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Abstract

In this research work, Subansiri river which is the largest tributary of Brahmputra river

in Northeastern part of India was selected for the study. Impact of climate change on

the hydro-climatic parameters of the river basin was investigated using the statistical

downscaling technique. Fifth phase coupled model inter-comparison project (CMIP5)

general circulation model (GCM) datasets with their representative concentration path-

way (RCP) scenarios as archived by Intergovernmental panel on climate change (IPCC)

has been utilized in the study. Three GCMs namely ESM2G, ESM2M and GFDL-CM3

datasets were used for the impact assessment for low, moderate and high emission sce-

narios. Statistical downscaling model (SDSM) was implemented for the downscaling

of the maximum temperature (Tmax), minimum temperature (Tmin) and precipita-

tion of the five selected climate stations of the river basin for the long term period of

2011-2100. Before projecting the long term Tmax, Tmin and precipitation downscaling

models were calibrated and validated for the historical observed period.

Downscaling results of the Tmax, Tmin and precipitation indicate the rise in tempera-

ture over the river basin for all RCP scenarios. Average annual maximum temperature

is likely to increase in the coming time along with the minimum temperature. Precip-

itation trend also shows the increase in the precipitation for all the scenarios. Apart

from this, extreme precipitation indices such as total precipitation, simple daily inten-

sity index, consecutive dry days, consecutive wet days, heavy precipitation days, very
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heavy precipitation days, wet days and very wet days were calculates to investigate the

changes in the extreme events in the future for different climate change scenarios.

After projection of the Tmax, Tmin and precipitation, Hydrological modeling of the

Subansiri river basin was carried out using soil and water assessment tool (SWAT).

SWAT model requires digital elevation map (DEM), soil map, land use land cover map

and weather data such as precipitation temperature etc for the simulation of the stream-

flow at the given outlet of the catchment along with the other hydrological parameters

such as evapotranspiration, soil moisture etc. SWAT hydrological model was calibrated

for the period of 2002-2010 and validation was carried out for the period of 2011-2013.

After successful calibration and validation of the hydrological model, future streamflow

of the river were projected for the period of 2016-2100 utilizing the downscaled precipi-

tation and temperature series as the primary input in the model. Streamflow projection

results exhibit increase in the streamflow for the river basin as the increase precipitation

will enhance the surface runoff process. All the emission scenarios projects increase in

the streamflow of the basin along with the water yield from each sub-basins.

Taking in to consideration the impact of climate change, major concern for the policy

makers and planners is the management of the water resources for the future water

demand of increasing population and other sectors. Subansiri river basin consists one

reservoir at the Gerukamukh in Assam, this study focuses on the projection of the fu-

ture water demand of the river basin and suggest the available water resources and the

demand of the water for future which will be helpful for the policymakers to decide the

strategies to overcome the water scarcity situation in the future. Three districts in the

command area of the reservoir were taken for the study and their population data were

collected for the last two census i.e. 2001 and 2011. On the basis of these two census,
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a projection of the population were made for the future. Inflow to the reservoir were

projected with the hydrological model for the emission scenarios and with the help of

reservoir physical characteristics such as elevation capacity curve, the water availability

in the reservoir were calculated. Further a coupled approach of hydrological modeling

and water management modeling were suggested for the management of the available

water resources for different emission scenarios.
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CHAPTER 1

Introduction

1.1 Purpose of the study

Indian sub-continent is drained by several perennial Himalayan river such as Ganges,

Indus, and Brahmaputra. Indus River drains the northern part of India, Ganga River

drains the North-central part of India whereas Brahmaputra River drains the North-

eastern part of the India. Brahmaputra River is considered as the life line of the north-

eastern India as it is the largest source of surface water. Tributaries of the Brahmaputra

river are mostly glacier and snow-melt contributed and perennial in nature which makes

this region a potential hydropower generation region (Singh et al., 2013). Brahmputra

River drains eight states of the north-east which include the states of Assam, Arunachal

Pradesh, Meghalaya, Manipur, Nagaland, Tripura, Mizoram and Sikkim.

Intergovernmental Panel on Climate Change (IPCC) reported an unequivocal warm-

ing trend of global temperature since 1950. Fifth assessment report (AR5) of IPCC

concluded that the ongoing warming trends are going to affect the hydrology of the

mountainous region (IPCC, 2014). Extreme events are likely to increase in the near

future for the projected climate change scenarios. Major impacts of warming trends

1
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will be on the snow packs and glacier of the mountainous systems.

Rivers originating from the Himalayan mountains are mainly snow and glacier fed.

Changes in the snowfall and snowmelt amount would cause serious alterations in the

ecology and hydrology of the region. Several studies on climate change implicates the

adverse impacts of the global warming on the Himalayan glaciers and this phenomena

subsequently affecting the water resources of the major river basins. Himalayan region

is very much vulnerable to the climate change impacts, recent studies on the climate

change impacts on the precipitation and temperature of the Himalayan range shows that

this region is also not untouched with the impacts of global warming (Bhutiyani et al.,

2007; Dahal et al., 2016; Khadka et al., 2014). Increased precipitation and temperature

are eventually affecting the hydrology and water resources in the region (Bhutiyani

et al., 2010; Rajbhandari et al., 2015).

Increasing population, urbanization, industrialization, deforestation will eventually im-

pose immense burden on the available water resources. Drastic increase in the electricity

demand, irrigation water requirement, and drinking water supply will cause the pressure

on the government and policy makers to search for optimal use of available resources.

Situation worsen when threat of climate change impacts are combined along with the

demographic and socio-economic changes. Taking into consideration the above men-

tioned facts, objectives of this research work focus on the assessment of the changes in

temperature and precipitation, its impact on the hydrology of the Subansiri river basin

and development of a simulation-optimization model for water resources management

of the river basin under different climate change scenario.

2

TH-1946_126104039



Chapter 1. Introduction

1.2 Problem statement

This research work will focus mainly on the four sectors i.e., change in precipitation and

temperature for the climate change scenarios, hydrological modeling of the Subansiri

river basin, future projections of the streamflow for the climate change scenarios using

hydrological modeling, change in the water demands for different sectors, and river

basin planning under climate change scenarios.

Subansiri River is the largest tributary of Brahmputra river which contributes largest

amount to the river discharge as compared to the other tributaries of Brahmputra

(Singh et al., 2013). It originates in the Tibet plateau and mainly fed by snow and

glacier melt. Downscaled precipitation and temperature data for the river basin scale

from the coarse resolution CMIP5 GCMs will help to understand the possible changes

in the pattern of these meteorological variables and eventually the discharge in the

Subansiri river.

This study proposes a coupled approach for the simulation-management model and its

application on the Subansiri river basin to assess the changes in water demand for the

various sectors along with the changes in the streamflow of the river for different climate

change scenarios.

1.3 Research objective

Following objectives have been decided for the present research work

• Estimation of the changes in precipitation and temperature in Subansiri river

basin for IPCC AR5 emission scenarios.

• Assessment of the trends in precipitation and temperature extreme events for

3

TH-1946_126104039



Chapter 1. Introduction

historical and future timeseries.

• Streamflow simulation of Subansiri river basin and estimation of changes in water

resources by streamflow projections for different emission scenarios.

• To develop the simulation-management approach by using the hydrological model

and water resources planning model and its application in river basin planning of

Subansiri river.

1.4 Organization of the thesis

Present research work is divided in several chapter which are explained in brief as below

• Chapter 2 gives the brief literature review of the works done previously on topic

selected in the present work. Literature review covers the topic related to the cli-

mate change impact assessment on precipitation and temperature. Downscaling of

the precipitation and temperature from coarse resolution of the GCM to the basin

scale, hydrological modeling and uncertainty analysis of river basins, changes in

streamflow for climate change scenarios, optimization methods for water resources

management.

• Chapter 3 comprises of the detailed description of study area Subansiri river basin

and data collection. Details of basin characteristics, topographical details major

land use land cover classes, soil type is discussed in the chapter along with the

hydro-climatological data collection and data used in the study.

• Chapter 4 describes the detailed methodology used for the downscaling of tem-

perature and precipitation for the Subansiri river basin. Downscaling includes

4
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predictor selection, model preparation and projection of the precipitation and

temperature for the climate change scenarios over the period of 2011-2100.

• Chapter 5 provides the explanation of the hydrological modeling and uncertainty

analysis of Subansiri River using Soil and Water Assessment Tool (SWAT) model

and SWAT Calibration and Uncertainty Program (SWAT-CUP) model. Future

projection of the streamflow for different emission scenarios.

• Chapter 6 contains the details of water resources management modeling, inte-

grated simulation-management approach for management, changes in water de-

mand for different sectors for various climate change scenarios.

• Chapter 7 summarizes the discussion and conclusion of the entire research work

and future scope of the research work.

5
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CHAPTER 2

Literature review

2.1 General

The literature review comprises of the climate change impacts on precipitation and

temperature on a Himalayan river, hydrological modeling and climate change impacts

on the water resources of the river basin, socio-economic changes in the basin and its

impact on the available water resources. Thus the literature review is organized in

the way covering the global climate change issues, climate change impact on the water

resources on global scale, on Indian sub-continent and on Himalayan river systems.

2.2 Greenhouse gas emission and climate change

Changes in the atmospheric abundance of greenhouse gases and aerosols, in solar ra-

diation and in land surface properties alter the energy balance of the climate system.

The exact definition of the climate change given by Intergovernmental Panel on Climate

Change IPCC (2007), “Climate change refers to a change in the state of the climate

that can be identified (e.g., by using statistical tests) by changes in the mean and/or the
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variability of its properties, and that persists for an extended period, typically decades

or longer”. IPCC suggests the possible increase in the emission of greenhouse gases

in the future considering the various anthropogenic factors, which are known as the

emission scenarios (Cayan et al., 2008; IPCC, 2007). These emission scenarios are help-

ful tools for impact assessment and deciding the mitigating measures. Basic driving

factors of greenhouse gas emissions are industrialization, urbanization, social and eco-

nomic development and technological change. Emissions scenario projections are the

products of very complex dynamic systems, consists of socio-economic changes, tech-

nological changes and demographic changes. Scenarios are sources to depict the future

projections that is how driving forces enhances the emission which subsequently assist

in impacts assessment studies, adaptation, and mitigation.

It is evident from the analysis of the historical data that the greenhouse gases com-

positions in the atmosphere has increased rapidly along with the increase in global

temperature and the period from 1983 to 2012 was likely the warmest 30-year period

of the last 1400 years in the Northern Hemisphere (IPCC, 2014). The land and ocean

surface temperature data show a warming of 0.65◦C to 1.06◦C between the period of

1880-2012 (IPCC, 2014). IPCC (2007) report revealed that the eleven years during

the period of 1995-2006 were the warmest eleven years, these eleven years are ranked

among the twelve warmest years in the surface temperature since 1850. Trend analysis

of the temperature of 1906-2005 shows warming at higher rate (i.e. 0.74◦C) compared

to the warming trend of 0.6◦C in the period of 1901-2000, this warming is higher in

northern hemisphere and land regions have warmed faster than the oceans. Global

average sea level has risen since 1961 at an average rate of 1.8 mm/yr but rise in sea

level observed to increase rapidly after 1993 i.e. 3.1 mm/yr, reason behind this rapid
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increase is supposed to be the glacier melting and ice caps melting and polar ice sheets

melting.

2.3 IPCC fifth assessment report (AR5) and CMIP5 emis-

sion scenarios

Assessment report of IPCC provide an insight of the possible increase in greenhouse

gas concentration for the future period on the basis of evaluation of the future probable

changes in various natural factors and anthropogenic activities utilizing the scientific

approach. Fifth assessment report (AR5) provides a new approach to represent the

greenhouse gas concentration i.e. in terms of the representative concentration path-

ways (RCP) (IPCC, 2014). In earlier IPCC reports greenhouse gas concentration were

represented in terms of emission scenarios A1, A2, B1 and B2 (CMIP3 datasets). In

AR5, greenhouse gas emission scenarios has been culminated in the terms of RCPs.

