainfall projection. Station downscaling of rainfall was performed
based on nonparametric nonhomogeneous hidden Markov model (NNHMM) that represents
spatial variation of wetness fraction of rainfall occurrences. The framework was applied at 30
rain gauge stations around Sydney, Australia, using GCM data. The result exhibited that when
separate treatment was provided for individual stations for rainfall amounts and occurrences,
accuracy of the representation of characteristics (like rainfall spell patterns, spatial distribution
of rainfall, low and high rainfall extremes at individual station, water balance and variability

etc) has been enhanced.

Kang et al. (2007) have done statistical downscaling using six dynamic models from APEC
Climate Center Multi-model Ensemble (MME) prediction system, in the Philippines and
Thailand. Correlation analysis and singular value decomposition analysis were used to attain
the atmosphere dynamic linkage, that provided a robust basis for the choice of predictor and
its range in predicted fields. Cross validation of downscaled MME predictions with observed
precipitation values has been done. The results indicated improvement in the prediction skill

for most of the stations.

Serrat-Capdevila et al. (2007) have done statistical downscaling of GCM models to quantify
the climate change impacts on hydrology of a riparian systems in the San Pedro basin,
Arizona/Sonara. 17 GCMs under 4 different climate scenarios have been used in the study to

achieve highest likelihood mean estimate and to quantify the uncertainty associated with the
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results. The results indicated decrease in the ground water recharge in the basin, affecting the

dynamics of the riparian area in future.

Anandhi et al. (2008) have presented a methodology for precipitation downscaling to river
basin with the use of support vector machine, in Indian context. Predictor variable were
extracted from NCEP reanalysis data, Canadian general circulation model (CGCM3) for
emission scenarios A1B, A2, B1 and COMMIT for 1971-2100. K means clustering technique
was used for seasonal stratification of past wet and dry season (using NCEP data), whereas
nearest neighbour method was applied for the future wet and dry season. Both resulted into two
clusters. A climatically sensitive region, the Malaprabha reservoir catchment is used as the
study area. The downscaling results indicated increase in rainfall in the future for all scenarios,
which highest projection for A2 and lowest projection for COMMIT.

Hessami et al. (2008) have done statistical downscaling of temperature and precipitation using
automated statistical downscaling (ASD). The regression-based approach was inspired by
SDSM model, developed by Wilby et al. (2002), and was based on backward stepwise
regression. NCEP reanalysis data has been used for calibration and two GCM models, HadCM3
and CGCML1, were used for future projection. The results indicated that ASD performs better
than SDSM for temperature prediction. However, for precipitation neither of the methods gave

good result.

Mujumdar and Ghosh (2008) have presented a methodology for downscaling based on fuzzy
clustering and Relevance Vector Machine (RVM). The methodology was applied to project
monsoon streamflow from three GCMs under two emission scenarios, in the Mahanadi river,
India. NCEP/NCAR reanalysis data was used to train the model. The results indicated decrease
in streamflow due to increase in temperature. Limitation of the study was that they assumed

stationarity condition for future in case of land use pattern.

Tisseuil et al. (2010) have done statistical downscaling of river flows using streamflow data of
51 stations located in southwest of France. Four statistical downscaling models were compared,
namely Generalized Linear Model (GLM), Generalized Additive Model (GAM), Atrtificial
Neural Network (ANN) and Aggregated Boosted Trees (ABT), for projected stream flow data.
Among these models, ABT was found to perform better. GCM model predictions (under A2
and A1B scenarios) indicated decrease in stream flow rate in the future for both pluvial and

nival regimes.
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Kannan and Ghosh (2011) attempted to address the limitation of statistical downscaling in
capturing correlation between multiple sites by representing the rainfall pattern in a river basin
using rainfall state. The methodology proposed was tested for the Mahanadi river basin in
India. The rainfall states were generated from GCM data by using k-means clustering technique
coupled with a supervised data classification technique, namely Classification and Regression
Tree (CART). Various cluster validity measures were applied to get the optimum number of
clusters in the observed rainfall data. The results indicated possible increase in the occurrences
of ‘almost dry’ and ‘high’ rainfall states and a decrease in the occurrences of ‘medium’ rainfall

states.

Najafi et al. (2011a) have done statistical downscaling of precipitation employing independent
component analysis (ICA) for predictor selection that determines spatially independent GCM
variables. These climate variables and available precipitation data of the upper Willamette
basin are used to calibrate three downscaling models: Multilinear Regression (MLR), Support
Vector Machine (SVM) and Adaptive-Network-based Fuzzy Inference System (ANFIS). They
found that the procedure given by them is successful in choosing the predictors for downscaling
the GCM data both in monthly and seasonal timescales. MLR is found to be an efficient method
for precipitation downscaling. By doing uncertainty analysis of the downscaling methods, they
found that model structures and input predictors are important factors in the downscaling

process and the main sources of uncertainties.

Vinnarasi (2012) in her project work, has focused on simulating the impact of climate change
with the use of downscaling methods, on the precipitation characteristics and stream flow
behaviour of Dhansiri River, a southern tributary of Brahmaputra basin. Downscaling has been
done in two ways: statistical downscaling using regression analysis and Artificial Neural
Network (ANN). The downscaling model uses CGCM3, HadCM3, and MRCGCM2 monthly
weather data under A2 scenario. The downscaling result has been used to predict the future
rainfall intensity. The result shows a 20 % increase in the average annual precipitation by 2100,
with an indication that rainfall in the future during early months of present monsoon season

would substantially decrease, whereas the rainfall is likely to increase in later part of the year.

Salvi et al. (2013) have projected daily rainfall of multiple sites in India using statistical
downscaling. The projection has been done at a resolution of 0.5° over the whole Indian
continent using Classification and Regression Tree (CART) and nonparametric kernel

regression technique. GCM developed by the Canadian Centre for Climate Modeling and
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Analysis is used for this study. To assess the uncertainty, five ensemble runs were performed.
The model appears to effectively capture individual station means, the spatial patterns of the
standard deviations, and the cross correlation between station rainfalls. The downscaling model
seems to capture the orographic effect on rainfall in mountainous areas of the Western Ghats
and northeast India.

Forsythe et al. (2014) have applied stochastic weather generator to assess climate change
impacts in a semi-arid region. A stochastic rainfall model (RainSim) combined with a rainfall
conditioned weather generator (CRU WG) have been validated with observed data and applied
to upper Indus basin. Validation results have shown good performance under complex
climatological behaviour of mountainous regions. Future projections showed year-round
increases in precipitation (with increased intensity in the wettest months) and year-round
increases in mean temperature. Relevant indices from the European Climate Assessment
(ECA) were used to assess the productivity of natural resource-dependent systems, that
indicated potential risk to water resources and local agriculture in the future. They stated that
sophisticated downscaling methods were needed to evaluate the climate change impacts and

the interannual variabilities for better understanding of the future conditions.

Fatichi et al. (2015) have done a high-resolution fully distributed hydrological analysis and
future climate projections at the upper Rhone basin in the Alpine catchment. To downscale,
they used a methodology that accounts for the uncertainty related to stochastic variability of
climate variables like temperature and precipitation. The effects of climate change on
propagation of streamflow from high elevation to the river in the valley has been analysed by
applying various hydrological metrices at different temporal scales across 297 control sections.
They found that there is an elevation dependence of climate change impacts in the catchment.
Severe reduction in streamflow causing a dampened effect downstream, reduced ice cover and
ice melt affecting hydropower production were observed from the results. However, no major

changes in total runoff were observed for the next four decades.

Shamir et al. (2015) have analysed climate change projections of precipitation in the upper
Santa Cruz river. Eight dynamically downscaled GCM models were used to assess the climate
change impacts and its effect on regional water resources management. The climate analysis
results were compared with GCMs and bias corrected statistically downscaled CMIP3 and
CMIP5 projections, that are readily available for the contiguous U.S. A series of hydrologic

models were developed to estimate the groundwater recharge and change in groundwater

50| DOWNSCALING APPROACHES
TH-2619_136104016



storage. They stated that climate change projections increases the uncertainty and aggravates

the complexity of water resources management task.

Moursi et al. (2017) have done a probabilistic assessment of climate change impacts on
agricultural water scarcity in a semi-arid snowmelt dominated basin, the Sevier River Basin of
Utah. 31 general circulation models (GCMs) were used to project and assess the vulnerability
associated with water scarcity for the period 2000-2099. Results indicated that off-season
precipitation affects water scarcity the most, followed by precipitation and temperature in the
growing season. Although temperature and precipitation projections have indicated increase in
water availability, a considerable risk probability of agricultural water scarcity was observed
in 2025 through 2049 (RCP4.5).

2.5.UNCERTAINTY ANALYSES RELATED TO CLIMATE CHANGE
IMPACTS
Hydrological forecasting systems are always dependent upon the dataset used, parameters

considered as well as the hydrological models used for simulation and projection. However,
studies show that all these quantities are associated with some kind of uncertainties. Physical
processes like cloud formation, ocean water circulation, ice and snow albedo, water vapor
formation and warming are complicated processes and hence difficult to model at a smaller
scale. Therefore, use of downscaled data from GCM based simulations brings uncertainties in
the future projections. Some literatures available on uncertainty assessment related to climate

change are presented below:

Wilby (2005) has done an uncertainty analysis of water resources model parameters used for
climate change impact assessment. He mentioned that although lumped conceptual models are
used widely for climate-change impact assessments in spite of their limitations, it is important
to understand the relative magnitude of uncertainties in water resource projections arising from
the choice of model calibration period, model structure, and non-uniqueness of model
parameter sets. He used a conceptual water balance model CATCHMOD to project changes in
daily flows for the River Thames at Kingston. Monte Carlo sampling was also used to explore
parameter stability and identifiability. Parameters were found to be highly sensitive to the
training period. It was recommended that routine sensitivity analyses should be done for
climate-change impact assessments to quantify uncertainties related to parameter instability,

identifiability and non-uniqueness, while using conceptual water balance models.
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Buytaert et al. (2009) analysed the impact of GCM model uncertainties on precipitation,
temperature and evapotranspiration and assessed its propagation through hydroclimatic model
to impact stream flow. They used entire GCM ensemble of IPCC’s Fourth assessment report
for climate change impact assessment in the tropical Andes. Four hydrological catchments were
considered for the study, situated in the Paute river basin, south Ecuador. A1B scenario was
used for GCM predictions of future period 2011-2030. They found that, temperature showed
consistent changes for all GCM models. For, precipitation, the range of changes is relatively
large and very high discrepancies between individual models could be found. Potential
evapotranspiration was also affected by this divergent projection of precipitation and thus
showed high range of change. It was found that, these uncertainties in precipitation and
evapotranspiration propagated through the hydrological model and widely affected the future
projection of stream flow, exhibiting diverse results for different GCM model. They also
suggested that along with GCM model uncertainty, other uncertainties related to hydrological
model and downscaling techniques should also be considered, which were neglected in the
study.

Najafi et al. (2011b) assessed the uncertainties associated with GCM models and hydrologic
model selection in climate change impact studies. The study was conducted over a rainfall-
dominated basin, namely Tualatin River Basin (TRB) in Oregon, USA. Statistically
downscaled outputs for eight GCM models and two emission scenarios were used to assess the
multi-model uncertainties. These downscaled climate data were then used as inputs to four
hydrologic models. The hydrologic models used in the study are: the Sacramento Soil Moisture
Accounting (SAC-SMA) model, Conceptual Hydrologic Model (HYMOD), Thornthwaite-
Mather model (TM) and the Precipitation Runoff Modelling System (PRMS). The results
exhibited that the GCMs uncertainties diverge between different hydrologic models during
summer; however, the discrepancies are not substantial in the winter. Therefore, GCM
uncertainty is quite higher than hydrologic model uncertainty in wet season. However,
hydrologic model uncertainties become important when analysing the dry season. This

indicated importance of hydrologic model selection in climate change impact assessment.