Presently four RCP scenarios has been introduced namely RCP2.6, RCP4.5 RCP6.0

and RCP8.5. Suffix with the RCP represents the radiative forcing at the end of the

21st century societal responses. The labels associated with the RCPs provide an es-

timate of the radiative forcing in the year 2100 (relative to preindustrial conditions).

The radiative forcing in RCP8.5 increases throughout the twenty-first century before

reaching a level of about 8.5 W/m2 at the end of the century. RCP2.6 is known as

the low radiative forcing scenario, where radiative forcing reaches a maximum in the

mid of the century and reaches to a nominal value of 2.6 W/m2, RCP4.5 and RCP6.0

are the intermediate scenarios and RCP8.5 is termed as the high scenario. AR5 report

includes the mitigation strategies along with the emission sources to produce the emis-

sion scenarios (Taylor et al., 2012). Major advantage of the CMIP5 datasets is the fine
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resolution of GCM models (Taylor et al., 2012).

2.4 Climate change impact on water resources

IPCC in their third assessment report (TAR) addressed the severity of climate change on

the water resources (IPCC, 2007). Trend analysis of the streamflow in major rivers show

significant trends whereas in few rivers, streamflow reflected a statistically significant

relation with temperature and precipitation trend (Bates et al., 2008). Anthropogenic

activities are also one of the major factors influencing the streamflow apart from change

in temperature and precipitation (Bates et al., 2008). Changes in mountainous hydrol-

ogy is also a prime concern of the climate change researchers, enhanced glacier melt and

shifting in melting season because of the increasing temperature is observed in the re-

cent decades (Box et al., 2006; Kaser et al., 2003). Streamflow analysis at the catchment

and global scale show significant change in the river flows, studies also found significant

links with temperature and precipitation. Changes in flow also caused because of the

drastic changes in land-use change and dam construction in the previous few decades

(Bates et al., 2008).

Precipitation pattern around the world is changing significantly which is substantially

altering the flow regimes in the rivers (Whitehead et al., 2015). Excessive urbaniza-

tion and deforestation are causing the enhancement in runoff generation processes,

thus the effective land-use planning and management strategies are required for climate

change impact mitigation (Arnell and Lloyd-Hughes, 2013). A brief conclusion of the

climate change impacts on water resources suggest that this phenomena will alter the

hydro-climatological variables such as precipitation, temperature, evapo-transpiration

and streamflow. On the contrary to the increased precipitation events, increasing tem-
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perature trends would cause the scarcity of water in arid regions, as the increase tem-

perature will enhance the evapotranspiration from the surface and water bodies (IPCC,

2014). In contrast to this in glacier fed rivers, streamflow tend to increase because of

the increased amount of snowmelt (Singh and Bengtsson, 2005).

2.4.1 Climate change impact on water resources around the world

Impacts of climate change on water resources has been addressed broadly in fifth assess-

ment report of the IPCC. Report reveals a significant changes in the water resources

around the world under climate change scenarios. Increase in streamflow in moun-

tainous region and decrease in inland catchments are likely to happen because of the

changes in temperature and precipitation (Arnell, 2003). Worldwide studies about im-

pact of climate change on water resources justify the findings of the IPCC AR5 concerns

to a larger extent. Dettinger (2012) suggests significant changes in temperature and

precipitation in Southwestern America and at local scale these impacts could be more

severe. Climate change projection for United Kingdom shows significant decrease in

summer precipitation followed by increase in winter precipitation (Murphy et al. 2009),

and increase in temperature will subsequently enhance the evapotranspiration (Watts,

2010; Vidal et al., 2011).

Kron and Berz (2007) reported the increased flood events during the period of 1996-

2005 as compared to the previous records of 1950-1980 globally and as a result, related

economic losses have increased manifolds. Zhang et al. (2009) analyzed the observed

discharges of 40 years and reported an increase in the lower Yangtze basin. At re-

gional scale, significant increase in the annual maximum streamflow has been obtained

in northwestern Europe by several researchers (Hattermann et al., 2013; Ellison et al.,

10
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2012). Significant decrease trends in snowmelt-flood magnitudes at almost one-fifth of

160 stations has been recorded in Canada (Cunderlik and Ouarda, 2009). Hattermann

et al. (2013) identified consistent trends in precipitation extremes and flooding in Ger-

many. Decrease trends for spring and annual maximum flows were also recorded by

Burn et al. (2010). Dai et al. (2009) conducted a study on the projection of stream-

flow and reported that the top rivers of the world such as Congo, Mississippi, Yenisei,

Parana, Ganges, Columbia and Niger showed significant increments in the simulated

streamflow.

Elsner et al. (2010) simulated the 21st century hydrological projections utilizing the 20

GCMs for Pacific Northwest Yakima River and Puget Sound River and projected the

different water balance component such as runoff, streamflow and soil moisture for A1B

and B1 emissions scenarios. Results reveals the possible shifting in streamflow timing

in snowmelt dominant and rain–snow mixed watersheds whereas increase in runoff by

2–3% by the 2040s with a projected increase in winter precipitation. Similarly, (Barnett

et al., 2005) also showed that soil water equivalent (SWE) to precipitation ratios have

been declining in the historic record due to observed warming, and that these changes

are predominantly related to human influence on the climate.

Payne et al. (2004) studied the climate change impact on Columbia River Basin (CRB)

using GCMs and three emission scenarios and found that temperature changes dom-

inated the simulated hydrologic effects by reducing winter snow accumulation, thus

shifting summer streamflow to the winter. Vano et al. (2010) conducted a study on the

sensitivities of water supply systems in the Puget Sound basin, historical and projected

future streamflow variability and water demands, study shows that all systems are pro-

jected to experience declines and eventual disappearance of the springtime snowmelt

11

TH-1946_126104039



Chapter 2. Literature review

peak. Several impact assessment studies have been conducted in China which indicates

water stress scenario for the coming future for different emission scenarios (Thomas,

2000).

Fischer et al. (2007) analyzed the agricultural water demand under different climate

change scenarios. Future agricultural requirement were computed as a function of both

projected irrigated land and climate change for period of 1990-2080. Projected water

demand for agriculture were calculated with the consideration of implication of mitiga-

tion strategies. Finding of the study suggested that the mitigation reduced the impacts

of climate change on agricultural water requirements significantly as compared with

unmitigated climate.

2.4.2 Climate change impact on water resources in Indian sub-continent

and Himalayan region

Mehrotra and Mehrotra (1995) examined that an increase in mean annual surface air

temperature has resulted in increasing precipitation totals over the whole of India,

especially along the western coast of the subcontinent. Indian sub-continent as well

as Himalayan region is also influenced with the changing climate and global warming

(Singh and Kumar, 1997). Mehrotra (1999) conducted a study on India to assess the

impact of climate change on water resources. Study was carried out dividing the country

in 11 agro-climatic zones, results showed that analysis on inter-annual and long-term

variability of monsoon and annual rainfall have pointed out that the variations in rain-

fall for the Indian subcontinent are within the statistical limit.

Gosain and Basuray (2003) quantified the impact of climate change on the water re-

sources of the India using SWAT (Soil and Water Assessment Tool) hydrological model.
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Calibrated SWAT model for different river basins of India were used for the future pro-

jection of the streamflow with the assumption of no change in land use cover. Study

revealed that the emission scenarios may enhance the extremity of floods and draughts

in several part of the country. Rehana and Mujumdar (2013) conducted a study to

assess the change in irrigation water requirement in Bhadra reservoir command area

of Krishna River for A1B scenario and downscaling of temperature and precipitation

showed increase in average maximum and minimum temperature along with monthly

rainfall, subsequently, evapotranspiration is projected to increase. Irrigation demand

in command area assessed on monthly time-scale likely to increase because of the pro-

jected increase/change in temperature.

Duhan and Pandey (2013) analyzed the precipitation trends in 45 districts of state of

Madhya Pradesh on different time scale using Mann-Kendall (MK) test and Sen’s slope

estimator test and an increase was observed on annual precipitation. Ghosh et al. (2009)

examined the trends in summer monsoon of India and effect of global warming and lo-

cal urbanization, deforestation impacts on precipitation. Study found the increasing

trend of heavy rainfall and decreasing trend of occurrence of moderate rainfall. Patra

et al. (2012) detected rainfall trends using 1871-2006 data and reported declining trend

in annual and monsoon rainfall, increasing trend in the post-monsoon season was also

observed.

Khadka et al. (2014) carried out a study on Himalayan river basin named Tamakoshi

Nepal to identify the climate change impact on snow cover and its effect on the stream-

flow of the river. Statistical downscaling method was used for temperature and precip-

itation projection to the basin scale and results suggest increase in both temperature

and precipitation. Temperature and snow cover relationship showed that snow cover in
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winter and spring are more vulnerable to the climate change. Immerzeel et al. (2012)

developed the hydrological model to estimate the snowmelt contribution to runoff in

a glacier river basin, analysis showed that temperature and precipitation are likely to

increase in the future scenario which will result in the retreat of the glacier area and

increase in river runoff because of the increased precipitation and ice melt.

Neupane et al. (2015) calibrated the SWAT model for two Himalayan rivers namely

Tomar and Seti river basins in Nepal and checked the probable impact of climate change

scenarios B1 and A1B along with land use changes on the river runoff. While assessing

the probable land use change agricultural land and grassland were considered preferably.

Study reported significant increase in the runoff when combined the effect of emission

scenarios along with the land use changes. Mishra and Lilhare (2016) conducted the

impact assessment study on the major river basins of India for RCP emission scenar-

ios using CMIP5 datasets and SWAT hydrological modeling. Results describes the

significant changes in the streamflow for almost all the RCP scenarios.

2.5 Downscaling and future projection of temperature and

precipitation

Intergovernmental Panel on Climate Change (IPCC) has suggested several CO2 emis-

sion scenarios and different general circulation model (GCM) has generated several

simulation of the climatic variable on the basis of these emission scenarios but these

climatic variables are given at a very coarse resolution of around 350 × 250 kilome-

ter grids, which is quite large for the basin scale study because local conditions also

play important role in hydrology of the basin. So, for the climate change studies it is

necessary to downscale these data at basin scale. Several downscaling techniques have
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been developed for projecting the climatic parameters for future climate change sce-

narios at basin scale. Mainly two types of downscaling techniques are there, statistical

downscaling and dynamic downscaling techniques. Dynamic downscaling techniques

are used less because of its complexities and large requirement of data, while statistical

downscaling techniques are popular because of its feasibility and less data requirement.

Several sophisticated software and models have made statistical downscaling technique

easier. Several studies on the downscaling of climatic parameter are summarized here

which gives the state of the art of this technique.

Anandhi et al. (2008) developed downscaling model for Malprabha river basin to project

the maximum and minimum temperature using the National Center for Environmen-

tal Prediction (NCEP) dataset predictors for calibration and validation. For future

projections GCMs COMMIT and CGCM3 for three emission scenarios A1B, A2 and

B2 scenarios were utilized. The impact of trend in predictor variables on downscaled

temperature was studied. Sachindra et al. (2011) in their study downscaled the rain-

fall and temperature for the general circulation model predictors to the basin scale for

modeling the streamflow of the basin for future climate scenario. A statistical relation-

ship was developed between the basin hydro-climatic data and NCEP predictors and

future streamflow was developed using the statistical model. Ghosh and Mujumdar

(2008) used support vector machine in downscaling of the climatic variables and used

it for generating the future streamflow generation over Mahanadi river basin. Principal

component analysis was used for selecting the appropriate predictors from the best cor-

related predictors. Efficiency of relevance vector machine (RVM) and support vector

machine (SVM) were checked and it was observed that RVM has the advantage over

SVM.
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Mahmood and Babel (2013) developed the monthly and annual based regression model

for minimum temperature, maximum temperature and precipitation for the Jhelum

river basin of Pakistan using statistical downscaling model (SDSM). Bias correction ap-

proach was used for improving the performance of model and removing the biasness in

the future projected data. It was stated that monthly regression model performs better

over annual regression model and this is because there is a variation occurs in summer,

winter and monsoon season temperature and rainfall. Chu et al. (2009) used statistical

downscaling method for downscaling of temperature, rainfall and evapotranspiration

for Haihe river basin in China. For the 11 stations of the basin GCM predictors for

HadCM3 model were selected and regression equation was established for three pre-

dictands i.e. mean temperature, rainfall and evaporation. Study shows that for the

different stations selected predictors which are best correlated may vary.

Khan et al. (2006) carried out a study to check the capability of three different down-

scaling tools i.e. statistical downscaling model (SDSM), Long Ashton Research Station

Weather Generator (LARS-WG), and artificial neural network (ANN). Several extreme

indices were calculated for the comparison from different model results. Observed and

downscaled data from 1961-2000 were used for analysis and the results suggested that

the SDSM is the most capable of reproducing various statistical characteristics of ob-

served data in its downscaled results with 95% confidence level.

Goyal and Ojha (2012b) compared the performance of ANN method and linear multiple

regression methods for the temperature projection on a lake catchment. Results of the

study showed that ANN-based models are better to LMR-based models, further ANN

model was applied to obtain future projections of Tmax and Tmin and it was observed

that Tmax and Tmin are likely to increase in A1B, A2, and B1 scenarios, along with
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precipitation whereas no trend has been observed for pan evaporation in future.

Samadi et al. (2013) used two downscaling models, statistical downscaling model (SDSM)

and an artificial neural network (ANN) model, to describe the uncertainty in regression-

based statistical downscaling of daily precipitation and temperature over a semiarid

catchment in the west of Iran. Thirty years of observed and downscaled daily precip-

itation and temperature data set obtained from NCEP reanalysis predictors for the

years of 1961 to 1990 were used to estimate the biases in mean, variance, and wet/dry

spells. The uncertainty in daily temperature was evaluated from the comparison of

monthly mean and variance of downscaled and observed daily data at a 95% confidence

level. The uncertainty in daily precipitation was evaluated based on monthly mean

dry and wet spell lengths and their confidence intervals, cumulative frequency distribu-

tions of monthly mean of daily precipitation, and the distributions of monthly wet and

dry days for observed and modeled daily precipitation. Their results indicate that the

uncertainty in downscaled precipitation is higher compare to temperature. They have

also shown that daily temperature simulations can accurately reproduce the extreme

events. Comparing SDSM and ANN, their study shows that the SDSM is the most

efficient model at reproducing various statistical characteristics of observed data at a

95 % confidence level, whereas the ANN model is the least efficient in this context.

Chen et al. (2012) have evaluated and compared water balance components in upper

Hanjiang basin in China simulated using different downscaling methods, hydrological

models and GCMs. Statistical downscaling techniques, i.e. SSVM (Smooth Support

Vector Machine) and SDSM (Statistical Downscaling Model) were calibrated and vali-

dated using NCEP/NCAR reanalysis data for the period 1961–2000. The A2 emission

scenarios from CGCM3 and HadCM3 for the same period are used as input to the
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statistical downscaling models and the downscaled local scale climate scenarios are ob-

tained. These local scale climate scenarios are given as input to Xin-anjiang and HBV

hydrological models. Further, their results have shown that there is great variability

in the simulated runoffs obtained using different statistical downscaling techniques for

same GCM. SDSM was shown to have better comparison compared to SSVM based on

most widely used statistics in the literature, however in case of Nash–Sutcliffe efficiency

(NSE) and root mean square error-observations standard deviation ratio (RSR) SSVM

outperformed. SDSM downscaled rainfall has lower efficiency in runoff simulation com-

pared to SSVM. Further, they have concluded that NSC and RSR can be used as key

statistics for the evaluation of statistical downscaling models performance when the

downscaled rainfall is used as an input to hydrological model.

2.6 Studies on temperature and precipitation extremes

Easterling et al. (1997) found significant variations in minimum and maximum tempera-

ture and observed that the diurnal temperature variations. Vose et al. (2005) examined

the trends of maximum and minimum temperature of historical data series and found

rapid increase in Tmin as compared to Tmax which indicates significant decrease of

diurnal temperature range (DTR) during the period of 1950-2004. Apart from change

in DTR uniform increase in Tmax and Tmin was observed all over the part of globe.

Alexander et al. (2006) analyzed the temperature and precipitation extreme events on

global scale. Extreme events data were gridded for the globe and trend analysis was

conducted for the period of 1951-2003. It was observed that the occurrence of the cold

nights are decreasing significantly, significant change in the warming trends were also

observed along with the extreme events associated with the minimum temperature.
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Palazzi et al. (2013) evaluated CMIP5 GCMs over Karakoram-Himalaya and gradual

increments in the summer precipitation throughout the 21st century scenarios. Though,

properly simulation of seasonal precipitation and its spatial and temporal distribution

using GCMs has demonstrated many difficulties. Deng et al. (2016) analyzed the fre-

quency of extreme precipitation over Ontario using GCMs and observed annual heavy

precipitation days, very heavy precipitation days, very wet day and extreme wet days

in the progressive manner over major parts of the Ontario.

Song et al. (2015) also used observed precipitation datasets to detect the recent changes

in extreme precipitation and droughts during 1960 to 2013 over Songhua river basin,

China. Study found that the observed that wet days are increased and the regionally

averaged consecutive dry days significantly increased. Qian et al. (2007) found that the

frequencies of extreme precipitation events increased in eastern China. Kharin et al.

(2013) prepared extreme precipitation indices to detect the annual, seasonal and intra-

annual variability in 21st century precipitation scenario utilizing CMIP5 RCPs. The

authors observed relative changes in the intensity of precipitation extremes and the

annual mean precipitation is increased.

2.7 Hydrological modeling

After getting the hydro-climatic data next step is modeling of the hydrologic process

for the study area including calibration and validation of the hydrological model. After

calibration and validation model can be used for generating the future stream flow,

evaporation and other hydrologic process by using the future projected hydro-climatic

data. Several studies have been carried out all over the world using different hydrolog-

ical models for generating the future water availability of the certain river basin or the
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study area.

Abbaspour et al. (2015) applied soil and water assessment tool (SWAT) model for hy-

drological modeling of Europe to simulate the water resources component of the major

river basins. Crop yield and water quality were simulated at the hydrological response

unit (HRU) scale and authors also discussed the comprehensive framework for the leach-

ing of nitrate to the groundwater. Abbaspour et al. (2007b) used SWAT hydrological

model for simulating streamflow, sediment and nutrient load in Thur river basin in

northeast Switzerland and applied sequential uncertainty fitting (SUFI2) approach for

calibration and uncertainty analysis. Abbaspour et al. (2004) addressed the uncertainty

involved in the parameter estimation process in hydrological modeling. Authors pro-

posed an approach to quantify the uncertainty in parameter estimation using uniform

distribution and fitting the simulated streamflow bracketed with 95% prediction uncer-

tainty of parameter values.

Bahremand and De Smedt (2010) for their study used WetSpa model to the Torysa

river basin and Parameter estimation, sensitivity and predictive analysis of the model

parameters were performed using a model-independent parameter estimator (PEST).

It was found that the correction factor for measured evaporation data has the highest

relative sensitivity. Parameter uncertainty and predictive analysis give an insight of a

proper parameter set and parameter uncertainty intervals and prove that the parameter

uncertainty of the model does not result in a significant level of predictive uncertainty.

Patil et al. (2014) explained the difference in the result of distributed hydrological mod-

eling and lumped hydrological modeling. Study was carried out for the 41 catchment of

Pacific Northwest of the USA. Lumped and distributed hydrological model was applied

on all the basins. Two metrics i.e. moisture homogeneity index (MHI) and tempera-
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ture variability index (TVI) were used to check the performance of models. Comparison

of results shows that the distributed model performs well. It was concluded that the

distributed hydrological model are better for the catchment with low homogeneity of

moisture distribution.

According to Zhang et al. (2014) the fundamental task in surface water hydrology

is to understand the behavior of a catchment in terms of its underlying hydrolog-

ical signatures which could be beneficial in water resource management, catchment

classification, and prediction of runoff time series. Zhang et al (2013) applied three

approaches for analyzing six hydrological signatures in southeastern Australia. The

applied approaches included spatial interpolation with three weighting schemes, index

model that estimates hydrological signatures using catchment characteristics and classi-

cal rainfall–runoff modeling. Six hydrological signatures were categorized as long-term

aggregated signatures annual runoff coefficient, mean of log-transformed daily runoff,

and zero flow ratio. The signatures obtained from daily flow metrics i.e. concavity

index, seasonality ratio of runoff, and standard deviation of log-transformed daily flow.

Approach was applied on more than two hundred basins and it was found from the

results that for the log-transformed daily runoff and runoff coefficient which were two

long-term aggregated signatures, the index model and rainfall–runoff modeling per-

formed similarly. The results were better than the spatial interpolation methods too in

this case.

Yang et al. (2007) addressed the inherent errors and uncertainty in the calibration and

parameterization of the hydrological models. They also addressed the complexity in

calibration for arid regions. To address this issue, authors suggested the procedure

to overcome the parameters identifiability in distributed modeling and the problem of
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auto-correlated errors and problems of seasonal variation. Authors applied this proce-

dure on the soil and water assessment model calibration for Chaohe river basin in North

China. Results demonstrated better results to overcome the problem of uncertainty and

errors in hydrological modeling.

2.8 River basin planning and management

Climate change study with river basin management planning requires a detailed study of

changing climatic variables and its impact on available water resources with the future

projected climate change scenario. Downscaling and hydrological modeling provides

both these information discussed above. Main factor which affects the available water

is temperature and rainfall. With the increasing temperature evapotranspiration from

the bare soil and vegetation increases which consequently affects the water availability

for the plants and living beings. Several studies related to the changing climate and its

impact on the available water resources of river basin have been carried out.

Sarma et al. (2013) stated in their article about the ecological imbalance in the hilly

region of Brahmputra river basin because of unplanned urbanization and massive de-

forestation. Deforestation has caused the increased runoff and thus the sediment yield

in the region. Ecological sustainable management practices (EMP) were suggested for

the micro-watershed of Guwahati. These management practices are grass land, forest

land and detention pond. A multi-objective optimization model was developed for the

maximization of the carbon sequestration and minimization of the cost of the suggested

EMPs. Constraints selected were sediment yield, peak discharge constraints, EMP suit-

ability area constraints, and owner’s choice for constraints.

Ahmed and Sarma (2005) introduced a genetic algorithm (GA) model for finding op-
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timal operating policy of a multipurpose reservoir for Pagladia Project at Assam in

India. Which has been compared with the policy derived using stochastic dynamic

programming (SDP). They found that the GA based policy is better as compared to

the conventional one. Ray and Sarma (2011) presented an optimum reservoir policy

to minimize the diurnal variation of stream flow at downstream for Lower Subansiri

Hydroelectric project. Simulation model was developed and performed with Standard

Operating Policy proposed for the project. The results highlights during lean period

the release discharge increased about eight times as compare to normal flow, whereas

its zero during non-operating period. To minimize the deviation of flow, structural and

non-structural measures were adopted and compared with seven performed criteria and

found that structural measures provides the best result. Also, the adoption of non-

structural measure can provide the significant improvement as compare with baseline

standard operation scenario.

Mujumdar and Nirmala (2007) have adopted a stochastic optimization tool (Bayesian

Stochastic Dynamic Programming (BSDP)) to develop the operating policy for a multi-

reservoir system with forecast and inflow uncertainty. The BSDP includes Bayesian

approach with Stochastic Dynamic Programming (SDP) formulation. This stochastic

optimization tool includes state variables such as - initial storages of individual reser-

voirs at the time t, cumulative inflow to the system during period t and forecast for

cumulative inflow to the system for the next time t+1. In this study, inflow randomness

is presented by a posterior flow transition probability, whereas flow forecast uncertainty

presented through both posterior flow transition probability and predictive probability

of forecasts.