Jung et al. (2012) have done an uncertainty assessment of climate change impacts for two
hydrologically distinct river basins, one dominated by snowfall in winter and the other
dominated by rainfall in all seasons. Two emission scenarios and eight GCMs are considered

in the study. The parameter space of Precipitation Runoff Modelling System (PRMS) were
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sampled using Latin Hypercube Sampling (LHS). Uncertainties associated with GCM models,
emission scenario, and hydrologic model parameter identification were assessed for seasonal
mean as well as for extreme flows for the two basins. It was found that the hydrological
uncertainty significantly varies between the two basins. The uncertainty range for summer
runoff changes were found to be relatively larger than those in winter. Seasonal runoff changes
indicated GCM uncertainty to be greater than scenario uncertainty. The changes in winter
runoff for the snow-dominated basin were more influenced by hydrologic model parameter
uncertainty, while they are less affected in the rain-dominated basin. This indicated the need of

more careful interpretation of runoff projections for snow-dominated regions.

Chen et al. (2013) has evaluated the uncertainties related to empirical downscaling methods in
quantifying climate change impacts on hydrology in two North American river basins. Six
different downscaling methods are used in the study: two change factor approaches (constant
scaling and daily scaling) and four bias correction approaches (daily translation, local intensity
scaling, daily bias correction and quantile mapping). To understand the uncertainty associated
with climate simulations, four RCM simulations were considered. The future hydrological
impacts on discharge (annual mean and extreme) from these simulated series were assessed by
using an empirical lumped hydrological model (HSAMI), developed by Hydro-Québec. The
results exhibited that the biases are significantly large in case of extreme values as compared
to annual mean discharge values. This was also true for climate change projections
(precipitation and temperature). In case of downscaling methods, it was found that uncertainty
associated with choice of approach is more than within each type of approach. Further, the
results indicated that uncertainty linked to the choice of downscaling method is similar to that
of RCM simulations, later being slightly higher. They emphasized on using multi-model

climate projections and downscaling approaches for better assessment of uncertainty.

Kumar et al. (2013) have presented a high-resolution multi-model projection for climate change
over India and assessed the uncertainties associated with the approach. The simulated
precipitation and temperature for the present and future time period by using ensembles of
GCMs and RCMs. The results indicated that GCMs are suitable for assessment at coarse
resolution as it they exhibit less biases, but regional scale orographic rainfall was not captured
by GCMs. Whereas, RCMs has shown better reproduction of monsoon rainfall variations at
regional scale. The two GCMs, ECHAMS5 and HadCM3, that captured the mean monsoon

rainfall and interannual variability to a good extent were used to force the RCM simulations to
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simulate the future projections. The results showed increase in precipitation over Indo-
Gangetic plane and NW India and decrease over the east coast of peninsular India by the end
of 21st century, thus indicating significant spatial variability. In case of temperature, future
projections suggest a wide spread warming by the end of 21st century. Uncertainty assessment
indicated that the RCMs simulated precipitation and temperature changes are largely
influenced by the driving models and the impact of the GCM on projected precipitation change
is as strong as the variability among the RCMs.

Wang et al. (2013) have assessed the climate change impacts and associated uncertainty of
extreme rainfall events in the Apalachicola River basin, Florida. Seven different RCM models
have been used in the study, out of which two models, RCM3-GFDL and HRM3-HADCM3,
were found to be suitable for assessing high intensity events during mid-afternoon. Using these
two models, rainfall intensity—duration—frequency (IDF) curves were generated to understand
the potential impact of climate change on IDF generation. Two methods were used for bias
correction of future IDF curves of rainfall, (i) Maximum intensity percentile-based method,
and (ii) Sequential monthly bias correction and maximum intensity percentile-based method.
From the results, it was found that rainfall of the base period was significantly overestimated
by RCM3-GFDL model, implying presence of high uncertainty. While HRM3-HADCMS3 has
shown no significant change in rainfall projection for upstream and midstream (but high
intensity for downstream), RCM3-GFDL showed increased rainfall intensity from upstream to
downstream. Temporal shift of extreme rainfall events has also been noticed, which may

aggravate the flood magnitudes leading to increasing sediment load in the basin.

Chen et al. (2014) have assessed the influence of climate change on mean annual rainfall in
monsoon areas of Asia. Two parameters are considered in the study, precipitation and
temperature and their effect on runoff changes under the impact of climate change have been
assessed in eight different basins in China. In order to check the elasticity of runoff change due
to precipitation and temperature, Fu’s two-parameter method of climate elasticity was used. It
was further improved by Gardner function that enhances the prediction reliability of the climate
elasticity index. The precipitation and temperature changes were predicted for the future
decades under RCP2.6, RCP4.5 and RCP8.5 using 21 different GCMs. It was found that, both
temperature and precipitation showed increasing trend in the future, but different basin
responds differently to the same climate change scenario. Runoff was found to be positively

related to precipitation but negatively affected by temperature. However, sensitivity of runoff
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IS more towards precipitation than temperature. Uncertainty associated with the future
projection of the climate variables were assessed by using the innovative method proposed by
Woldemeskel et al. (2012). Overall, decreasing trends were seen for the basins in future, with

highest decrease under RCP8.5 scenario.

Lespinas et al. (2014) have assessed uncertainties associated with regional climate models and
hydrological models. Six Mediterranean river basins situated in the southern coastal France
region were selected for the study. A conceptual hydrological model, GR2M, was used for
simulating the river discharge. GR2M model requires monthly precipitation (P) and potential
evapotranspiration (PE) as inputs. Due to limited availability of observed PE data, PE values
were estimated from temperature data by using an empirical formula developed by Folton and
Lavabre (2014). Dynamically downscaled RCM data for the time period 2071-2100 was
obtained from Prediction of Regional scenarios and Uncertainties for Defining European
Climate change risks and Effects (PRUDENCE) project. Two climate scenarios (A2 and B2)
were considered in the future projection. These projected datasets were used as input for the
hydrological model, after implementing the classical perturbation method, to project water
discharge for the period 2071-2100. Uncertainties associated with the model were assessed
thereafter. They stated that uncertainties may arise due to the choice of RCM scenario, choice
of hydrological model, choice of formula used for PE estimation, choice of calibration period
considered and the dynamical parameterization of the hydrological model. The results
indicated that the model is quite sensitive towards the choice of the PE formulation used. It
was found that a simple correction method based on a dynamical parametrization of one model

parameter with temperature data significantly reduces the model drift.

Milne et al. (2014) have analysed the uncertainties associated with nitrous oxide and methane
emissions in the UK’s greenhouse gas inventory for agriculture, using Monte Carlo simulation.
They found that the uncertainties propagate through the models to the estimated emissions. A
sensitivity analysis indicated that the uncertainty in the emission factor for emissions from N
inputs affected uncertainty the most in England and Scotland, but in Northern Ireland and
Wales, the emission factor for N leaching and runoff (EF5) influenced the uncertainty. They
presented that if uncertainty associated with any of these emission factors can be reduced by
50%, it would reduce the uncertainty in emissions of nitrous oxide by 10%. They suggested
that firm guidance should be provided by IPCC on this issue, as several countries are moving

towards inventory models with disaggregation.
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Najafi and Moradkhani (2015) have analysed the impacts of climate change on extreme values
of runoff by applying multi-model ensemble analysis and assessed the uncertainties associated
with the process. 8 GCM-RCM combinations were used for the study, provided by the North
American Regional Climate Change Assessment Program (NARCCAP). The Pacific
Northwest region that covers the Columbia river basin is considered for the study, which has
both rain and snow dominated regions. The outputs from the RCMs were fed into the Variable
Infiltration Capacity (VIC) hydrologic model to simulate the historical and future runoff,
followed by hierarchical Bayesian modelling for evaluation of extreme runoff. Ensemble
merging was done by using the Bayesian Model Averaging (BMA) method. Results indicated
that maximum temperature, minimum temperature and wind speed had less variations among
different model simulations and hence the RCMs were equally weighted. Whereas for
precipitation and runoff, the variations were significant indicating high spatial variability
within individual RCMs. Ensemble merging was compared for three different strategies:
merging of climatological signals, merging after hydrological modelling and merging after
extreme analysis. It was found that, first two cases underestimated the extreme runoff in all
seasons for most of the regions. Overall, the multi-model ensemble results indicated increase

in the future extreme runoffs in most regions, particularly over high elevated reigons.

Neupane et al. (2015) have studied the changes in hydrological projections due to climate
change and deforestation, in monsoon-dominated Tamor and Seti river basins of Himalayan
mountain range. The Soil and Water Assessment Tool (SWAT) was used to project the
hydrological and land use changes. 16 GCM data were used for three different emission
scenarios (A1B, A2 and B1) to project future temperature and precipitation changes. Land use
changes were spatially modelled, including expansion of grassland, agricultural land and
human settlement. Future predictions for all GCMs resulted in higher precipitation with
subsequent increase in discharge. However, minimal changes were found in stream discharge
for land use scenarios. Some uncertainties in precipitation predictions were found, while
capturing the peak flows of daily simulations by the SWAT model. This indicated uncertainties
in the climate variables that might have occurred due to extreme topographical variations of

the Himalayan region.

Remesan and Holman (2015) evaluated the effect of meteorological data selection for baseline
period on climate change impacted hydrological modelling. The study was done on Himalayan

Beas river of the Indus basin, India. Six different combinations of baseline data, using two
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gridded precipitation datasets (the Tropical Rainfall Measuring Mission (TRMM) and the
Asian Precipitation — Highly Resolved Observational Data Integration Towards Evaluation of
Water Resources (APHRODITE)) was used for calibration of the HySim model, along with
three reference evapotranspiration equations of different complexity level (FAO Penman-—
Monteith, Hargreaves—Samani and Priestley—Taylor). For the historical period, all the six
models showed similar performance. However, for the future period, significant variations in
precipitation and temperature changes were found in the models’ responses. This indicated the
substantial influence of baseline data selection on climate change impacted future hydrological

simulations.

Woldemeskel et al. (2016) have mentioned that there are three main sources of uncertainty
associated with GCMs in climate projections: model structure, the emission scenarios and
natural variability. They used 6 CMIP3 and 13 CMIP5 models, with all RCPs and scenarios,
to investigate and to compare their capability in reducing uncertainties associated with them.
The square root error variance (SREV) method, developed by Woldemeskel et al. (2012), was
used to quantify the uncertainties in both set of models. Precipitation and temperature
projections were considered in the study since they are the key input parameters of hydrological
studies. From the study, it was found that total uncertainty in CMIP5 precipitation at global
scale is of the same order as that of CMIP3 for the historical period. However, for the future
projection, CMIP5 showed reduced uncertainty as compared to CMIP3 indicating decrease in
the model structure uncertainty. Uncertainty due to natural variability was found to be
contributing the least to the total uncertainty. No significant change, however, could be seen
for temperature between the two sets of models. Regional scale uncertainty indicated larger
uncertainties in precipitation in coastal and mountainous regions and areas with heavy rainfall.
Whereas, for temperature, the uncertainties are more in lower elevation areas and in

extratropical cold regions.