Kumar et al. (2013) used artificial neural network (ANN), fuzzy logic and decision tree
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algorithm as main tools to optimize the reservoir policy. Optimum release is the func-

tion of state variable and hydrologic inputs, which allows to control the water release in

terms of available informations. The optimal release, inflow series and modified reser-

voir characteristics (e.g. elevation-area capacity table, zero elevation level) obtained

from optimal control theory. ANN with back propagation algorithm, Fuzzy Logic and

decision tree algorithms (M5 and REPTree) were used to control the operating rules

for irrigation and power supply and found fuzzy logic provides best results as compare

to other two techniques.

Rani and Moreira (2009) presented a survey of simulation and optimization modeling

approaches used in reservoir systems operation problems. Optimization methods have

been proved of much importance when used with simulation modeling and the two ap-

proaches when combined give the best results. The main objective of the review article

was to discuss simulation, optimization and combined simulation– optimization model-

ing approach and to provide an overview of their applications reported in literature. In

addition to classical optimization techniques, application and scope of computational

intelligence techniques, such as, evolutionary computations, fuzzy set theory and artifi-

cial neural networks, in reservoir system operation studies were reviewed. Conclusions

and suggestive remarks based on this survey were outlined, which could be helpful for

future research and for system managers to decide appropriate methodology for appli-

cation to their system.

Jothiprakash and Arunkumar (2013) addressed the complexity of the multi-objective

optimization problem in water resources which involves irrigation, hydro-power and

flood control. Nonlinear programming problem were developed for solving the multi-

reservoir system and the model was applied on Koyna Hydro-Electric Project (KHEP)
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for maximizing the hydropower production and solved for three different dependable

inflow scenarios under various operating policies. Complex situation of the study arises

in the case of irrigation and hydropower release were in opposite direction. In order

to get the optimal operation policy, annual, seasonal and monthly inflow and power

production were compared and it was found that power production can be increased to

a minimum of 22% by slightly relaxing the tribunal constraint on releases towards the

western side.

Vano et al. (2010) in their study explained the consequence of changing climate and

by using VIC model (Variable Infiltration Capacity) model which is the macroscale

distributed hydrological model assessed that there will be water scarcity in the region

as per the B1 emission scenario. Without adaptations, for IPCC A1B global emission

scenarios, water shortages increase to 27% (13% to 49% range) in the 2020s, to 33%

in the 2040s, and 68% in the 2080s. For IPCC B1 emissions scenarios, shortages occur

in 24% (7% to 54%) of years in the 2020s, 31% in the 2040s and 43% in the 2080s.

Historically unprecedented conditions where senior water rights holders suffer shortfalls

occur with increasing frequency in both A1B and B1 scenarios. Economic losses include

expected annual production declines of 5%–16%, with greater probabilities of operating

losses for junior water rights holders.

Elsner et al. (2010) estimated the sensitivity of the hydrology of the Pacific Northwest

as the region dominates in runoff from the snowmelt and temperature plays impor-

tant role in the region for melting of snow and subsequently runoff. Datasets from

the fourth assessment report of IPCC were utilized for the impact assessment for two

emission scenarios Total twenty GCM were selected for the study. Impact assessment

were specifically focused on Washington and the greater Columbia River watershed,
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with additional focus on the Yakima River watershed and the Puget Sound which are

mainly sensitive to climate change. All the three component of the water balance i.e.

soil water equivalent, soil moisture and streamflow were calculated for estimating the

changes in future scenarios as compared to baseline period of 1917-2006. Study finds

out that SWE decreasing upto 46% by 2040 for two emission scenarios i.e. B1 and

A1B, and seasonal shifting in the streamflow is also observed, annual runoff projected

to increase by 2-3%.

Block (2011) compared the benefits and reliability of actual forecast based optimiza-

tion approach over climatological approach for the Blue Nile river basin, model uti-

lizes rainfall, runoff modeling, forecasting the hydrological variables and hydropower

model. Steinschneider and Brown (2012) suggested management approach for the cli-

mate change scenarios and hydrological changes in a watershed. Study suggested that

the water resources management can be enhanced with the seasonal forecast of the

hydrological variables and adapting to the reservoir managements. In order to decide

the adaptability options for the future management plans, two approaches were used.

In first approach, system was optimized on the basis of the projections of variables like

streamflow using the GCM ensembles and in the other approach the stationarity of the

system was considered assuming the baseline historical behavior of the system. Model

was applied on the Westfield River in the northeast United States. Results declare that

deciding the adaptation strategy on the basis of the seasonal forecasting is better option

than the adaptation based on the stationary approach.

Brekke et al. (2009) represented the risk based planning for adaptive water resources

management under climate change scenarios. Study focuses on the water management

strategies for the California’s Central valley project and state water project systems un-
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der the threat of different climate change scenarios and flood-conditions in the coming

future for the flexible climate change risk assessment using ensembles of projections,

which could be helpful for the policymakers. Risk was analyzed for the two decisions

such as whether the climate change will influence the flood control and water supply

or whether it is required to use the weighted scenarios of climate change ensembles. It

was found that the flexible approach in decision making provide various dimensions of

adaptations to mitigate the impact of climate change scenarios.

Yates et al. (2005) introduced a model which can simulate the hydrological processes

and integrates the water management plans considering the various sectors and their

priorities. Model named Water evaluation and planning (WEAP) integrates watershed-

scale hydrological simulation and management of water resources considering all the

points in the watershed such as reservoir, streams environmental flow and demand sec-

tors. Yates et al. (2009) used WEAP model for assessing the water resources of the

Sacramento River Basin in California, in the study river basin was divided into several

sub-watershed along with the demarcation of the canals, diversions reservoirs charac-

terized for the water management plans. Study found that WEAP model capable for

the simulation of hydrology of the river basin and assessment of the management plans

for the river basin considering all the stakeholders within the river basin.

Purkey et al. (2008) also applied the WEAP model in the Sacramento River basin for

searching the different possible water saving options in traditional agricultural and irri-

gation practices. Study tested the different agricultural practices and cropping pattern

and found that these methods could reduce the required water for agricultural prac-

tices and which subsequently increase the available water to fulfill the domestic water

demand in the watershed.
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Mehta et al. (2013) applied an integrated water management model for planning the

framework of the water resources management in the Lake Victoria region of the Africa

which is considered as the region having fastest growth in Africa. Integrated water

management model was prepared with the help of WEAP model and three cities of the

lake catchment were considered for the study. Model was provided with all the hydro-

climatological input for all the sub-watersheds separately, demography of the cities and

different demand sites were identified on the basin of the literature and filed surveys.

An assessment of the water resources and demand up to 2050 were estimated on the

basis of population projection and infrastructure development. It was found that the

water resources will be enough to fulfill the demand till 2020, but after that the avail-

able water resources will be insufficient for the different sectors and various watershed

management strategies will have to be adopted in order to meet the demand. Chin-

nasamy et al. (2015) conducted a study on the Koshi river basin which is a tributary

of the Ganges river in Northern part of Indian subcontinent. Study was focused on

the assessment of the water resources in the river basin and its sufficiency for fulfilling

the hydropower production demand and drinking water demand. It was found that the

available water resources are sufficient to fulfill the requirement of power production and

population demand but for the future increase in the population, agricultural growth

and industrialization will cause a deficit situation for the available resources by 2050.

Bhave et al. (2016) integrated the participatory and modeling approaches for water

resource management including all the stakeholder of the Kangasati river catchment in

West Bengal. Methodology involved all the stakeholders of the river basin for the par-

ticipation in the policy making along with the modeling of the hydrological processes in

the catchment, process was followed by proposing the two adaptation measures in the
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watershed in order to increase the water holding capacity and checking the drainage of

the runoff water through construction of the check dams and increasing forest cover.

Later final decision was taken on the basis of the meeting of all the stakeholders to

find the no-regret adaptation option on the basis of the priority of the stakeholders and

it was found that increasing forest cover will be more effective and acceptable to the

participants.

Alemayehu et al. (2010) selected the Lake Tana catchment for the study of water re-

sources management under the influence of economic growth scenarios. Study utilizes

the WEAP model for the estimation of the water demand of different sectors in the

different development scenarios. Water demand was simulated for the three sectors

separately i.e. irrigation, hydropower and downstream drinking water demand. Harou

et al. (2009) reviewed the popular hydro-economic models used all over the world in the

field of water resources management. Review includes the methodologies being used

for last 45 years in 23 countries across the world and found that these hydro-economic

models not just provides a solution to the maximization of the profit, or minimization

of loss from the existing system but also provide a framework to adapt immediately to

the coming changes in the society as well as changing scenario of water demand.

2.9 Conclusion from the literature review

From the literature review on the various topics of climate change impact on water

resources, following conclusions have been drawn

• IPCC AR5 suggests rise in temperature and precipitation for the 21st century

which will subsequently enhance the extreme events in future. Studies on the

Himalayan range indicate the impact of climate change will be higher in this
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region because of the increased glacier melts and change in snowfall and snowmelt

pattern.

• Streamflow in the rivers are likely to change because of the changes in temper-

ature and precipitation patterns, which will subsequently alter the hydrological

components such as evapotranspiration, surface runoff, infiltration etc. in a river

basin. In snow and glacier fed rivers, impact of climate change becoming more

severe because of the enhanced snowmelt and shifting in snowfall.

• Studies on the water resources availability also indicates that water resources are

the primary sectors to be addressed for mitigation and adaptation strategies under

climate change.

• Less studies have been found which focuses on the simulation-optimum approach

for addressing the water distribution policies which includes all the demand sec-

tors viz. municipal water, irrigation water, water for hydropower generation and

environmental flow under the ambit of climate change impacts. No literature

have been found where latest published fifth assessment report of IPCC climate

change RCP scenarios have been used for addressing the changes in water resource

availability.

• Simulation-optimization approach is required to address the streamflow projec-

tions and inflow to the reservoir, along with the change in demand for different

sectors to decide an optimal release policy under the given constraints.
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The Subansiri river is the northern bank tributary of Brahmputra which is also the

longest among all the tributaries (Sarkar et al., 2012). Nomenclature of Subansiri River

originates from the fact that the river course was a potential site for Gold mining in

the recent past which gives this river the name Subansiri derived originally from the

Sanskrit world “Swarn” which means gold. Subansiri river is trans-Himalayan river

which originates in the Tibet Himalayan plateau at an elevation of 5340 m and formed

by joining the three small tributaries namely Lokong Chu (Char Chu), Chayal Chu and

Tsari Chu in Tibet, after travelling through the Himalayan mountains it enters India

passing the Miri hills in Arunachal Pradesh. Total length of Subansiri River from origin

to the confluence to Brahmaputra, is 337 km, in this length, 208 km length falls in the

mountainous terrain of Himalaya, and remaining length falls in the plain of Assam,

where it joins the Brahmputra River near Jamuguri Ghat.

Total basin area of the river is about 35771 Km2 as calculated from the basin delineated

from the shuttle radar topographic mission (SRTM) digital elevation map, 21066 Km2

area falls in Arunachal Pradesh, 4360 Km2 lies in Assam state and remaining 10345

Km2 falls in Tibet region (Ray and Sarma, 2011). Observed maximum discharge of
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Subansiri river has been found to be approximately 18,500 m3/sec and minimum of 131

m3/sec, river contributes 7.92% of total discharge of the Brahmaputra river observed at

Pandu Port (Singh et al., 2013). Several small tributaries contribute their water to the

Subansiri River, few of them are Ranganadi, Dikrong, Kamala, Ghagar and Sampara

Figure 3.1. In India, Subansiri River drains some parts of two states namely Arunachal

Figure 3.1: Subansiri river map with its tributaries

Pradesh and Assam. In Arunachal Pradesh, parts of Lower Subansiri district, Upper

Subansiri district and Papum Pare is covered whereas in Assam some part of Dhemaji

and North Lakhimpur district of Assam falls in Subansiri river basin. Figure 3.2 shows

the districts which comes under the Subansiri river basin. A hydroelectric power plant

is constructed on the Subansiri River at the foothill near Gerukamukh where it enters

the Assam state, which is named as Lower Subansiri hydro-electric project (LSHE).

Main objective of project is the electricity production and flood control, capacity of the

power plant is 2000 MW (Ray and Sarma, 2011) .
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Figure 3.2: Regions covered in Subansiri river basin

3.1 Geological and morphometric characteristics

Subansiri River covers very diverse topography from its origin point to the confluence

to the Brahmputra River. At the origin point elevation reaches above 5000 m whereas

when it enters the plains of Assam the elevation reaches as low as 100 m amsl. In

the upper part of the river basin, many big tributaries joins the Subansiri River and

in the foothills, two major rivers Ranganadi and Dikrong river join the river. Shuttle

radar topographic mission (SRTM) data analysis of the Subansiri river basin shows

high relief in the upper catchment with sharp rise mountain tops is indicative of the

hard rock terrain with low erosion rate, whereas the southern part of the basin has

the low hill topography and flat hill tops (Goswami et al., 1999). Flood plain of the
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Subansiri River is extensive about 63 Km in an east-west direction and 40-58 km in

north-south direction. Thus, the geomorphic units mapped in the Subansiri basin can

be classified broadly as dissected piedmont plain and dissected flood plain (Ray and

Sarma, 2011). Terrain in the foothills to the south is mainly composed of alluvial

deposits of Brahmputra River, Siwalik hill range located to the northern part of the

area. Subansiri river alluvial plain area has more than 6 Km thick sedimentary sequence

with very low gravity anomaly indicating thick mass of low density material. Subansiri

River in the foothills follows a braided course (Gogoi and Goswami, 2014) . Subansiri

River is typically meandering river with drastic channel shift, meandering continues in

the downstream and depends on the amount of discharge and tributaries joining the

river.

Morphological elements of Subansiri river consists point bars, natural levee, channel bars

and back swamps. In the plane of Assam, Subansiri River shows very sinuous character

and creates bar point deposition of varying size contains sand. In flood season, river

flows above the natural bank of river thus its velocity is reduced and it deposits the

coarse sediment on the bank of the river which is known as natural levee. Subansiri

River creates a very broad levee because of the heavy sediment load from the upper

mountainous catchment.

3.2 Socio-economic status

Major population of the river basin live in the downstream of the LSHE, this area is

geographically a remote area and infrastructures are not very good, which makes this

region less developed. Literacy rate is also very less and large population depend upon

the agricultural practices and fishing. People on the bank of Subansiri River depend
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largely on this river because of the availability of water for agricultural purpose and

catching fish.

River basin covers the seven districts of Assam and Arunachal Pradesh, among these

districts Lakhimpur of Assam has the highest population of approximately 1 Million

(Census 2011), whereas population of Dhemaji district is approximately 0.7 Million.

Population of the districts of Arunachal Pradesh is comparatively low as compared

to the districts of Assam. Papum Pare district has a total population of 0.1 Million

(Census 2011). Agriculture and livestock are the backbone of the economy of these

villages. Large population depends totally on the agriculture and fish catching. Rice

cultivation is practiced by the major population.

3.3 Land use and land cover (LULC)

Upstream of the Subansiri river basin (above dam) dominates with the forest cover with

5-10% area with snow and glacier, some part which comes under the Tibet plateau is

rain shadow zone with least forest and mostly cold dessert with barren land and grasses.

In the downstream of the Subansiri river basin, 50% area is covered under agricultural

land. Village houses, huts and residential plots accounts for the 18% of the total area

whereas 16% area is swamp or marshy land. Figure 3.3 shows the LULC map of the

river basin and details of the legends used in Figure 3.3 are shown in Table 3.1. From

the Figure 3.3 it can be shown that the basin part in Tibet are dominated with grass,

whereas in the Indian part of the basin, different type of forest covers the major part

of the basin (in the upstream part) and in the downstream portion major part covers

with agricultural crop land.
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Figure 3.3: Land use and land cover map of Subansiri river basin

3.4 Soil type

Soil map obtained from food and agriculture organization (FAO) shows mainly seven

dominant soil classes in the basin as shown in Figure 3.4. In the downstream area on the

flood plain of the Brahmputra River major soil class is orthic acrisol (3651) at top layer

with ferric luvisol and gleyic acrisol as secondary and lower layers. In the upstream of

the river where river passes through the hilly terrain, major soil type at the top layer

are orthic acrisol (3650) with leptic podsol and humic acrisol as secondary and lower

layers. In North Lakhimpur area thickness of silt and silty clay zone is about 2 m and

below to this a medium to coarse sand is found. In the flood plain of Subansiri near the

confluence of Brahmaputra River, soil type eutric cambisol (3683) is found at top layer
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Table 3.1: Land use/land cover details of Subansiri River

S.N. Symbol LULC Area (%)

0 WATR Water 0.19

1 FOEN Evergreen needle leaf 12.22

2 FOEB Evergreen broad leaf 13.92

3 FODN Deciduous needle leaf 0.03

4 FODB Deciduous broad leaf 0.01

5 FOMI Mixed forest 29

6 SESB Closed Shrub land 0.02

7 SHRB Open Shrub lands 1.95

8 SAVA Woody savanna 0.34

9 WEWO Savannas 0.01

10 GRAS Grassland 37.02

11 WETN Perm. Wetland 0.03

12 CRWO Cropland 0.03

13 URBN Urban and built-up 0

14 CRGR Cropland natural veg. 0.07

15 ICES Snow and Ice 4.14

16 BSVG Barren and sparsely vegetated 1.03

along with orthic luvisol and chromic luvisol at second and third layer. Apart from

this, some part are permanently covered with glaciers (6998) and waterbodies (6997).

3.5 Meteorological characteristics of Subansiri river basin

Subansiri sub-basin shows very much diversity in rainfall characteristics because of

its areal extends from tropical to temperate zones (Sarkar et al., 2012) . Average

annual rainfall in the Subansiri catchment increase to the foothills from the plains of

Assam. Relative humidity remains high throughout the year. Average annual maximum

temperature ranges from 2◦C to 25◦C whereas average annual minimum temperature

varies from −7◦C to 5◦C. Variation of temperature in the upper part of the basin is very

low because of the high elevation zone which remains covered with snow and glacier

throughout the year. Temperature variation in the basin can be explained separately

for the upstream and downstream, as the upstream is mostly covered with the hilly
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Figure 3.4: Soil map of Subansiri River

terrain so the temperature range does not go very high whereas in the downstream

it could rise up to 35◦C in the summer month. Monthly variation of maximum and

minimum temperature along with the monthly precipitation are shown in the Figure

3.5.

3.6 History of natural hazards in the Subansiri river basin

In Indian sub-continent, where river basin are heavily populated and unplanned urban-

ization on the river banks are taking place, natural hazards are bound to happen (Singh

and Awasthi, 2011). Situation become even worse when this flood phenomena occurs

in the hilly region such as in Assam and other states of Northeast India. Northeastern

part is very much prone to earthquake and heavy rainfall incidents, which makes this
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Figure 3.5: Average monthly precipitation, minimum and maximum temperature vari-
ation in the Subansiri river basin

region very much vulnerable to the natural hazard situations. Recent known biggest

natural hazard in the Subansiri river basin happened in August, 1950 when a massive

earthquake stroked the Assam state, which caused landslides in the hilly region. Land-

slide choked the path of Subansiri River at the gorge near Gerukamukh where the lower

Subansiri hydroelectric project is situated. This dam like formation continued for the

three days and amount of water stored behind the obstruction caused by blocking of

rocks and stones was equal to the present capacity of the constructed hydropower dam

(Ray, 2010). After three days the pressure of stored water broke the naturally formed

dam, which resulted in catastrophic flood in the region. This flood caused a massive

deposition of sediment and also it changed the morphology of the Subansiri River.

Apart from this catastrophic flood event, frequent flood is quite common in the Suban-

siri river basin. Subansiri River is a perennial river which is fed mainly by snow/glacier

melt. Northeastern India region receives annual rainfall more than 2000 mm, which

make this region prone to frequent flood events. Cities like Dhemaji and Lakhimpur

face severe flood problem in monsoon season because of the high flow in the Suban-
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siri River during monsoon season. Extreme events like heavy precipitation are very

common in the region which causes flash flood like situation and fragile mountainous

geomorphology causes frequent landslide events (Das et al., 2009). Recently on June

2004, flash flood occurred due to heavy rain in North Lakhimpur district which inun-

dated approximately 50 villages and caused loss of lives, another event occurred in the

same year 2004 in the month of October when flash flood occurred in the Subansiri

river and surrounding small tributaries which cause inundation of several villages and

loss of properties (Das et al., 2009).

3.7 Hydrological and meteorological datasets

India meteorological Department (IMD) gridded precipitation data of 0.50◦ latitude ×

0.50◦ longitudes is used as observed data (for station 2, 3 and 4) as shown in Figure 3.6.

IMD gridded data are the products of interpolation of high quality gauge station data

from more than 1800 stations (Rajeevan et al., 2006). Apart from these gridded data

one precipitation gauge station data (for station 5) is also available for study. Since

there is no IMD gauge stations and IMD gridded datasets are available for the upper

region, APHRODITE gridded (0.50◦ × 0.50◦) precipitation dataset was used as observed

data. Asian Precipitation- Highly Resolved Observational Data Integration Towards

Evaluation of the Water Resources (APHRODITE) is the high resolution (0.25◦C ×

0.25◦C and 0.5◦C × 0.5◦C) daily rainfall data sets developed for the Asian region which

is based on the data collected at more than 5,000 stations (Yatagai et al., 2009). Apart

from the meteorological datasets, observed daily streamflow datasets were collected

from the National Hydro-power commission (NHPC) for the period of 2002-2012.
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3.8 GCM and NCEP datasets description

Fifth phase of coupled model inter-comparison project CMIP5 datasets comprises of

the substantial changes to the previous provided SRES datasets (IPCC AR4) and cul-

minated in the form of Representative Concentration Pathways (RCPs) to characterize

alternative future greenhouse gas emissions scenarios (Taylor et al., 2012). The esti-

mated radiative forcing values by the year 2100 are 2.6W/m2 in the RCP2.6 experiment,

peaking at about 3 W/m2 before 2100 and declining afterwards, two intermediate emis-

sion scenarios 4.5 W/m2 and 6.0 W/m2 and a extreme radiative forcing scenario i.e.

RCP8.5 is also proposed in fifth assessment report (Taylor et al., 2012) .

Figure 3.6: Observed, gridded and GCM precipitation and temperature stations loca-
tion
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Moreover, the CMIP5 models include the standard Climate System Models (CSMs)

as used in CMIP3 (albeit mostly with updates, including higher spatial resolution)

which incorporate additional biogeochemical components (e.g. aerosols, chemistry, and

dynamic vegetation) (Taylor et al., 2012).

In this research work, two earth system model (ESM) GCM datasets namely ESM2G

and ESM2M were downloaded from Geophysical Fluid Dynamics Laboratories (GFDL)

data-portal (http:// nomads.gfdl.noaa.gov:8080 /DataPortal/cmip5.jsp) for three RCP

scenarios i.e. RCP2.6, RCP6.0 and RCP8.5. Apart from these two ESM models, GFDL-

CM3 GCM dataset was also utilized for the projection of temperature and precipitation.