You et al. (2017) have investigated the diurnal temperature range (DTR) from 17 different
CMIP5 GCMs and compared the results with observed data over the Tibetan plateau. While
DTR range in observed data shows significant increasing trend, most of the GCMs results
exhibited underestimated DTR values. Moreover, correlations of DTR with GCM variables
were assessed, which indicated that model differences were possibly dominated by the
variations in the values of radiation variables and total cloud fraction. Statistical indices (AE,

RE and RMSE) were used to understand the uncertainties associated with the results.
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Joseph et al. (2018) have compared the parameter uncertainty (uncertainty arising from
hydrological parameterization in climate change projections) with climate model uncertainty
in hydrologic climate change impact assessments. The study was implemented over the Ganga
River Basin, India. Three different GCM models were used in the analysis: Institut Pierre
Simon Laplace (IPSL), European Consortium Earth System Model (EC-EARTH) and MPI
(Max Plank Institut)y ESM (Earth System Model). For climate projections, statistical
downscaling outputs of the GCMs and dynamic downscaling outputs from Coordinated
Regional Climate Downscaling Experiment (CORDEX) have been used. For analysing the
sensitivity of hydrological parameters (parameter uncertainty), Monte-Carlo Simulations
(MCS) were performed. It was found that, climate model uncertainties are significant in all
seasons of a year and for all hydrological variables. Whereas, parameter uncertainty is almost

negligible in comparison to huge climate model uncertainty.

Uncertainties have also largely affected the water management and policy makers. Kundzewicz
et al. (2018) presented a framework for assessing and reducing uncertainty associated with
climate change impact assessments. Moreover, measures for uncertainty improvements have
also been proposed. They suggested two alternative courses of action if uncertainty is
irreducible: the precautionary principle and the adaptive management. Precautionary principle
is a variation of the min-max concept, where the approach that minimises the worst outcome
(such as threats of serious or irreversible damage) is chosen. When uncertainties are large for
different climate impact scenarios, adaptive planning should be made based on ensembles and

multi-model probabilistic approaches.

Shen et al. (2018) have mentioned that uncertainty associated with GCM models is the largest
contributor of uncertainty in climate change impacted hydrological predictions. To examine
the GCM uncertainty, 20 CMIP5 GCM models were selected under RCP4.5 and RCP8.5. The
Hanjiang River watershed, situated in south-central China, was considered as the study area.
The Daily Bias Correction (DBC) method was utilized for its simplicity and good performance
to downscale the GCM outputs. A lumped conceptual rainfall-runoff model, known as HMETS
model (Hydrological Model of Ecole de technologie supérieure), developed at the Ecole de
technologie supérieure, University of Quebec, was used for flow simulations. Long term
temporal variations associated with GCM uncertainty were examined, by considering fifty-one
30-year future periods, moving from 2021 to 2100 with one-year interval. Wavelet analysis

was used for investigating the climatic and hydrological changes and their uncertainty, whereas
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Mann-Kendall trend test and regression analysis were used for trend analysis of those
predictions. It was found from the study that, precipitation and temperature are highly
influenced by GCM uncertainty, which significantly increase over time. Furthermore, higher
emission scenario (RCP8.5) has higher uncertainty than lower scenario (RCP4.5). Finally, they
suggested that multiple GCM models should be utilized for climate change impacted
hydrological study to better tackle the uncertainties.

Soraisam et al. (2018) have assessed the uncertainties associated with different types of
observed as well as reanalysed or downscaled datasets and their future projections. The study
was focused on northeast Indian region, as the region has highly varying orography compared
to a smaller number of observed and modelled data. Seasonal cycle, mean and extreme value
analysis as well as trend analysis have been done in the study using IMD observed dataset,
APHRODITE and CRU reanalysis data and five RCMs from CORDEX data (LMDZ, MPI,
GFDL, CNRM and ACCESS). Downscaled historical simulations were validated with
observed datasets, and future scenarios (2011-2060) for RCP4.5 were compared among the
different models. For the historical period, the models were found to be underestimating the
hydrological parameters along with higher spatial distribution; however, seasonal cycle
showed qualitatively good response, specifically for temperature. Future trends of temperature
were found to be increasing, whereas precipitation showed decreasing or insignificant trend.
They suggested that, these limitations of observed, downscaled and model results should be
kept in mind while performing regional scale climate study over regions with complex

orography.

Zhuang et al. (2018) have developed an integrated simulation-optimization (1SO) approach for
analysing the impacts of climate change on water resources and uncertainty assessment. The
study was done on Kaidu watershed in northwest China, a snowmelt-precipitation-driven
watershed. The 1SO was developed to incorporate meteorological projection from multiple
GCMs, hydrological simulation for daily streamflow, and an interval multistage chance-
constrained (IMC) optimization. The 1SO also allows thorough analyses of various policy
scenarios. The results indicated increasing trend for both temperature and precipitation. It was
realized that the uncertainties in the system would significantly affect the allocation pattern of

water resources, indicating shortage of water in the future.

Gao et al. (2019) assessed the uncertainty associated with bias-corrected climate change
projections and its influence on streamflow and watershed hydrology. The assessment was

59| UNCERTAINTY ANALYSES RELATED TO CLIMATE CHANGE
IMPACTS
TH-2619_136104016



performed on the Smoky Hill River Watershed in West-Central Kansas, USA. Three climate
datasets (1985-2004) were used as observed data for bias-correction of GCM model
predictions: NCDC land-based weather stations, PRISM spatial grid and NEXRAD spatial
grid. GCM data were collected for six different high-resolution models from CMIP5, for
RCP2.6, RCP4.5 and RCP8.5. To simulate the streamflow, Soil and Water Assessment Tool
(SWAT) model was used. The bias-correction method used in the study is the Daily Translation
(DT) method. Result indicated that the hydrologic model developed in SWAT is more sensitive
to precipitation than temperature. Uncertainty assessment indicated that GCM model selection
imposes the largest uncertainty to simulated streamflow. Overall, the study exhibited that the
streamflow sensitivity to selection of bias-correction of data is less than GCM selection, but
more than sensitivity to RCM selection.

2.6. SUMMARY
The above literature survey indicated the existence of major impacts of changing climate on

water resources, which could be seen throughout the world. Various downscaling techniques
were utilized to study the regional impacts. Application of fuzzy clustering has gained lot of
interests due to its vast applicability in identification of hydrologically homogeneous climatic
regions. However, selection of appropriate hydrologic model, GCM as well as downscaling
technique is still not very clear as they are largely dependent on the characteristics of the study
area and hence varies from region to region. Moreover, there are a lot of uncertainties related
to these model applications. It also came into notice that, orographic arrangement of a region
affects the overall results. Few studies could be found that have incorporated the topography
of the study area for analyses, yet enormous scope and need for study is there on projecting

future impacts of climate change considering the effects of the orographic arrangements.
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Chapter 3

DELINEATION OF THE NORTHEAST INDIAN REGION INTO
HOMOGENEOUS CLUSTERS USING FUZZY CLUSTERING
APPROACH

3.1.INTRODUCTION
Rainfall is one of the most important hydrological parameters that requires to be studied

scrupulously, both in spatial and temporal scale. However, challenge comes in understanding
the behaviour of rainfall distribution pattern when applied on a regional scale. Pattern of
rainfall, its frequency and magnitude may drastically vary depending upon the orography of
the region (Venkatesh and Jose, 2007). Scarcity of sufficient data at many sites of interest, may
further complicate the investigation. To address this issue, the region may be classified into
few homogeneous rainfall regions of similar rainfall distribution, also termed as
regionalization. The northeast Indian region has its own peculiar topography. The variations in
the orographic arrangements and altitude differences in the region give rise to irregular and
complex rainfall patterns at a local scale, which eventually amplifies the need of

regionalization.

Regionalization has found its way into many applications in water resources planning,
agricultural planning, drainage design, and estimating magnitude and frequency of extreme
events like flood and drought. Literatures indicate that, in the past, political and geographical
boundaries are used as a basis of forming homogeneous regions (Thomas and Benson, 1970;
Chew and Heiler, 1974; NERC, 1975; Beable and McKerchar, 1982). However, use of political
and geographical boundaries is found to be not very convincing while forming hydrologically
homogeneous regions (Bonell and Sumner, 1992; Burn, 1997; Rao and Srinivas, 2006b, 2006a;
Satyanarayana and Srinivas, 2011; Dikbas et al., 2012). A considerable number of research
investigations have been carried out in the recent years to identify homogeneous rainfall
regions with various methods other than geographical divisions (Bedi and Bindra, 1980;
Barring, 1987; Sumner and Bonell, 1988; Kulkarni et al., 1992; Gadgil et al., 1993; Burn, 1997,
Adelekan, 1998). Regionalization with the use of principal component analysis (PCA) was
found to be of use (Singh and Singh, 1996; Wotling et al., 2000). When subjectivity involved
with PCA came into notice, the concept of cluster analysis started getting attention (Bonell and

Sumner, 1992; Guttman, 1993; Venkatesh and Jose, 2007). Cluster analysis refers to a varied
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group of statistical procedures used to classify a multivariate dataset into some clusters or
groups (Rao and Srinivas, 2006b; Srinivas et al., 2008; Dikbas et al., 2012). Studies have also
been done where PCA was further associated with cluster analysis for homogeneous clustering
(Dinpashoh et al., 2004; Satyanarayana and Srinivas, 2011; Darand and Mansouri Daneshvar,
2014). The k-means clustering is being vastly applied for regionalization (Rao and Srinivas,
2006b; Pelczer et al., 2007; Agarwal et al., 2016). K-means clustering splits a region into hard
clusters, i.e. with a degree of membership 1 or 0. This means that a site can at most belong to
only one cluster. However, this may not be valid in real world cases. To address this matter,
the concept of fuzzy clustering was introduced to regionalization, which allows a site to fit into
several clusters concurrently with a certain membership value. The fuzzy membership value of
a site signifies the extent to which it fits into a particular group of sites (Rao and Srinivas,
2006a). A lot of studies have successfully applied fuzzy clustering technique for clustering of
hydrologically homogeneous regions in the recent years (Hall and Minns, 1999; Owen et al.,
2006; Plain et al., 2008; Sadri and Burn, 2011; Satyanarayana and Srinivas, 2011; Chen et al.,
2011; Dikbas et al., 2012; Mok et al., 2012; Chavoshi et al., 2013; Asong et al., 2015; Bharath
and Srinivas, 2015; Goyal and Sharma, 2016; Irwin et al., 2017; Wang et al., 2017). On the
basis of critical reviews of earlier studies on regionalization, the objective of this chapter is
defined as to identify homogeneous rainfall regions in the northeast Indian region by using
fuzzy clustering approach. Initially, 10 IMD (Indian Meteorological Department) stations have
been selected to make the clusters, situated in various regions of the northeast. On the Basis of
IMD data available for those stations, homogeneous clustering has been done using both
rainfall data as well as GCM data with the use of fuzzy clustering approach. Clustering has also
been done considering gridded rainfall data (collected from IMD) within which all the 10 IMD
stations come. Furthermore, sub-clustering of upper region of Brahmaputra valley has also
been done using rainfall data recorded by the tea gardens of Assam, to understand the effect of
local rainfall data in homogeneous clustering. To achieve the best possible partition from the
fuzzy c-means (FCM) algorithm, seven different cluster validity indices (CVs) have been used.
Three different combinations of feature vectors have been employed in FCM algorithm and the
outputs have been compared for attaining best solutions to regionalization. The homogeneous
rainfall regions (fuzzy clusters) thus formed by the use of FCM algorithm and validated with
CVs have been assessed for statistical homogeneity by performing homogeneity tests using L-
moment approach (Hosking and Wallis, 1997). The results are compared with some previous

regionalization studies and finally concluding remarks are presented.
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3.2.METHODOLOGY
In the subsections below, the FCM clustering approach as well as the FCM algorithm for

delineation of homogeneous clusters is described at first, which is followed by a brief
description of the CVs, homogeneity test methods and process of adjustment of heterogeneous

clusters. The methodology used is shown in Fig. 3.1, by means of a flow chart.

Apply Fuzzy clustering approach to organize the
initial data (training the input data)

\ 4
Form fuzzy clusters applying FCM algorithm

A

Identify optimum cluster number by using
cluster validity indices

A

Test whether Adjust the
the clusters are heterogeneous
homogeneous clusters

Homogeneous rainfall
regions

Figure 3. 1 Flow chart of the methodology proposed for identification of homogeneous rainfall regions

3.2.1. Fuzzy C-Means clustering (FCM)
The FCM approach is basically optimization of fuzzy c-means objective function. It was

initially developed by Dunn (1973) and afterwards modified by Bezdek et al. (1984). The fuzzy

c-means function to be minimized, is expressed as:

J(Z;U,V) = X5, Xxoq () ™|z —vil|* A (3.1)

where, U = [u;,] € My, is the fuzzy partition matrix of Z; V = [v,,v,, ..., v.], v; ER™ is
vector of cluster centers to be determined; d?(zy,v;)A = D, =z — vil|?A = (2} —

v)TA(z, —v;) is a squared distance norm; and m is the fuzziness parameter or fuzzifier,
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where m = [1, o). Usually, its value falls between 1 and 2.5 (Pal and Bezdek, 1995)

3.2.2. FCM algorithm for delineation of homogeneous rainfall regions
Suppose there are ‘N’ number of sites in a study area. The ‘n’ attributes, influencing rainfall at

each site, have to be identified first. As mentioned by Satyanarayana and Srinivas (2011), the
attributes may include large scale atmospheric variables (LSAVs) of Global Climate Models
(GCMs) or their principal components (PCs), location parameters (latitude, longitude and
altitude), and seasonality measures (maximum, minimum, standard deviation of rainfall etc.).
Consequently, a feature vector is formed for each site using the identified attributes for the
corresponding sites.

The i site, in n-dimensional attribute space, is denoted by the feature vector

Yi = Vi s Yjir s Ynil " € R™, (3.2)
where, ;i is the value of j" attribute in yi. The attributes of y; are rescaled using

= for1<j<nl<isn (3.3)

J

where, x;i denotes the rescaled value of yji, oj represents the standard deviation of attribute j,

and yj is the mean value of attribute j over all the N feature vectors.

The necessity of rescaling the attributes comes in order to nullify the differences in their
variance, importance and relative magnitude. Otherwise, the attributes having greater variance
and magnitude will influence the formation of clusters, which is not desired. Importance of
rescaling in cluster analysis is discussed earlier, which can be found in Dunn and Landwehr
(1980) and Hosking and Wallis (1997). If it is known that certain attributes are more important
than others in influencing rainfall in that study area, then the rescaling should be done in such
a way that the variances of rescaled values of those more important attributes are greater than

those of the less important attributes.

Let X = (x4, ..., x;, ..., Xy) represents matrix containing rescaled feature vectors, where x; is
rescaled feature vector for the i"" site. Next task is to partition X into ¢ soft clusters using Fuzzy
c-means (FCM) algorithm (Bezdek, 1981), to arrive at the optimum value of the following

objective function:
Minimize, J&X; U, V) = X5oy B () Ml — vl (3.4)
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which can also be written as,
Minimize, JX;U V) =35 3N (ue)™ d?(x;,vy) (3.5)
Subject to the following constraints,
Yo M =1Vi €{1,...,N} (3.6)
0<YN ui<NVke{1,..,c} (3.7)

where V = (vq,...,Vy,..,V,) represents a matrix of cluster centroids and v, =

[Viks o) Vjks > Vni] € R™ indicates centroid of k™ soft cluster,

Iy; € [0,1] is the membership of xi in the k™ soft cluster; U is the fuzzy partition matrix which
contains the membership of each rescaled feature vector in each soft cluster; The parameter
m € [1,00), known as fuzzifier, refers to the weight exponent for each fuzzy membership; d(xi,

vk) is the distance from Xx; to v.

The iterative method of FCM algorithm (Bezdek, 1981) used to form the homogeneous rainfall

regions is given below:

(i) The initial fuzzy partition matrix U is set.
(ii) Then, initial membership values u** of x; that belongs to cluster k, is adjusted by using
equation:
init

Ly = Zc“ki e for1<k<c¢1<i<N (3.8)

j=1kji

(iii) Fuzzy cluster centroid vy is then calculated as

N My,
Zima (i) X g <k < ¢ (3.9

v =
K™ 9N Gupm™

(iv) Fuzzy membership value i is updated as

1 —_—
(dz(xivk))m_l

Wi = : —,for1<k<c¢cl1<i<N (3.10)

c m—1
NG it
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(v) The objective function is then calculated as

JXU,V) = Eioy Tily ()™ d (1, ) (3.11)

The above steps from (iii) to (v) are repeated till the difference in the objective function for

two consecutive iterations becomes adequately small.

3.2.3. Parameters of the Fuzzy C-means (FCM) algorithm
Before using the FCM algorithm, the following parameters must be specified:

1. The Number of Clusters, ¢

The cluster number c is initially chosen as per the required number of regions. It is the most
important parameter since the remaining parameters have less influence on the resulting
partition. Rao and Srinivas (2006b) stated that optimal value of ¢ decreases with increase in
number of clusters. However, since the number of regions is not known a priori, one has to
make assumptions about the number of clusters. The best way to do that is to choose a range

of values for c, and subsequently to find out the best one.
2. The Fuzziness Exponent or Fuzzifier, m

The weighting exponent m is an important parameter because it significantly influences the
fuzziness of the resulting partition. As m approaches 1(m —1), the partition becomes hard
(uir € {0,1}). As m — oo, the partition becomes completely fuzzy (uy = 1/¢). Usually, m =
1 to 2.5 is initially chosen (Pal and Bezdek, 1995).

3. The Termination Tolerance (Absolute Difference between Two Successive Iterations)

The FCM algorithm discontinues the iteration when the norm of the difference between U in
two successive iterations becomes smaller than the termination tolerance. Usually 0.001 is
taken, even though 0.01 works well in most cases, while drastically reducing the computing

times.
4. The Fuzzy Partition Matrix, U

The fuzzy partition matrix must be initialized at the beginning. However, taking random value

for U is also acceptable as the algorithm is not affected by the initial value of U.

66 | METHODOLOGY
TH-2619 136104016



3.2.4. Cluster Validity indices (CV5s)
FCM algorithm divides the data into well separated and compact clusters, given the optimal

values of ¢ and m. Hence deciding the optimal values of these parameters is very crucial.
Bezdek (1981) addressed this matter by stating the concept of validity indices. These indices
essentially measure the goodness of the partitioned clusters. In hydrological studies several
indices are used (Hall and Minns, 1999; Srinivas et al., 2008). In case of FCM algorithm, the
following CVs are found to perform well:

1. Fuzzy partition coefficient (Vrc)

Vo (U) = ~ 36 TI, (i) (3.12)
2. Fuzzy partition entropy (Vee)
Vor (U) = = [Zfiey Zi1 trilog ()] (3.13)

3. Fuzziness performance index (Vepi)

cxXVpc(U)-1

VFPI(U) = 1 — 1 (314)
4. Normalized classification entropy (Vnce)
|4 U
Vuee (U) = 252 (3.15)

Bezdekt (1973, 1974) formulated Vrc and Vee, Whereas Ve and Vnce were proposed by
Roubens (1982). The range for Vpc is [1/c, 1]; Vec =1 /c indicates equal sharing of clusters i.e.
equal membership values of a data in all clusters (i.e. ui=1/c Vi,k) and Vpc =1 indicates no
sharing of membership among the clusters. This means that a data can fit into only a single
cluster. Similarly, the range of Vpe is [0, log (c)]. Vee=0 implies no sharing of membership
among clusters and Vpe=log(c) implies equal sharing of clusters (i.e. i =1/c V i, k). On the
contrary, this range is [0, 1] for Vepi and Vnce; O implies no membership sharing between
clusters and 1 implies equal sharing of clusters (i.e. uxi =1/c V i, k). For a hard or crisp
clustering, Vrc should be 1, whilst Ve, Ve and Vnce should be zero. As such, a maximum
value for Vpc indicates optimum partition (i.e. minimum value for Vpg, Vepr and Vnce), that

means least overlap among clusters.

Earlier studies have stated that these four CVs tend to display monotonous increasing or
decreasing trend (Rao and Srinivas, 2006a; Srinivas et al., 2008). Hence, they are not very
effective in obtaining optimum partition to delineate rainfall regions. Xie and Beni (1991)

found no direct correlation of Vec and Vee with any property of the data. Furthermore, they are
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found to be very sensitive to the fuzzifier value, m (Halkidi et al., 2001). Here, these indices
are used mainly to validate their performances in detecting optimum cluster number. To

eliminate this drawback the other validity indices are introduced, as explained below:

5. Extended Xie and beni index (Vxg)

c N 5 L 2
Vi (U, V: X) = e Zizmate) xi—vi (3.16)

N min||lv;—vy||?
u#kll 1= Vkll

Xie and Beni (1991) proposed the cluster validity index Vxgm. It quantifies the ratio of
compactness within a fuzzy cluster to separation of clusters. Optimal partition of clusters

should exhibit minimum value of Vxgm.

6. Fukuyama and Sugeno index (Vrs)
Ves(U,V:X) = XL Yot ()" —vll? A = 205, o ()™M — 917 A (3.17)

Proposed by Fukuyama and Sugeno (1989), optimum partition is indicated by a minimum value
of VEs.

7. Kwon index (Vk)

N 1 —
Tk=1Ziz1 () i —vpel 2+ i - llvi 712

i 2
min|(x;—v
i:tk” i—Vkll

Ve (U,V:X) = (3.18)
The Extended Xie and beni index (Vxg) exhibits monotonous decreasing tendency as c—N. To
address this problem Kwon (1998) proposed another index Vk that has an ad-hoc punishing

function in numerator.

To determine the optimal values of ¢ and m, a range of values for the two parameters are
selected and subsequent partitioning results show different sets of clusters, along with their
validity indices. To decide the optimal set of values for ¢ and m among those sets, first the
optimum selection criteria of each of the validity indices are examined. Then, the sites having
greater membership value in the clusters are identified, based on a threshold value of fuzzy
membership (Ti). Thus, a fuzzy cluster is made by allocating those sites to the cluster, whose
membership values are found to be higher than or equal to the threshold fuzzy membership
value (Ti). The selection of this threshold value is subjective (Satyanarayana and Srinivas,
2011). The most reasonable explanation would be to allocate the site to that group where its
membership value is the highest. Yet, uncertainty arises when a site has low membership value

in all the clusters or has equal memberships. To address this issue homogeneity test is done
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which is followed by adjustment of heterogeneous clusters. The methodologies for both of

these are explained in the following subsection.