These GCM has a grid resolution of 2◦ latitude × 2.5◦ longitude. ESM2G and ESM2M

GCM are the product of the Earth System Models (ESMs) (Dunne et al., 2012, 2013)

which includes physical factors like precipitation and aerosols (atmospheric component),

streams, lakes, rivers, and runoff (land component) and water fluxes, or flow; currents;

sea ice dynamics; iceberg transport of freshwater for simulating the carbon emission and

concentration. The National Center for Environmental Prediction (NCEP) reanalysis

datasets variables with a resolution of 2.5◦ latitude × 2.5◦ longitude for the historical

period (1981-2000) was used for preparing the downscaling model.
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4.1 General

The increase of the greenhouse gas concentration in the atmosphere is causing alter-

ations in the occurrence and magnitude of many hydrological events as well as the water

availability (Bhave et al., 2016). Temperature is one of the several climatic parameters

which is supposed to be the most vulnerable to the climate change phenomena (Karl

et al., 1993). The Intergovernmental Panel on Climate Change (IPCC) has reported an

increase of 0.6◦C in the global mean temperature over the last 100 years of the twenty-

first century with 1998 being the warmest year; it is likely to increase further by 1.1◦

to 2.9◦C for their lowest emission scenario and 2.4◦ to 6.4◦C for their highest emission

scenario (IPCC, 2007).

In the hydrological studies, local scale factors play a vital role in occurrence and distri-

bution of the various hydrological events thus the coarse resolution of the GCMs makes

them unsuitable for direct use in impact assessment studies (Mondal and Mujumdar,

2012; Samani et al., 2012). Goyal and Ojha (2012b) used the artificial neural network

method to downscale the minimum and maximum temperature for the four emission
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scenarios over lake-catchment and reported an increase in Tmax and Tmin for three of

the four emission scenarios. Duhan and Pandey (2015) analyzed the downscaled max-

imum and minimum temperature over Tons River basin for A2 emission scenario and

reported an increase in Tmax and Tmin for the period of 2001–2100. Shrestha et al.

(1999) analyzed the long-term observed temperature data for Nepal and reported a

high warming trend at the higher elevation region as compared to lower elevation part.

The weather elements, i.e., precipitation and evapotranspiration are said to be highly

correlated to the temperature (Kalma et al., 2008). The availability of water resources

of a region highly depend on the temperature, precipitation, evaporation, and other

hydrological factors (Milly et al., 2005). The assessment of changes associated with

temperature for different climate change scenarios is helpful for estimating the changes

in several hydrological events (Goyal and Ojha, 2012a).

In this chapter, maximum temperature, minimum temperature and precipitation were

downscaled for the selected five stations of the Subansiri river basin for three RCP

scenarios (RCP2.6, RCP6.0, and RCP8.5) and trends and magnitude of changes in the

future domain were computed using Mann-Kendall test and Sen’s slope method. Pre-

cipitation extreme indices were calculated for the historical period and future scenarios.

4.2 Statistical downscaling model

In this study, the Statistical Downscaling Model (SDSM) is used for downscaling of tem-

perature. The SDSM is a statistical tool which establishes linear regression equation

between observed datasets (predictands) and the GCM variables (predictors) (Wilby

et al., 2002). There are two sub-modules for preparing the regression model between

predictors and the predictand, i.e., conditional and unconditional. A conditional model

44

TH-1946_126104039



Chapter 4. Temperature and precipitation downscaling

which accounts wet-dry spells for establishing the regression relation is used for precip-

itation downscaling whereas unconditional model is used for temperature downscaling

(Wilby et al., 2002). SDSM includes two methods for parameter optimization viz. the

ordinary least square method and simplex method (Wilby et al., 2002). SDSM model

performs explained variance analysis, correlation matrix, and scatterplot between the

predictors and predictand for selection of the predictors. Apart from the statistical anal-

ysis of the variables, ground knowledge of the region is important for understanding the

physical significance of predictors and final selection of the predictor combinations.

4.3 Interpolation of the GCM and NCEP datasets

As shown in Figure 3.6 (Chapter 3) grid resolution of NCEP predictors and GCM

predictors differ from each other, so it is important to bring these predictors to the same

grid resolution hence the nearest four GCM grid points of the predictor variables were

first interpolated to the NCEP grids using inverse distance weighted average (IDWA)

method (Snell et al., 2000) spatial interpolation approach of GCM variables has been

utilized in the previous studies (Duhan and Pandey, 2015; Singh and Goyal, 2016).

4.4 Bias correction

The CMIP5 GCMs data also contains some bias in their time series values (Torres and

Marengo, 2014). Moreover, all model outputs involve a great deal of biases that, if

not corrected, can lead to significant errors in impact assessments. Therefore, a bias

correction of GCM outputs is necessary before analyzing regional/local impacts (Goyal

et al., 2011). For this reason, bias corrections of the downscaled temperature and

45

TH-1946_126104039



Chapter 4. Temperature and precipitation downscaling

precipitation datasets have done (Mahmood and Babel, 2013)

Tdeb = TSCEN − (TCONT − Tobs) (4.1)

Pdeb = PSCEN ×
Pobs

PCONT
(4.2)

where Tdeb and Pdeb are the de-biased (corrected) daily time series of temperature

and precipitation respectively for future periods. SCEN represents the scenario data

downscaled by SDSM for future periods (2006-2100), and CONT represents downscaled

data by SDSM for the present period (1980-2005). TSCEN and PSCEN are the daily

time series of temperature and precipitation generated by SDSM for future periods

respectively. TCONT and PCONT are the long term monthly values for temperature

and precipitation for the control period simulated by SDSM. Tobs and Pobs represent

the long-term monthly observed values for temperature and precipitation respectively.

The bar over P and T shows the long-term average. The frequency and intensity of

precipitation are the two main factors affecting precipitation variability (Mahmood and

Babel, 2013). The characteristic of this method of study is to correct the precipitation

amount and not the frequency, and also to remove any systematic errors belonging to

SDSM during downscaling.

4.5 Model performance evaluation

The Root Mean Square Error (RMSE), Nash-Sutcliff Efficiency (NSE) (Nash and Sut-

cliffe, 1970) and coefficient of determination (R2) were checked for evaluation of the

prepared downscaling model.
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Nash-Sutcliff Efficiency

NSE = 1− Σn
i=1(TOi − TPi)

2

Σn
i=1(TOi − TO)2

(4.3)

Root Mean Square Error

RMSE =

√
Σn
i=1 (TOi − TPi)

n
(4.4)

Coefficient of determination

R2 =

 ∑n
i=1(TOi − TO)(TPi − Tp)(√∑n

i=1(TOi − TO)2
)(√∑n

i=1(TPi − TP )2
)


2

(4.5)

Where TOi and TPi are the ith data point of observed and model generated temperature

dataset respectively and TO and TP are the mean of observed and model generated

temperature data series respectively.

4.6 Screening of predictors

Statistical downscaling model performs the predictor selection on the basis of correlation

between the observed variables (predictands) and NCEP/GCM variables (predictors)

and partial correlations among the predictors. It is suggested that the correlation

between the predictors and predictands should be maximum but correlation between

predictors should be minimum in order to avoid the collinearity in the downscaled time

series (Sachindra et al., 2011; Wilby et al., 2002). Purpose of the predictor selection

is to identify the set of most relevant predictors which represents the local scale factor

which influence the predictands (precipitation and temperature). The selection of first
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predictor is comparatively easy but the selection of the next predictors are much more

subjective. First suitable predictor is selected on the basis of the correlation check and

the highest correlated predictor is selected as the first predictor and second third and

next predictors are selected following the steps explained below

• Correlation matrix of the NCEP predictors and the predictands are prepared for

each station predictor separately and the predictors are arranged in descending or-

der predictor with highest correlation is ranked as the first predictor, this process

is done for all the stations’ predictands and after this step, correlation coefficient

between the predictors and predictands and, correlation coefficient between indi-

vidual predictors and the partial correlation between the predictors are calculated

in order to decide the second, third and more predictors.

• After selecting the first predictor, percentage reduction in an absolute partial cor-

relation (PRP) with respect to absolute correlation is calculated for each predictor

by subtracting the correlation coefficient from the partial correlation coefficient

and then dividing with the correlation coefficient.

• Predictor with minimum PRP value is considered as the second predictor which

is least correlated with the first selected predictor to avoid any multi-collinearity

in the series. This process is repeated for selection of the next predictors.

In order to select the GCM predictors, first the GCM predictors were interpolated to the

GCM scale grid utilizing the inverse distance weighted average method (IDWA) (Will-

mott et al., 1985) to avoid any spatial variability between GCM and NCEP grids. Cor-

relation and partial correlation between the predictands and predictors were checked to

select the final set of predictors for preparing the model. Predictors namely tas (temper-
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ature at surface), tasmax (maximum temperature at surface), tasmin (minimum tem-

perature at surface), rhsmax (relative humidity maximum), rhsmin (relative humidity

minimum) were chosen, prc (precipitation flux) were selected finally for preparing the

precipitation and temperature downscaling models. The selected predictors and their

screening results for minimum temperature, maximum temperature and precipitation

are shown in Table 4.1. For all the stations first predictor for the precipitation were

selected as tasmax. Whereas for maximum temperature and minimum temperature for

all of the climate stations tas selected as first predictor. These predictors also covey a

physical relationship regarding the local scale minimum temperature, maximum tem-

perature and precipitation. As per the latest CMIP5 GCMs, several new predictors

have been added (Taylor et al., 2012). In this study, the basic concept of predictor’s

selection is adopted as per the methodology proposed by (Mahmood and Babel, 2013).
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Table 4.1: Predictor details with statistics for Tmax, Tmin and precipitation

Var. Stations Statistics tas tasmax tasmin pr prc rhs rhsmax rhsmin rlds rsds vas hfls

Tmin

Stn1

R 0.82 0.82 0.85 0.54 0.42 0.56 0.55 0.59 0.81 0.07 0.41 0.76

Partial r 0.11 0.01 0.17 0.04 0.14 0.11 0.01 0.13 0.03 0.06 0.03 0.12

PRP 0.87 0.99 0.80 0.93 0.67 0.80 0.98 0.78 0.96 0.14 0.93 0.84

Stn2

R 0.87 0.87 0.90 0.58 0.45 0.59 0.62 0.58 0.85 0.08 0.44 0.80

Partial r 0.08 0.05 0.16 0.03 0.15 0.11 0.13 0.01 0.02 0.06 0.04 0.12

PRP 0.91 0.94 0.82 0.95 0.67 0.81 0.79 0.98 0.98 0.25 0.91 0.85

Stn3

R 0.79 0.87 0.90 0.57 0.85 0.58 0.42 0.61 0.57 0.08 0.44 0.79

Partial r 0.10 0.01 0.16 0.03 0.02 0.10 0.11 0.12 0.00 0.06 0.02 0.11

PRP 0.87 0.99 0.82 0.95 0.98 0.83 0.74 0.80 1.00 0.25 0.95 0.86

Stn4

R 0.88 0.87 0.90 0.58 0.08 0.59 0.45 0.62 0.85 0.44 0.58 0.80

Partial r 0.05 0.07 0.03 0.11 0.02 0.01 0.10 0.12 0.11 0.14 0.04 0.13

PRP 0.94 0.92 0.97 0.81 0.75 0.98 0.78 0.81 0.87 0.68 0.93 0.84

Continued on next page
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Table 4.1 – Continued from previous page

Var. Stations Statistics tas tasmax tasmin pr prc rhs rhsmax rhsmin rlds rsds vas hfls

Stn5

R 0.91 0.81 0.90 0.57 0.61 0.57 0.42 0.79 0.85 0.08 0.44 0.57

Partial r 0.12 0.00 0.18 0.04 0.13 0.11 0.13 0.13 0.03 0.07 0.02 0.01

PRP 0.87 1.00 0.80 0.93 0.79 0.81 0.69 0.84 0.96 0.13 0.95 0.98

Tmax

Stn1

R 0.75 0.83 0.75 0.05 0.46 0.44 0.69 0.47 0.33 0.45 0.33 0.66

Partial r 0.07 0.16 0.08 0.01 0.05 0.08 0.07 0.06 0.13 0.05 0.02 0.02

PRP 0.91 0.81 0.89 0.80 0.89 0.82 0.90 0.87 0.61 0.89 0.94 0.97

Stn2

R 0.83 0.83 0.38 0.87 0.50 0.08 0.53 0.77 0.38 0.52 0.39 0.51

Partial r 0.05 0.07 0.03 0.14 0.07 0.01 0.06 0.07 0.14 0.05 0.03 0.05

PRP 0.94 0.916 0.92 0.84 0.86 0.88 0.89 0.91 0.63 0.90 0.92 0.90

Stn3

R 0.83 0.86 0.83 0.49 0.51 0.50 0.77 0.52 0.36 0.08 0.39 0.73

Partial r 0.07 0.16 0.08 0.08 0.04 0.05 0.07 0.06 0.13 0.01 0.02 0.02

PRP 0.92 0.81 0.90 0.84 0.92 0.90 0.91 0.88 0.64 0.88 0.95 0.97

Continued on next page
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Table 4.1 – Continued from previous page