3.2.5. Homogeneity test and adjustment of heterogeneous clusters
The fuzzy clusters thus formed by using FCM algorithm and validated with CVs are then
required to be assessed for statistical homogeneity by performing homogeneity tests.
Heterogeneity measure (L-moment based) proposed by Hosking and Wallis performs better
when skewness is low (average L-skew < 0.23) for a sample set of data, whilst for higher
skewness bootstrap Anderson-Darling test is recommended (Viglione et al., 2007). Previous
studies have shown that Hosking and Wallis’s homogeneity test is appropriate for delineation
of homogeneous rainfall regions (Satyanarayana and Srinivas, 2011), hence is considered in

this study.

3.2.5.1. L-moment of data samples
L-moment is a method of explaining the probability distribution shape and evaluating the

distribution parameters, especially for small sample sizes of environmental data, since it is
unbiased and has a nearly normal distribution (Hosking, 1990). Like usual moments, L-
moments too determines the location, dispersion, peakedness, skewness and any other feature
of shape of probability distribution. However, L-moments are derived from linear combination
of data (Hosking, 1990). These statistics are established by modifying “probability weighted
moments” (Greenwood et al., 1979), which explains L-moments by means of linear

combinations. Sample probability weighted moments as explained by Greenwood et al. (1979)

is given below:
by =n"t X1 % (3.19)
b, =n-1yn G-DG=2-G=7) (3.20)

J=r+1 (1) (n-2)..(n-1r) "I

The first few L-moments and L-moment ratios are defined as:

Location, mean (l1): [, = b, (3.21)

Scale, L-Cv (to): t, = i—z where [, = 2b; — b, (3.22)
1

L-Skewness (t3): t; = i—3 where l; = 6b, — 6b; + b, (3.23)
2
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L-Kurtosis (ta): £, =%, where I, =20b; — 30b, + 12b; — by (3.24)

2

3.25.2. Discordancy measures, heterogeneity measures and adjustment of
heterogeneous clusters
1. Discordancy measures

Discordancy measure (Di) detects those sites which are unacceptably discordant with the
designated cluster (Hosking and Wallis, 1993). This discordancy value for i" site (Hosking and
Wallis, 1995) is given as,

_ N
L™ 3(v-1)

(u; —W)TS (w; — ) (3.25)
Here, S is the sample covariance matrix expressed as:

S=(N-D1Y¥ (u; — ) (w; —w)T (3.26)
where u; = [t(i)tg(")t4(i>]T means a vector comprising of the values of t, t; and t4 for i" site.

Hence, u=N1YN u;
(3.27)

Large values of D; indicate probable errors in the site data. Hosking and Wallis (1993)
explained that a particular site is not considered to be homogeneous with the region if D; is
more than a certain critical value, than that. D; >3 is suggested as the criterion for affirming a
site to be discordant, for regions with 15 or more sites. However, (Hosking and Wallis, 1993,
1995) have advised to scrutinize the dataset for the largest D; values, irrespective of their

magnitude.

2. Heterogeneity measures
Heterogeneity measures give the degree of heterogeneity existing within the region. It is
estimated based on the extent of actual variability in L-moment ratios in relation to the expected
variability in a homogeneous region. The heterogeneity measures to be estimated are Hi, Hz
and Hs. These measures are defined based on L-Cv, L-Skewness and L-Kurtosis. These three

heterogeneity measures are given below.

i.  Heterogeneity measures based on L-Cv

H, =R (3.28)
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ii.  Heterogeneity measures based on L-Cv and L-Skewness

H, = 2tz (3.29)

oy2

iii.  Heterogeneity measures based on L-Cv and L-Kurtosis

Hy =22t (3.30)

ov3

Here V is the weighted standard deviation or dispersion of the sample coefficients of L-
variation (L-Cv); V2 and V3 denote weighted average distance from the site to group weighted
mean in a 2-D space of L-Cv/L-Skewness and L-Skewness/L-Kurtosis, respectively; uv, uv2
and uvs are the mean of V, V2 and V3 values, respectively, calculated from a large number of
simulations (Nsim); 6v, 6v2 and evs are standard deviations of V, V> and Vs, respectively,
calculated from a number of simulations. In this study Nsim is takes as 1000, simulated from

kappa distribution and fitted using regional average L-moment ratios.

. 1/2
SN 0y (6Ot (®)?
V= { 1 Z(.N_lni ) (331)
; 2
SN {(t D=t ®)? 4 (¢ D¢ B) 172
VZ = n ( Z!\Zlnf 3 3 ) (3.32)
5 2 . 2
SN (69— eP) 4 (60—t B) y/2
v, = il i (3 3 ) (4 4 ) (3.33)

N .
Zi:lnl

Here N indicates number of sites/stations in the clustered region; n; indicates record length of
site i; t0, ;0 and t,¥ indicate sample L-moment ratios of site i; t®, :® and t,® indicate

regional average L-moment ratios (L-Cv, L-Skewness and L-Kurtosis respectively).

If H<1 for a region, it is described as ‘acceptably homogeneous’, 1<H<2 implies ‘possibly
heterogeneous’, and H>2 implies ‘definitely heterogeneous’. For further details on

heterogeneity measures, Hosking and Wallis (1997) can be referred.

3. Adjustment of heterogeneous clusters
Clusters formed by the use of clustering algorithms does not always exhibit statistical
homogeneity. Even after performing homogeneity test, there is a need to adjust the possibly or
definitely heterogeneous clusters to come to a definite conclusion. Furthermore, it is assumed

that there is not any cross-correlation among the data. Nevertheless, in actual scenarios there
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is gradual variation of rainfall across space, which implies that there exists cross-correlation
among geographically contiguous sites (Satyanarayana and Srinivas, 2011). So further
adjustments are essential to form homogeneous regions. Studies suggest that, to decrease
heterogeneity measures values, the discordant sites of one region can be either removed or
shifted to some other region, after confirming that the site has not exhibited high fuzzy
membership value in that cluster and discordancy of that site is not because of sampling
variability (Rao and Srinivas, 2006a; Satyanarayana and Srinivas, 2011). The heterogeneous
regions can also be broken into two or more regions, and if required two or more small regions

can be merged together.

3.3. DATA COLLECTION

Four types of data have been used in this study, namely

1. Observed rainfall data of 10 station, collected from IMD

2. Global Climate model (GCM) data collected from IPCC AR4 and AR5
3. Daily gridded rainfall data of size 0.5°x 0.5° collected from IMD, Pune
4

Rainfall data, collected from various tea gardens of Assam.

3.3.1. Observed rainfall data
Observed daily rainfall data have been collected from Indian Meteorological Department

(IMD) under an MOU between IIT Guwahati and IMD. Observed data from 01-01-1969 to 31-
01-2012 were provided. However, data from 2001 to 2005 could not be obtained.

The 10 IMD stations selected, along with their latitude-longitude-elevation and rainfall data,
are given in Table 3.1 below. The locations of the stations are shown in the Fig. 3.2. The study
area is situated in the north-eastern region of India, covering mostly the Brahmaputra valley
and the Barak valley region. It lies between 2445'0" N (24.75°N) and 28%6'0" N (28.1°N)
latitudes and 89%59'0" E (89.98°E) and 9523'0" E (95.38°E) longitudes. This region of the
valley is surrounded by Eastern Himalayas towards the north, the Patkai Bum in the east, the
Naga Hills and Meghalaya plateau in the south. These valleys have great geographical as well
as political significance. The orography of the north-eastern region is very unique and lots of
geographical and meteorological variations can be seen in the region. Total annual rainfall
(averaged over 30 years) of the stations under consideration varies from 1454.6 mm to 11759
mm and the elevation varies from as low as 21 m to as high as 1600 m. The north-eastern region

of India has a subtropical climate which is influenced by northeast and southwest monsoon.
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The Meghalaya plateau, the Himalayas and the surrounding hills of Arunachal Pradesh,
Manipur, Nagaland and Mizoram influences the climate. The monsoon winds coming from

Bay of Bengal move towards the northeast and hits these mountains causing heavy rainfall on

the valley.
Table 3. 1 Latitude-longitude-elevation and rainfall data of the IMD stations
Index Name of the stations Region Latitude Longitude Elevation 30-yea}r anngal average
No. rainfall (in mm)
. 28 '0"N 95 23'0"E 157 m
4222 P h A hal 4540.1
0 assighat runacha 2819 (95.3833 ) (515 ) 540.16
. 27 14'0" N 94 7'0"E 101 m
42 North-Lakh A 285.
309 orth-Lakhimpur ssam (27.2333 ) (941167 ) (331 o) 3285.33
. 27 29'2"N 95 1'1"E 111 m
42314 Moh A 2654.87
3 ohanbari s (27.4839 9 (95.0169 9 (364 ft) 6548
. 26 1'0" N 89 59'0" E 35m
42404 Dh A 2400.21
0 ubri 2 (26.0167 9 (89.9833 9 (115 ft) 00
. 26 ©'22" N 91 35'9"E 54 m
4241 h A 1811.
0 Guwahay ssam (26.1061 ) (915859 9 a7 fo 8118
26 37'0" N 92 47' 0" E 91m
4241 T A 1986.
S ezpyf ssay (26,6167 9 (927833 9 (299 ft) 986.35
. 25 °15'0" N 91 44'0" E 1300 m
4251 h M 117
515 Cherrapunjee eghalaya (25.259 (91.7333 9 (4265 1) 59
. 25 34'0" N 91 53'0"E 1600 m
4251 hill M 22
516 Shillong eghalaya (25,5667 9 (91.8833 9 (5249 fi) %
. 24 45'0" N 92 48'0" E 21m
42619 Silchar Assam 4.759 9289 0 f) 3302.1
. 24 45' 36" N 93%53'48" E 774 m
42623 Imphal Manipur (24.7599 9 (93.8967 9 (2539 f) 1454.6
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Figure 3. 2 Location of the IMD stations
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3.3.2. Global Climate model (GCM) data
The GCM data are downloaded from Fourth Assessment Report (AR4) and Fifth Assessment

Report (AR5) of Intergovernmental Panel on Climate Change (IPCC). Three GCM models are
used in the study: HadCM3, ESM2G and ESM2M.

3.3.2.1. HadCM3
HadCM3 stands for Hadley Centre Coupled Model version 3. It is a coupled atmosphere-ocean

general circulation model (AOGCM) developed at the Hadley Centre in the United Kingdom
Met Office (UKMO). Unlike earlier AOGCMs at the Hadley Centre and elsewhere, this model
does not require flux adjustment. HadCM3 is composed of two components: the atmospheric
model HadAM3 and the ocean model (which includes a sea ice model). Simulations often use
a 360-day calendar, where each month is 30 days. The atmospheric model, HadAM3, is a grid
point model and has a horizontal resolution of 3.75°in longitude x 2.5°%in latitude, which gives
a global grid of 96 x 73 grid points. This gives a resolution of approximately 300 km. There
are 19 levels in the vertical. The ocean model has a resolution of 1.25°x 1.25°with 20 vertical
levels. This model has been selected based on previous literatures available on climate change
studies. Among the general circulation models (GCMs), available under AR4, HadCM3 has
been vastly utilized by researchers for future predictions of climatic parameters like
temperature and rainfall (Zhang, 2005; Hessami et al., 2008; Vinnarasi, 2012; Kumar et al.,
2013). HadCM3 is one of the major models, used in the Third Assessment report also. This
model has been efficiently applied in several studies carried out in the Brahmaputra basin
(Deka and Sarma, 2011; Vinnarasi and Sarma, 2011; Vinnarasi and Sarma, 2012).