Var. Stations Statistics tas tasmax tasmin pr prc rhs rhsmax rhsmin rlds rsds vas hfls

Stn4

R 0.83 0.86 0.83 0.50 0.52 0.51 0.77 0.53 0.38 0.08 0.38 0.74

Partial r 0.06 0.15 0.07 0.08 0.05 0.06 0.08 0.06 0.14 0.01 0.03 0.03

PRP 0.93 0.83 0.92 0.84 0.90 0.88 0.90 0.89 0.63 0.88 0.92 0.96

Stn5

R 0.82 0.86 0.83 0.50 0.49 0.51 0.77 0.52 0.35 0.08 0.39 0.72

Partial r 0.08 0.16 0.09 0.05 0.08 0.05 0.07 0.06 0.12 0.01 0.02 0.02

PRP 0.90 0.81 0.89 0.90 0.84 0.90 0.91 0.88 0.66 0.88 0.95 0.97

Pcp

Stn1

R 0.43 0.3 0.28 0.32 0.53 0.43 0.41 0.19 0.41 0.10 0.24 0.38

Partial r 0.01 0.03 0.02 0.01 0.01 0.05 0.02 0.01 0.00 0.00 0.01 0.02

PRP 0.98 0.9 0.93 0.97 0.98 0.88 0.95 0.95 1.00 1.00 0.96 0.95

Stn2

R 0.43 0.31 0.28 0.32 0.67 0.43 0.20 0.41 0.41 0.10 0.24 0.38

Partial r 0.02 0.03 0.03 0.01 0.01 0.05 0.01 0.03 0.01 0.01 0.01 0.03

PRP 0.95 0.90 0.89 0.97 0.99 0.88 0.95 0.93 0.98 0.90 0.96 0.92

Continued on next page
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Table 4.1 – Continued from previous page

Var. Stations Statistics tas tasmax tasmin pr prc rhs rhsmax rhsmin rlds rsds vas hfls

Stn3

R 0.31 0.30 0.27 0.57 0.31 0.42 0.19 0.40 0.40 0.10 0.24 0.37

Partial r 0.02 0.03 0.02 0.02 0.01 0.05 0.00 0.03 0.01 0.00 0.00 0.03

PRP 0.94 0.90 0.93 0.96 0.97 0.88 1.00 0.93 0.98 1.00 1.00 0.92

Stn4

R 0.31 0.41 0.20 0.67 0.32 0.28 0.43 0.43 0.41 0.10 0.32 0.38

Partial r 0.03 0.03 0.01 0.00 0.01 0.02 0.05 0.02 0.01 0.01 0.01 0.03

PRP 0.90 0.93 0.95 1.00 0.97 0.93 0.88 0.95 0.98 0.90 0.97 0.92

Stn5

R 0.40 0.42 0.34 0.55 0.34 0.31 0.33 0.21 0.44 0.11 0.27 0.44

Partial r 0.04 0.02 0.02 0.05 0.01 0.02 0.04 0.00 0.00 0.00 0.01 0.01

PRP 0.90 0.95 0.94 0.91 0.97 0.94 0.88 1.00 1.00 1.00 0.96 0.98

53

TH-1946_126104039



Chapter 4. Temperature and precipitation downscaling

4.7 Temperature downscaling model performance

For maximum temperature model the RMSE, R2 and NSE values for the calibration

period are 0.91 ◦C, 0.93 and 0.91 respectively. Validation results of RMSE, R2, and

NSE are found to be 1.07◦C, 0.86 and 0.87 respectively. The graph plots of calibration

and validation periods are shown in Figure 4.1(a). Figure 4.1(b) shows the graph

plot of minimum temperature for calibration period (1981-1995) and validation period

(1996-2000). The RMSE, R2 and NSE values for the downscaling model of Tmin are

0.82◦C, 0.97 and 0.97 respectively for the calibration period whereas for the validation

period these are 0.72◦C, 0.92 and 0.93 respectively. The performance of temperature

downscaling models are in good agreement with the temperature downscaling works

done over different regions of India (Duhan and Pandey, 2015; Mahmood and Babel,

2013; Goyal and Ojha, 2012b).

4.7.1 Future projection of temperature for RCP scenarios

Further, the calibrated and validated models are used for generating the temperature

data series over the period of 2011-2100 for RCP scenarios RCP2.6, RCP6.0 and RCP8.5

using CMIP5/ESM2G datasets. Tmax and Tmin data series for the period of thirty

years (2011-2040, 2041-2070 and 2071-2100) were analyzed for comparing the overall

change in the minimum and maximum temperature with the observed temperature data

for the period of 1981-2000. Figure 4.2(a) shows the plot of mean annual temperature of

all the nine ensembles for the period of 2011-2100. Figure shows an increasing pattern

of the warming trend in future, Figure 4.2(b) shows the average of three GCMs for

respective RCP scenarios i.e. RCP2.6, RCP6.0 and RCP8.5 and it indicates increase

in temperature for low to extreme emission scenarios, this increase in temperature
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Figure 4.1: Calibration (1981-1995) and validation (1996-2000) result of (a) maximum
temperature (b) minimum temperature downscaling models for Subansiri river basin.

varies from 14◦C (for RCP2.6) to 14.6◦C (for RCP8.5). Figure 4.2(b) represents the

average of three GCMs for their respective RCP scenario and it shows that the change

in magnitude is increasing for all emission scenario with magnitude increasing from low

to high emission scenarios. Comparison of the mean of three inter-decadal period i.e.

2011-2040, 2041-2070 and 2071-2100 for RCP2.6, RCP6.0 and RCP8.5 along with the

Tmax data for observed time period (1981-2000) shows that the lower limit of maximum

temperature tends to increase whereas the upper limit shows a slight decrease over the

time period. The increase in mean of the temperature for inter-decadal period shows

uniform increasing trend from low to extreme emission scenario. The last three-decadal
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period (2071-2100) shows the highest increase. The comparison by magnitude shows

an overall increase in Tmax by 0.47◦C over the period 2011-2100 for RCP2.6 and an

increase of 0.72◦C for RCP8.5. The inter-decadal time-steps also show a gradual increase

in temperature from beginning of the century to the end of the century.

Figure 4.2: Change in maximum temperature for all GCM/RCP scenarios over 2011-
2100 period (a) GCM/RCP ensembles (b) average of the GCMs of respective RCPs

Similar pattern can be seen for the Tmin in Figure 4.3. Figure 4.3(a) shows the

annual Tmin pattern of all the nine ensembles for the period 2011-2100 and Figure 4.3(b)

shows the average of three GCMs for the respective RCP scenario, it is clear from the

figure that the Tmin likely to increase from 4.8◦C for RCP2.6 scenario to 5.6◦C for

RCP8.5 for 2071s. Although the Tmax and Tmin shows clear increasing trends, the

monthly analysis of the temperature for all the scenarios may provide clearer picture

of the seasonal changes in temperature. The comparison of the minimum temperature

Figure 4.3: Change in minimum temperature for all GCM/RCP scenarios over 2011-
2100 period (a) GCM/RCP ensembles (b) average of the GCMs of respective RCPs
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along with observed period minimum temperature for three inter-decadal time scales as

compared to observed Tmin shows a consistent increase in minimum temperature. An

increase in median of the minimum temperature for RCP2.6 scenario is observed to be

0.36◦C, for RCP6.0 and RCP8.5 it is 0.26◦C and 0.72◦C respectively.

4.7.2 Annual and monthly change in Tmax and Tmin

4.7.2.1 Trends in historical temperature

The non-parametric Mann-Kendall test (Mann, 1945; Kendall, 1968) was applied for

detecting the statistically significant or insignificant trend in the time series.The Mann-

Kendall test was applied to detect the long term trends in monthly and annual time

series of Tmax, Tmin and precipitation. The significance level of TLR is evaluated as α

= 0.05. Trends were checked on the 95% confidence interval. Based on this significance

level (α), values larger than 1.96 or lower than 1.96, indicated a significantly (p < 0.05)

increasing or decreasing behavior of the time series, respectively. The Mann-Kendall

equations can be described below as The statistics (S) is defined as (Eq. 4.6):

S = ΣN−1
i=1 ΣN

j=i+1sgn(xj − xi) (4.6)

where N is the number of data points. Assuming θ = (xj − xi), the value of sgn (θ) is

computed as follows (Eq. 4.7):

sgn(θ) =



1 ifθ > 0

0 ifθ = 0

−1 ifθ < 0

(4.7)

This statistics represents the number of positive differences minus the number of neg-

ative differences for all the differences considered. For large samples (N 10), the test is
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conducted using following Eq. 4.9.

E[S] = 0 (4.8)

var(S) =
(N(N − 1)(2N + 5)− Σn

k=1(tk − 1)(2tk + 5))

18
(4.9)

Where n is the number of tied (zero difference between compared values) groups and

tk the number of data points in the kth tied group. The standard normal deviate

(Z-statistics) is then computed as (Eq. 4.10):

Z =



S−1√
var(S)

ifS > 0

0 ifS = 0

(S+1)√
var(S)

ifθ < 0

(4.10)

If the computed value of |Z| > Zα/2, the null hypothesis (H0) is rejected at alpha (α)

level of significance in a two-sided test.

The historical data series of Tmax, Tmin and DTR on the monthly and annual scale

for all the selected stations were analyzed for auto-correlation test at 95% confidence

interval where no significant correlation was found. Further, the MK trend test was

applied to data series; Z-statistics and Sen’s slope values for all the stations are shown

in Table 4.2. At station 1 the annual Tmax shows significant increasing trend with

a magnitude of 0.07◦C/yr whereas on the monthly scale there is no clear pattern on

summer or winter temperature were found. But the months of March, May, September,

and December show a significant increasing trend. Similarly stations 2, 3 and 4 also

show a significant increase in annual Tmax and on monthly scale no clear pattern was

observed. At station 5 warming trends were found insignificant at annual scale although

December month showed a significant increasing trend with 0.12◦C/yr.
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The Tmin shows comparatively clearer pattern of increasing trend as compared to

the Tmax at annual scale as well as at the monthly scale. For the stations 1, 2, 3

and 4 the Tmin shows an increasing trend whereas Tmin trend at station 5 is not as

much significant as the other stations. At station 1, the monsoon months (June to

September) show significantly increasing trend and at stations 2 and 3 except in the

month of January all other months show the increasing trend. The station 4 shows an

increasing trend only at annual scale with magnitude of 0.05◦C/yr with no significant

increase in monthly scale but on the other hand at station 5 there was no such increasing

trend observed.

The trend analysis of Tmax and Tmin for all the stations reveals an increasing trend

at annual and monthly scale and it is found that the increase in Tmin is higher as

compared to the increase in Tmax which clearly indicates a decrease in the diurnal

temperature range (DTR). Trend analysis of DTR indicates decreasing trend at all the

station but only station 3 and 4 were found significant.