HadCM3 monthly data are available from 2000 to 2100. The emission scenario considered in
the present study for analysis is A2, which is described in IPCC’s Special Report on Emission
Scenarios (SRES) as a scenario representing a very heterogeneous world with continuously
increasing global population and regionally oriented economic growth. It considers the forcing
effect of greenhouse gases and sulphate aerosol direct effect, which are based on IPCC SRES-
A2 (Special Report on Emission Scenario A2). The list of available predictors under this GCM

model are given in Annexure A.

3.3.2.2. GFDL-ESM
The Geophysical Fluid Dynamics Laboratory (GFDL) is a laboratory in the National Oceanic

and Atmospheric Administration’s (NOAA) Office of Oceanic and Atmospheric Research
(OAR). It is one of seven NOAA Research Laboratories. GFDL has constructed NOAA’s first

ESMs to explore the interaction of Earth's biogeochemical cycles (including human actions)
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with the climate system. These ESMs are based on a coupled atmospheric-oceanic circulation
model which incorporates interactive biochemistry and carbon cycle, and can represent sea ice,
land and iceberg dynamics.

The atmospheric component of the ESMs includes physical features such as aerosols (both
natural and anthropogenic), cloud physics, and rainfall. The land component includes rainfall
and evaporation, streams, lakes, rivers, and runoff as well as a terrestrial ecology component
to simulate dynamic reservoirs of carbon and other tracers. The oceanic component includes
features such as free surface to capture wave processes; water fluxes, or flow; currents; sea ice
dynamics; iceberg transport of freshwater; and a state-of-the-art representation of ocean mixing
as well as marine biogeochemistry and ecology.

ESM2G and ESM2M, developed by the Geophysical Fluid Dynamics Laboratory (GFDL), are
two mostly used models from the project. Lot of studies could be found which have
successfully utilized these models for regional scale climate change studies in India (Singh and
Goyal, 2016; Shivam et al., 2017a, 2017b; Singh et al., 2019; Sharma and Goyal, 2020). Jena
et al. (2015) statistically attempted to select optimum models in the CMIP5 dataset for climate
change projections of Indian monsoon rainfall. They stated that GFDL-ESM2G, along with
GFDL-CM3 and two other models, best capture the pattern in Indian summer monsoon rainfall
over the historical period (1871-2005).

ESM-2M and ESM-2G
GFDL has developed two new ESM models: ESM-2M and ESM-2G, under Intergovernmental

Panel on Climate Change (IPCC)’s Coupled Model Intercomparison Project phase 5 (CMIP5).
The models differ mainly in the physical ocean component. In one model, ESM2M, pressure-
based vertical coordinates are used along the developmental path of GFDL’s Modular Ocean
Model version 4.1. In the other, ESM2G, an independently developed isopycnal model using
the Generalized Ocean Layer Dynamics (GOLD) code base was used. Comparison between
these two models allows us to assess the sensitivity of the coupled climate-carbon system to
our assumptions about ocean formulation. While the models demonstrate similar overall scale
fidelity, they have important differences in both their thermocline characteristics, deep
circulation, ventilation patterns and El Nino variability that suggest critical roles for details of

ocean configuration in the coupled carbon climate system.

These two models consider Representative Concentration Pathways (RCPs) to project the

future climate change impacts. These RCPs represent four greenhouse gas concentrations
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(instead of emissions) for climate modelling, as adopted by IPCC’s Fifth Assessment Report
(AR5). Both the ESMs have simulated datasets for historical data (up to 2005) and 4 future
scenario datasets for 4 RCPs (2006-2100) under CMIP5 protocol.

These two models, ESM-2M and ESM-2G are used in the present study. The analysis has been
done using both historical series and RCP8.5. The reason for considering RCP8.5 for the study
is that, SRES A2 has similar trajectory to RCP8.5 with both reaching about 8 Wm-2 by 2100,
as per IPCC AR5 report. Hence, it will be useful in comparing the resulting clusters obtained
from both sets of data. The list of available predictors under ESM2G and ESM2M are given in

Annexure A.

3.3.3. Daily gridded rainfall data
Daily gridded rainfall data are collected from IMD, Pune. The time period of data collection is

from 01-01-1971 to 31-12-2005. The data are available for whole Indian sub-continent with
resolution as high as 0.5°x 0.5° Data of the north-eastern part, that is required for the analysis,
are extracted from the whole data.

3.3.4. Rainfall data, collected from various tea gardens of Assam
A total of 83 raingauge stations with observed periods of varying number of years (from 5

years daily data to as long as 84 years and upto year 2016) were selected from various tea
gardens of Assam. A total of 105 station rainfall data are found which are scattered all over
Assam, out of which 83 stations are found to be situated in the upper Brahmaputra valley
region. These rainfall data were collected from the selected 83 tea gardens. The location
(longitude and latitude), total annual rainfall (in mm) and elevation (in m) of the raingauge
stations are shown in the Table 3.2. Elevation of each station was determined from Shuttle

Radar Topography Mission’s (SRTM) digital elevation model (DEM) data of 30m resolution.

The locations of the raingauge stations are shown in the Fig. 3.3. It is situated in the upstream
part of Brahmaputra River in the state of Assam, covering the central Brahmaputra valley and
the eastern Brahmaputra valley region. It covers most of the upper and middle Assam districts.
IT is surrounded by Bhutan in the north, Arunachal Pradesh in the north and east, Nagaland
and Karbi-Anglong hills in the south. The area lies between 25.9210 N and 27.6190 N latitudes
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and 91.8960 E and 95.7680 E longitudes. For this particular sub-region, total annual rainfall
varies from 859.175 mm to 3411.875 mm and the elevation varies from 67 m to 427 m.
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Figure 3. 3 Raingauge stations located in various tea gardens of the upper Brahmaputra valley region

Table 3. 2 Location details of the raingauge stations in various tea gardens of the upper Brahmaputra valley region
with total annual rainfall

SI. Name of the Longitude Latitude Total Elevati SI. Name of the Longitude Latitude Total Eleva
No. station annual on in No. station annual tion
(°E) (°N) rainfall m (°E) (°N) rainfall  inm
in mm in mm
1 Abhoijan 93.899 26.423 2316.618 121 43 Keyhung 95.328 27.435 2457.185 127
2 Achabam 95.264 27.240 2311.642 123 44 Khowang 94.894 27.243 2095.938 103
3 Amsoi 92.410 26.143 1546.093 67 45  Koomsong 95.654 27.619 2692.581 144
4 Anand 94.230 27.462 3224.776 112 46  Kopati 92.251 26.590 1685.350 75
5 Arin 93.975 26.488 1679.050 100 47  Lakwa 94.872 27.024 2415.756 100
6 Arun 92.440 26.667 1563.424 80 48  Lamabari 92.278 26.843 2166.459 134
7 Athabari 94.035 26.414 996.060 104 49  Ledo 95.768 27.302 1333.175 153
8 Azizbagh 95.130 27.206 2642.110 113 50 Lengeree 93.717 25.921 1354.273 154
9 Bahani 94.203 26.756 1984.807 93 51  Lepetkata 94.864 27.378 2402.118 104
10  Basmatia 95.067 27.361 2252.881 113 52  Madhuting 95.367 27.358 896.679 129
11  Bateli 92.254 26.776 1711.969 112 53  Mahalakshmi  93.061 26.856 1473.345 88
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SI.  Nameof the Longitude Latitude Total Elevati SI. Name of the Longitude Latitude Total Eleva
No. station annual on in No. station annual tion
(°E) (°N) rainfall m (°E) (°N) rainfall  inm
in mm inmm
12 Bhelaguri 94.385 26.705 1654.099 116 54  Maijan 94.978 27.508 2628.565 111
13 Bokajan 93.775 26.022 1084.235 136 55  Mancotta 94.918 27.439 3411.875 108
14 Bokakhat 93.644 26.638 1968.237 87 56  Mazbat 92.252 26.781 2160.181 113
15  Borahi 94.990 27.043 2488.364 104 57  Moran 94.885 27.156 2145734 103
16  Borchapori 93.690 26.638 2174.268 92 58  Murphuloni  93.925 26.458 1694.360 106
17  Borhat 95.289 27.139 859.175 122 59  Nahorjan 93.607 26.608 1812.100 98
18  Borjan 94.058 26.562 1447944 104 60 Namburnodi  93.832 26.299 1505916 134
19  Borpathar 93.849 26.272 1430.350 127 61  Namdang 95.722 27.266 2929.631 427
20  Chubwa 95.173 27.466 2980.904 118 62  Namrup 95.329 27.195 1465.176 125
21  Cinnatolliah  94.086 27.342 3061.256 123 63  Nitinnagar 94.052 26.345 1112.845 107
22 Dalowjan 93.975 26.434 1555.215 105 64  Nonoi 92.922 26.404 1993.879 79
23 Deamoolie 95.539 27.591 2477556 134 65  Ouphulia 95.015 27.218 2638.972 109
24 Dejoo 94.003 27.281 3001.704 123 66  Paneery 91.896 26.746 2254.247 122
25  Dekorai 92.964 26.810 2347.238 83 67  Panitola 95.257 27.494 2114.227 124
26 Deohall 95.289 27.422 2344.418 125 68  Pavoijan 93.906 26.298 1343575 116
27  Dhekiajuli 92.462 26.690 2109.710 77 69  Powali 95.648 27.348 2328.983 158
28  Dholaguri 93.842 26.513 1622.052 99 70  Rungamatty  93.899 26.670 1824.846 90
29 Digulturrung 95.412 27.610 1903.000 126 71  Rupai 95.495 27.612 2608.085 132
30 Dili 95.367 27.164 2876.955 132 72 Rupajuli 92.722 26.726 2301.322 78
31  Diphloo 93.569 26.639 1821.861 84 73 Sagmootea 93.005 26.544 1850.731 92
32 Dooria 93.919 26.632 1675.026 97 74 Santi 95.413 27.304 2881.667 127
33 Duklingia 94.285 26.686 2514.777 112 75  Sepoi 92.410 26.784 2124.710 110
34 Durrung 92.730 26.723 1533.854 76 76 Sepon 94.846 27.115 2195.201 103
35  Furkating 94.014 26.462 1535.197 106 77  Sockeiting 94.087 26.547 1692.910 98
36  Halem 93.452 26.870 1856.142 90 78  Sonabheel 92.785 26.737 1921.136 76
37  Halmira 93.947 26.524 1687.894 101 79  Sundarpur 95.192 27.145 3046.350 113
38  Harchurah 92.754 26.778 2282.480 94 80  Teloijan 94.944 27.251 1537.104 103
39  Hatigarh 94.043 26.389 1589.608 102 81  Tezpore and 92.740 26.723 2019.596 79
gogra
40  Hatikhuli 93.371 26.585 1870.303 87 82  Thanai 95.094 27.536 2116.391 116
41  Kakojan 94.389 26.735 1517.938 107 83  Uday jyoti 93.964 26.500 1343.675 99
42 Kellyden 92.949 26.484 1700.084 86
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3.4.RESULTS AND DISCUSSION
It was realized from previous studies that various approaches can be used to perform

homogeneous clustering. In most of the cases, researchers have used directly the rainfall (or
rainfall) data for the purpose. Hence this has been considered as a conventional way of
regionalization in the present study. Afterwards, a considerable number of studies have been
carried out to identify homogeneous rainfall regions with various methods using parameters
other than rainfall (Satyanarayana and Srinivas, 2011; Darand and Mansouri Daneshvar, 2014).

Those are considered as non-conventional methods here.

To understand the variations among these conventional and non-conventional approaches and
to assess their applicability in the study area considered for this particular study, a number of
approaches have been tried and analyzed. After that, the results were compared to find out the

best approach that can be used in the north-eastern region.

Various approaches that are taken into account in this study, while performing the

regionalization using FCM analysis are:

e Non-conventional regionalization, using interpolated GCM data

e Non-conventional regionalization, using nearby GCM grid point data

e Conventional regionalization, using rainfall data

e Regionalization, using gridded rainfall data

e Regionalization using both rainfall and GCM data along with location parameters

(Latitude, longitude and elevation)

During the non-monsoon period (November to February), very less to no rainfall occurs.
Sometimes for a day or two, rainfall of very small magnitude occurs which doesn’t have any
significant effect over monthly rainfall values. However, the cumulative impact of these large
quantity of small rainfall values reduces the peak values while averaged over a year, thus giving
good correlation among the stations when annual data series is used for analysis, eventually
affecting the homogeneous clustering. To take care of this drawback, regionalization was also
done for monsoon data series (i.e. eliminating the data from November to February). Hence,

the regionalization was done for both annual rainfall data and monsoon rainfall data.

Furthermore, for the initial three approaches, the clustering or regionalization was done mainly
in two ways: (i) considering the effect of one station rainfall data, and (ii) considering the

effects of three stations rainfall data (the station under consideration and two nearby stations).
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The latter was considered because it was assumed that, the rainfall (and the LSAVs affecting
the rainfall) of neighbouring stations may also influence the rainfall of a particular station to
some extent. To find the influencing stations, geographical location of the stations was
considered. However, this method was not found to be necessary for fourth approach (gridded
rainfall data), hence not used.

The combinations of these approaches are shown in Table 3.3.

Table 3. 3 Various approaches while performing regionalization using FCM analysis

NSL Data used Cases Data series
1 station effect Annual Monsoon
1 With GCM (HadCM3-A2) grid
data (interpolated to station)
3 station effect Annual Monsoon
1 station effect Annual Monsoon
) With GCM (HadCM3-A2) grid
data (taking nearest grid point)
3 station effect Annual Monsoon
1 station effect Annual Monsoon
3 With IMD station rainfall data
3 station effect Annual Monsoon
4 With IMD gridded rainfall data 1 station effect Annual Monsoon
ESM2G
Annual Monsoon
(RCP8.5)
5 With New RCP grid data
(interpolated to station)
ESM2M
Annual Monsoon
(RCP8.5)
ESM2G
With New RCP grid data Annual Monsoon
(interpolated to station) along (RCP8.5)
6 with location parameters
(Latitude, longitude and ESM2M
elevation) and rainfall data Annual Monsoon
(RCP8.5)

3.4.1. Fuzzy clustering approach for initial data organization (training the input data)
Before applying the FCM algorithm, it is necessary to organize the input data. There are two

major input matrices to the algorithm: data matrix X and the initial fuzzy partition matrix U.
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Output of the FCM algorithm depend on these two main inputs, hence proper training of input
data is required. Again, there are two different sets of data that needs to be used as input for
clustering: (i) rainfall data, and (ii) variables affecting the rainfall data. It was mentioned earlier
(section 3.2.2) that these variables may include LSAVs of GCMs or their principal components
(PCs), location parameters (latitude, longitude and altitude), and seasonality measures
(maximum, minimum, standard deviation of rainfall etc.). Therefore, different strategies are
needed to determine the input matrices for different FCM approaches mentioned above. The

strategies are explained below:

34.1.1.  Regionalization Using GCM Data
1. Selection of Attributes

The first work is to find out the LSAVS, which influence the rainfall of a particular station. For
doing this, a relation has to be established between the observed rainfall data and the LSAVS.
In the present work, Pearson Correlation is considered to be an effective way to find out the
relation. Hence, for each station, Pearson co-efficients were calculated using the data available.
It has been observed from the correlation results that rainfall data of different stations have
different correlation with different LSAVs. Hence those LSAVS, which have good relations
(more than 55%) with rainfall data of most of the stations, are selected as attributes. To reduce
the curse of high dimensionality, mean monthly values of each of the selected LSAVs were
computed at each of the stations. The mean monthly value of a variable denotes the average
value of the variable computed for the month, for all years of the historical record. Thus, there

are 12 mean monthly values for each LSAV at each station.
2. Principal Component Analysis

Since several of the atmospheric variables are correlated to each other, hence to avoid
redundancy, Principal Component Analysis (PCA) has been done. Principal Component
Analysis (PCA) is a method of dimensionality reduction without much sacrificing the accuracy.
PCA aims to summarize data with many independent variables to a smaller set of derived
variables, in such a way, that the first component has maximum variance, followed by the
second component and so on. In the present study, the Principal Components (PCs) which
preserved more than 98% of the variance were extracted for further analysis. In the present
work, PCA has been done with the help of MATLAB program. The output matrix of PCA has

been used as the input data matrix X in the FCM algorithm for further analysis.
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3. Selection of Initial Partition Matrix

To proceed with the FCM algorithm, initial fuzzy partition matrix U has to be initialized at
first. Inthis study, this has been done with the help of geographical location of the stations and
cross-correlation among the stations. Cross-correlations for all the stations have been

determined for the followings:

e Cross-correlation for mean monthly rainfall,
e Cross-correlation for monthly maximum rainfall,
e Cross-correlation for monthly minimum rainfall,

e Cross-correlation for monthly dry period.

With a close observation of the cross-correlations and the locations of the stations, the partition
matrix U is initialized. However, in case of gridded rainfall data, the U value is taken as a
random input, since it is not feasible and necessary to determine the cross-correlation among
all the grid points. Furthermore, randomness of the initial partition matrix U does not affect the

output of the FCM algorithm due to its iterative nature.
4. Regionalization using FCM Algorithm

Using the initial partition matrix U and the input data matrix X (output matrix of PCA),
regionalization i.e. homogeneous clustering has been done with the help of FCM algorithm. A
MATLAB program is made for the FCM algorithm where U and X were used as inputs. The

algorithm gives the final partition matrix as output.

3.4.1.2. Regionalization Using rainfall Data
The conventional method of using directly the rainfall data for regionalization is a little
different than the previous method. Selection of attributes is not required in this case. Hence,
input matrix of PCA was composed of monthly rainfall data instead of LSAV data. Thereafter,

same strategy for PCA, U and FCM analysis has been followed.

3.4.2. Regionalization using FCM algorithm: Results of various approaches used
3.4.2.1. Regionalization of northeast Indian region
In the first four combination of approaches of regionalization (as mentioned in Table 3.3),

GCM data (AR4) as well as observed rainfall data have been used. Pearson Coefficients were
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calculated for all the stations to determine the most influencing LSAVSs. The threshold values
are taken as 55% and 50% for annual and monsoon data series respectively. In case of the first
approach (interpolated GCM data), the 16 LSAVs selected for annual series are hur200,
hur500, hur850, mrso, pr, prc, psl, ta200, ta500, ta850, tas, ts, ua200, ua500, ua850 and zg200.
The 4 LSAVs selected for monsoon series are ta500, ua200, ua500 and zg200. In the second
approach (nearest GCM grid data), the 13 LSAVs selected in the former case are hur200,
hur500, hur850, mrso, psl, ta200, ta500, ta850, tas, ts, ua200, ua500 and zg200. The 4 selected
LSAVs in the later case (monsoon series) are ta500, ua200, ua500 and zg200. PCA was done
by using the GCM data of these selected LSAVs for respective cases. In the third and fourth
approach (Table 3.3), observed rainfall data of each of the 10 stations are used for PCA. The
Principal Components (PCs) which preserved more than 98% of the variance were extracted

for further analysis.

Cluster number is another crucial parameter in FCM algorithm. In most of the cases, ¢ < N2
is suggested as the upper bound (Xie and Beni, 1991; Pal and Bezdek, 1995; Mok et al., 2012).
Hence, with 10 stations, the cluster number comes out to be 3. Based on the reason that the
total number of IMD stations was small and their locations are comparatively close to each
other with respect to the grid size of GCM data, the cluster number is considered to be 3 for
the analysis. In a similar way, optimum value of fuzzifier (m) also needs to be found out. Pal
and Bezdek (1995) presented that FCM algorithm works well when m varies from 1-2.5. In
the present cases, this value is taken as 2. The clusters formed after the analysis are shown in
the Fig. 3.4.
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Figure 3. 4 Clusters formed after Fuzzy Clustering Analysis in the northeast Indian region. Fig.3.4(a)-(h): Clusters
obtained by using GCM data (IPCC, AR4); Fig.3.4(i)-(n): Clusters obtained by using rainfall data

From the results of the FCM analysis it was noticed that, different clustering has been found

for different combinations. The clusters obtained for interpolated GCM data (Fig.

3.4(a),(b),(c),(d)) shows that annual data series gives a mixed clustering, whereas monsoon

data shows that the stations in the Brahmaputra valley region are coming in one cluster and the

remaining stations which are nearer to Barak valley region are coming under a separate cluste

r.

When three stations interpolated GCM data are considered, annual data resulted into equal

membership of all the stations to all the clusters. Whereas, monsoon data shows one visible

cluster in Brahmaputra valley and one in the Barak valley region.

In the second approach (Fig. 3.4(e),(f).(9).(h)), where GCM data of nearest grid was

considered, mainly two clusters are being formed: one on the east and another on the west side

of the study area. However, the major impact of the selected grid point on clustering is clearly

visible hear. The stations for which the nearest GCM grid point is same tend to show high

membership in the same cluster. Even in case of monsoon data, the membership values of the
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stations are affected by this. When three stations effect was considered, similar clustering
pattern is attained for monsoon data. Whereas, annual data couldn’t deliver any proper

clustering result as all the stations showed equal membership to all the clusters.

In the conventional approach (Fig. 3.4(i),(j),(k),(1)), where rainfall data was used, it is seen that
all the stations are coming under single cluster, except Cherrapunjee. This was true for both
annual and monsoon data series. This can be attributed to the reason that, the average rainfall
of Cherrapunjee is much higher than other 9 stations under consideration. This indicates the
inability or limitation of conventional method of using rainfall data in clustering, since high
magnitude of input data can hugely impact the clustering results. In case of three station effect,
Cherrapunjee and its nearby stations are coming under one cluster, leaving the other station to

form another cluster.

When gridded rainfall data was used for clustering (fourth approach), it was found that there
are two clearly visible clusters (Fig. 3.4(m),(n)). The grid points on the Brahmaputra valley
region are coming in the same cluster and the remaining grid points which are nearer to Barak
valley region are coming under a different cluster. The results are same for both annual and
monsoon data series. This is similar to the results obtained for interpolated GCM data for

monsoon period.

Further analysis has been done using IPCC AR5 data (Table 3.3). Two models are considered
here: ESM-2M and ESM-2G, under IPCC’s Coupled Model Intercomparison Project phase 5
(CMIP5). The analysis has been done using RCP8.5. The reason for considering RCP8.5 is that
in the previous cases, SRES A2 scenario has been considered for analysis. IPCC AR5 report
suggests that, SRES A2 has similar trajectory to RCP8.5 with both reaching about 8 Wm by
the year 2100 (Fig. 3.5). Hence, it will be useful in comparing the resulting clusters obtained

from both sets of data.

From the clustering results of previous approaches, it was evident that consideration of nearest
stations’ effect in the formation of the input data matrix is not very useful. In most of the cases,
all the stations are found to be in the same cluster. Hence, it contradicts with the whole purpose
of regionalization. Therefore, this condition was omitted in the rest two approaches.
Furthermore, it was realized that rainfall alone is not effective if some stations have very high
rainfall value compared to other stations. If the difference in rainfall magnitudes is very high,
it affects the output clustering pattern. It was assumed that location parameters might be

effective in getting satisfactory clustering results. Hence, in the sixth combination, a hybrid
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approach is tried with new RCP grid data (interpolated to station) along with rainfall data and
location parameters (Latitude, longitude and elevation). The clusters formed after the analysis
are shown in the Fig. 3.6.

10
SRES (TAR)  RCP (ARS)
. A1B  memm RCP8.5 )
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_____ A2 RCP4.5
614 - Bl = RCP2.6

Radiative forcing relative to pre-industrial (W m=)

2000 2020 2040 2060 2080 2100

Figure 3. 5 Projected radiative forcing (RF, Wm=2) over the 21st century using the Special Report on Emissions
Scenarios (SRES) and Representative Concentration Pathway (RCP) scenarios [Reference: Fig. 1-4 (a) of IPCC AR5
WGl report, Chapter 1]
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Figure 3. 6 Clusters formed after Fuzzy Clustering Analysis in the northeast Indian region, obtained by using GCM
data (IPCC, AR5)

After the analysis it was found that, with RCP data of new GCM models, three clusters are
being formed (Fig. 3.6(a),(b),(c),(d)). Guwahati, Dhubri and Tezpur are coming under the same
cluster (Cluster 1). Passighat, North-Lakhimpur and Mohanbari are forming a different cluster
(Cluster 2). Similarly, Shillong, Silchar, Imphal and Cherrapunjee are coming in a separate
cluster (Cluster 3). Although, in case of ESM2G annual data series, Tezpur was showing
almost equal membership to two clusters. In the sixth hybrid approach too, three clusters are
being formed (Fig. 3.6(e),(),(9),(h)). In this approach, all four cases are showing the same

result.

The main difference of the results of these two approaches with the previous ones is that,
previously two clusters could be confidently identified: one in Brahmaputra valley region and
another in the Barak valley region. However, for some stations (Dhubri, Tezpur), it was
difficult to come to a definite conclusion. This drawback was rectified in the sixth hybrid
approach, where these stations are found to be having acceptable membership values with one
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particular cluster. Hence, it verifies that use of rainfall data and location parameters i.e.
Latitude, longitude and elevation, along with GCM data (interpolated to station) can give a
proper clustering result, eventually providing an acceptable outcome for homogeneous

regionalization.

3.4.22.  Regionalization (sub-clustering) of Upper Brahmaputra valley region
using rainfall data of the tea gardens
It was established in the previous section that hybrid method of using location parameters and
LSAVs of GCM models, along with rainfall data can deliver satisfactory results for
homogeneous regionalization. However, if further clustering needs to be done at a local scale,
this approach again shows some limitations. There are two major drawbacks that can be found

in the previous analysis as given below.

1. Use of limited number of rainfall stations for analysis: Due to the use of a smaller
number of stations, the clusters formed after analysis are also less in number. As
mentioned earlier, upper bound of cluster number ¢ is N2, N being the number of
stations (Xie and Beni, 1991; Pal and Bezdek, 1995; Mok et al., 2012). Hence, with 10
stations, the maximum number of stations that we can get is 3.

2. Coarse resolution of GCM grid data: The grid size of GCM data is generally of
coarse resolution. HadCM3 has a grid size of 3.75° in longitude x 2.5° in latitude,
whereas the grid size of ESM2G and ESM2M is 2.02° in longitude x 2.5°in latitude.
This size of grid covers a vast region. If the whole region falls inside only grid,
interpolation of GCM data would be done from the same four grid points. Hence, for a

small area it may not be very effective to use interpolated GCM data.

To fix this issue and to give a suitable regionalization approach for geographically small region,
further analysis was done by utilizing rainfall data, collected from 83 tea gardens of Assam
(Fig. 3.3). These stations are spread over the region covered by Cluster 2 in the previous
analyses (Fig. 3.6(a)). In this case, total annual rainfall, total monthly rainfall, standard
deviation of total annual rainfall and all three location parameters (latitude, longitude and
elevation) of 83 raingauge stations were included as attributes, instead of using only rainfall
data. Three combinations were tried in this study to observe the effect of a particular attribute

in the cluster formation. Those are:
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Case 1: Input data matrix with total monthly rainfall as attributes,
Case 2: Input data matrix with standard deviation of total monthly rainfall as attributes,
Case 3: Input data matrix with latitude, longitude, elevation, total annual rainfall and

standard deviation of total annual rainfall as attributes.

The results are explained in detail in the subsections below:

(i) Cluster analysis with Fuzzy C-Means (FCM) algorithm
To acquire reliable results from clustering, most crucial point is to assume the cluster number
(c), since the number of regions is unknown beforehand. The best way to do that is to choose
a range of values for ¢, and then to find out the most appropriate one. To achieve that, the
cluster number c is changed from 2 to k, k being a quantity lesser than total number of sites, N.
The lower bound of c is taken as 2, because the dataset is apparently clustered into more than
one group. The interesting point here is to define the upper bound of c, i.e. the parameter k.
Varying the k value impacts the reliability of cluster number. From research, it was noticed that
increasing the k value generates more consistent cluster number division (Mok et al., 2012).
Many works can be found in literature on identification of optimal cluster numbers. In most of
the cases, k<N'2 is suggested as the upper bound (Xie and Beni, 1991; Pal and Bezdek, 1995;
Mok et al., 2012). In a similar way, optimum value of fuzzifier (m) also needs to be found out.
Pal and Bezdek (1995) presented that FCM algorithm works well when m varies from 1-2.5.
It is hence suggested (Satyanarayana and Srinivas, 2011) to attain a number of sets of clustered
regions by selecting a range of values for ¢ and m, and then identify the final clustered regions

based on the optimal values of ¢ and m and by means of CVs.

In this study, FCM algorithm was executed for each case with cluster number varying from
Cmin = 2 10 Cmax O (K) = (83)Y2=10, with increment 1. The fuzzifier value (m) is increased from
1.1 to 3.0, with increment 0.1. Change in the values of objective functions with respect to that
of fuzzifier m were plotted for cluster number varying from 2 to 10, for all the three cases and
are shown in Fig. 3.7(a), 3.7(b) and 3.7(c). It is observed that, as the fuzzifier value increases
the optimum value of objective function declines, for a given cluster number. In a similar way,
the optimum value decreases with rise in cluster number, for a given value of fuzzifier. The

FCM algorithm was found to perform better for m in the range of 1.5-2.5.
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Figure 3. 7 Variation in the optimal value of objective function of FCM algorithm with variation of fuzzifier m and
cluster number c, for (a) Case 1: with total monthly rainfall as attributes; (b) Case 2: with standard deviation of total
monthly rainfall as attributes; and (c) Case 3: with latitude, longitude, elevation, total annual rainfall and standard
deviation of total annual rainfall as attributes
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Further, the CVs described in section 3.2.4, were calculated to achieve the optimal value of ¢
and m, for each case. The values of Vec, Vrg, VrrI, Vnce, Vxs, VFs, and Vi are tabulated in
Annexure B. In all the three cases, it is observed that, Vpc decreases monotonously whereas
Vpe, Vepr and Vince show increase monotonously with increase in the fuzzifier value, m, for a
given value of cluster number c. Moreover, they show overall monotonous decreasing (Vec)
and increasing (Vege, Vrpi and Vice) tendency with increase in the cluster number c, hence
giving always low value of ¢ and m as the optimum set of values for homogeneous clustering.
This indicates their ineffectiveness in determining optimum number of homogeneous rainfall

regions.

Extended Xie and beni index (Vxg) as well as the Kwon index (Vk) were found to be relatively
effective in these cases. They didn’t show any monotonous increasing or decreasing tendency
with change in the values of ¢ and m, and were in line with each other. In case of Fukuyama
and Sugeno index (Vrs), although it didn’t have any monotonic tendency, the values were found
to be in a conflict to the values of Vxg, and Vk in some cases. Taking into account of the similar
studies on homogeneous rainfall region identification, found in literature (Rao and Srinivas,
20064a; Satyanarayana and Srinivas, 2011; Farsadnia et al., 2014), Vxg and Vk were opted for
clustering of rainfall regions. Henceforth, the clusters found from these two indices were
considered for further analysis. The optimal value of clusters c=3 was identified, using these

CVs with the corresponding value of m=1.5 for all three cases.

(i) Homogeneity test and adjustment of heterogeneous clusters
Since clusters resulting from clustering algorithms are not utterly homogeneous, further
adjustments are required to come to a definite conclusion. To process with that, at first it is
required to identify the homogeneity of the clustered regions obtained from the algorithm, by
performing discordance measures and heterogeneity measures, proposed by Hosking and
Wallis (1993, 1995). Discordancy tests give the D; values for the stations in each cluster, which
reveals the discordant stations in a particular cluster. Hi, H> and Hs values are calculated for
each of the clusters to determine the heterogeneity level within the cluster. After finding these
values, some adjustments may be executed to decrease the value of heterogeneity measure, till

it becomes acceptably homogeneous.

The H values of homogeneity test for all the three cases are given in Table 3.4. Initially, out of
the nine clusters (three clusters for each case), four clusters were acceptably homogeneous,

four clusters were possibly heterogeneous and one cluster was definitely heterogeneous. Hence,

92| RESULTS AND DISCUSSION
TH-2619_136104016



adjustments were done to make the possibly and definitely heterogeneous clusters as

homogeneous, by either shifting discordant sites from one cluster to another or by removing

those sites if necessary. For case 1, stations Chubwa and Dilli were found to discordant with

all the clusters; hence they are removed during adjustment which lead to three acceptably

homogeneous clusters with the rest 81 stations. Similarly, station Chubwa was found to be

discordant for case 2; hence removed from the clusters and adjustments were done for 82

stations. However, in case 3, no stations were removed. The reason that the two stations did

not show any discordancy in case 3 is because the geographic locations of the stations were

considered during cluster analysis for case 3. The H values of homogeneity test after adjustment

and number of sites in each cluster are shown in Table 3.4. Final clusters formed after
adjustment are shown in Fig. 3.8(a), 3.8(b) and 3.8(c).

Table 3. 4 Homogeneity test results

Case Cluster J test Homogeneity After adjustment Homogeneity E(')ngllc
no. H1 H2 H3 result H1 H2 H3 result :
sites
CL | -008|-125 | -099 | APl | geg | g7 | 06 | ACCEPEOlY |5
homogeneous homogeneous
1 | c2 | 108|060 11 | PSS 1 gag | 104 | 09 | AcceRdly |5
heterogeneous homogeneous
c3 | 296 | 111 | o046 |, Definitely 1 g4 1 056 | -0.05 | Acceprbly | g
heterogeneous homogeneous
CL | -098|-073| 004 | AP | 59 | ggp| g1 | AccepOly |5
homogeneous homogeneous
2 | c2 | 054 |-125| 009 | ACCREOlY |4y | 571 | 039 | Acceptably |y,
homogeneous homogeneous
c3 | 152 | 086 | 069 |, OSSO g4y | 03| 108 | AccePROlY |,
heterogeneous homogeneous
cL | 186 | 091 | 015 |, PSS | 529 | g5 | 0.1g | Acceprbly |4
heterogeneous homogeneous
3 | c2 |-088|-224|-025]| ACCPEOlY | g0l g g5 | g1 | ACCEPEDY g
homogeneous homogeneous
c3 | 162 | -005 | -016 |, POSSIBIV g6 | 0ge | -0.03 | AccePEbly o)
heterogeneous homogeneous
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