4.7.2.2 Trends in downscaled temperature series

The average Tmax and Tmin of the river basin was calculated from the downscaled

temperature data of the selected stations. The Mann-Kendall Z-statistic results of the

average Tmax for RCP2.6, RCP4.5 and RCP8.5 are shown in Figure 4.4 as Z-statistics

indicates the significance or non-significance of the existing trend at 95% confidence

interval. Trends in downscaled temperature series of all the RCP scenarios were tested

for inter-decadal time steps of 30-years i.e. 2011-2040, 2041-2070 and 2071-2100 as well

as for the entire period of 2011-2100.
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Figure 4.4: Mann-Kendall test Z- statistics showing significant and non-significant trend
of maximum temperature for (a) RCP2.6 (b) RCP6.0 and (c) RCP8.5

The annual average maximum temperature shows a significant increase over long

term period of 2011-2100 for RCP2.6 along with an increase in post monsoon months

(September, October) and winter temperature (November and December), and the re-

spective magnitude of changes (Sen’s slope) are shown in Table 4.3(a). For RCP6.0 sce-

nario, the increase in long-term maximum temperature was found to be significant with

a magnitude of 0.004◦C/yr following the warming of winter season months of December
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(0.01◦C/yr) and February (0.003◦C/yr). The warming rate was found to be compara-

tively higher at the end of the century as compared to starting decades, with magnitude

of 0.008◦C/yr during 2041-2070 and 0.007◦C/yr during 2071-2100 (Table 4.4 a). The

annual average Tmax tends to increase significantly for the extreme emission scenario

(RCP8.5) along with the significant increase in the months of March (0.008◦C/yr),

October (0.019◦C/yr), November (0.013◦C/yr) and December (0.007◦C/yr) whereas

there was a significant decreasing trend observed in January (0.005◦C/yr) and August

(0.003◦C/yr) as shown in Table 4.4(a).
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Table 4.2: Trend analysis results of historical period (1981-2000) monthly maximum temperature, minimum temperature and diurnal
temperature variation (DTR) data series of all stations.(* shows the significant trends at 95% confidence interval)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Annual

Station 1

Tmax
Z 1.25 1.89 2.85* 1.46 2.67* 0.52 0.75 1.43 2.90* 1.59 1.57 3.58* 3.14*

Slope 0.08 0.08 0.14 0.07 0.11 0.01 0.02 0.03 0.06 0.05 0.06 0.15 0.07

Tmin
Z 1.39 1.21 2.67* 1.21 2.60* 2.93* 2.46* 2.80* 3.21* 1.89 2.05* 3.07* 3.91*

Slope 0.11 0.08 0.18 0.06 0.07 0.04 0.04 0.04 0.04 0.04 0.09 0.14 0.09

DTR
Z -0.64 -0.18 -1.73 -0.27 2.25* -0.98 -1.21 -1.30 0.07 0.95 -1.55 -0.71 -1.75

Slope -0.02 -0.01 -0.06 -0.01 0.04 -0.02 -0.03 -0.02 0.00 0.01 -0.02 -0.01 -0.01

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Annual

Tmax
Z 1.73 3.48* 2.52* 0.39 0.73 1.75 2.66* 2.89* 1.66 1.77 0.68 0.95 4.18*

Station 2

Slope 0.05 0.11 0.07 0.01 0.02 0.04 0.06 0.05 0.04 0.05 0.03 0.03 0.05

Z 1.68 2.09* 3.96* 2.27* 2.52* 3.89* 3.91* 3.10* 2.77* 2.80* 1.77* 3.18* 4.84*

Tmin Slope 0.06 0.07 0.13 0.04 0.03 0.04 0.04 0.04 0.04 0.05 0.03 0.08 0.06

Continued on next page
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Table 4.2 – Continued from previous page

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Annual

DTR
Z -0.91 2.02* -2.82* -0.89 -1.07 -0.43 0.41 1.43 0.09 0.39 -0.25 -2.71* -1.82

Slope -0.02 0.05 -0.07 -0.02 -0.02 -0.01 0.01 0.02 0.00 0.01 -0.01 -0.05 -0.02

Station 3

Tmax
Z 1.56 3.20* 2.17* 1.68 0.71 2.97* 4.28* 2.77* 1.73 2.06* 2.05* 0.71 4.99*

Slope 0.04 0.07 0.07 0.03 0.02 0.06 0.07 0.03 0.04 0.04 0.07 0.01 0.05

Tmin
Z 1.85 2.88* 3.10* 2.56* 3.04* 4.47* 4.99* 3.93* 2.71* 2.23* 1.93* 2.03* 5.26*

Slope 0.08 0.09 0.11 0.06 0.04 0.05 0.05 0.04 0.04 0.05 0.04 0.07 0.07

DTR
Z -1.49 -0.91 -1.05 -1.33 -1.31 1.18 1.26 -0.67 0.31 -0.27 -0.18 -3.07* -2.80*

Slope -0.03 -0.02 -0.03 -0.03 -0.02 0.01 0.01 0.00 0.00 0.00 -0.01 -0.06 -0.02

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Annual

Tmax
Z 1.96* 3.14* 1.80 0.17 0.41 2.00 3.85* 3.78* 2.50* 1.45 1.42 0.92 4.25*

Slope 0.04 0.06 0.05 0.00 0.01 0.03 0.04 0.04 0.04 0.03 0.04 0.01 0.04

Tmin Z 1.99 3.55 2.91 2.20 3.34 3.95 4.48 3.49 2.29 2.16 3.20 2.36 5.29*

Continued on next page
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Table 4.2 – Continued from previous page

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Annual

Station 4 Slope 0.05 0.08 0.07 0.04 0.05 0.04 0.05 0.04 0.04 0.04 0.06 0.06 0.05

DTR
Z -0.84 -0.64 -0.92 -2.40 -2.07 -1.04 -1.25 0.36 -0.45 0.31 -1.53 -2.46 -2.43*

Slope -0.02 -0.01 -0.02 -0.04 -0.04 -0.02 -0.01 0.00 -0.01 0.01 -0.04 -0.05 -0.02

Tmax Z 1.20 0.00 -1.75 -1.14 1.56 0.94 -1.01 0.10 -1.88 0.00 1.53 2.40* 0.26

Slope 0.06 0.00 -0.11 -0.08 0.06 0.03 -0.04 0.01 -0.06 0.00 0.06 0.12 0.00

Station 5 Tmin
Z 0.16 0.88 1.30 0.00 1.30 1.46 0.29 1.30 0.68 0.36 -0.42 1.04 0.23

Slope 0.00 0.05 0.06 0.00 0.04 0.05 0.01 0.04 0.01 0.02 -0.02 0.06 0.01

DTR
Z 0.55 -1.20 -2.05* -1.01 0.32 0.00 -1.14 -1.23 -2.66* -0.29 0.84 1.33 -0.36

Slope 0.02 -0.05 -0.16 -0.07 0.02 0.00 -0.05 -0.04 -0.06 -0.02 0.05 0.10 -0.01
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Table 4.3: Sen’s slope (◦C/yr) values of Tmax, Tmin and diurnal temperature range (DTR) for RCP2.6

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Annual

(a)
Tmax

2011-2100 -0.003 0.001 0.003 0.003 0.002 -0.001 0.000 0.001 0.004 0.003 0.007 0.005 0.002
2011-2040 -0.018 -0.005 0.007 -0.003 -0.002 -0.007 -0.003 0.000 0.003 0.007 -0.001 -0.001 0.000
2041-2070 0.005 -0.001 0.005 0.007 -0.012 -0.007 0.005 0.001 -0.002 0.008 0.021 0.008 0.003
2071-2100 0.008 0.004 0.016 0.003 -0.002 0.005 -0.001 0.006 -0.004 0.020 -0.007 0.004 0.005

(b)
Tmin

2011-2100 -0.002 -0.001 0.004 0.005 0.003 0.001 0.000 0.001 0.003 0.001 0.007 0.005 0.002
2011-2040 -0.011 -0.003 0.008 -0.017 0.001 0.000 0.000 0.003 0.006 -0.004 -0.014 -0.003 -0.002
2041-2070 -0.003 -0.018 0.014 -0.001 -0.015 0.000 -0.002 0.002 -0.001 0.004 0.014 0.002 0.000
2071-2100 0.009 -0.015 0.012 0.011 -0.004 0.002 0.000 0.003 -0.002 0.008 -0.003 -0.002 0.000

(c)
DTR

2011-2100 0.000 0.002 -0.002 -0.002 -0.001 -0.001 0.001 -0.001 0.001 0.002 0.000 0.000 0.000
2011-2040 -0.004 -0.001 0.003 0.010 -0.002 -0.009 -0.002 -0.002 -0.003 0.013 0.015 0.007 0.001
2041-2070 0.011 0.021 -0.007 0.010 0.002 -0.005 0.006 -0.002 0.003 0.000 0.003 0.003 0.003
2071-2100 -0.002 0.017 0.005 -0.006 0.003 0.006 0.003 0.001 -0.004 0.013 0.002 0.006 0.005
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Table 4.4: Sen’s slope (◦C/yr) values of Tmax, Tmin and diurnal temperature range (DTR) for RCP6.0

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Annual

(a)
Tmax

2011-2100 -0.004 0.003 0.003 0.006 0.003 -0.001 0.000 0.001 0.006 0.009 0.007 0.010 0.004
2011-2040 -0.001 0.002 0.004 0.000 0.003 0.002 0.000 0.001 -0.003 0.002 0.003 0.020 0.001
2041-2070 0.000 0.012 0.018 0.000 0.005 0.005 0.003 0.006 0.001 0.019 0.008 0.019 0.008
2071-2100 0.006 0.004 0.007 0.016 0.004 0.000 0.003 0.006 0.000 0.021 0.013 0.008 0.007

(b)
Tmin

2011-2100 0.000 0.007 0.008 0.012 0.003 0.001 0.000 0.002 0.005 0.005 0.010 0.011 0.005
2011-2040 0.002 0.010 0.003 -0.005 -0.009 -0.002 -0.002 0.005 -0.001 0.001 0.002 0.026 0.001
2041-2070 -0.006 0.020 0.012 0.003 0.003 0.000 -0.001 0.003 -0.001 0.010 0.012 0.015 0.006
2071-2100 -0.004 0.002 0.009 0.034 0.002 0.001 -0.001 0.006 0.001 0.018 0.018 0.012 0.008

(c)
DTR

2011-2100 -0.003 -0.004 -0.004 -0.006 -0.001 -0.001 0.001 -0.001 0.001 0.004 -0.002 -0.001 -0.001
2011-2040 0.001 -0.009 -0.003 0.002 0.007 0.005 0.002 -0.004 -0.004 0.000 -0.004 -0.008 0.000
2041-2070 0.007 0.000 -0.003 -0.020 0.002 -0.003 0.003 0.001 0.000 0.002 -0.002 -0.001 0.000
2071-2100 0.004 -0.004 0.006 -0.006 0.000 0.005 0.002 0.003 0.003 0.002 -0.006 0.000 0.002
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Similarly, the mean annual and mean monthly Tmin trend Z-statistics are shown

in Figure 4.5 for all the RCP scenarios. The figure depicts the significant and non-

significant changes in Tmin during the periods of 2011-2100, 2011-2040, 2041-2070 and

2071-2100 at monthly and annual scale. For RCP2.6 annual minimum temperature

tends to increase significantly with a magnitude of 0.002◦C/yr along with the months

of March (0.004◦C/yr), August (0.001◦C/yr) and November (0.007◦C/yr) as shown in

Table 4.3(b). The moderate RCP scenario (RCP6.0) trends do not show significant

increase at annual scale but the winter and the post monsoon months show signifi-

cant increasing trend with a highest magnitude in the month of April (0.012◦C/yr) to

minimum 0.002◦C/yr in the month of August (Table 4.4b). For the extreme emission

scenario (RCP8.5) although, no significant trend found in long term duration (2011-

2100) but Tmin likely to increase significantly during 2041-2070 with a magnitude of

0.013◦C/yr (Table 4.5b). The DTR is defined as the difference between the maximum

and minimum temperature in a day. The analysis of DTR shows a significant decreas-

ing trend with the magnitude of 0.001◦C/yr in diurnal variation at annual temperature

scale for RCP6.0 whereas for the RCP2.6 and RCP8.5, trends are not significant at

95% confidence interval . The corresponding magnitude of increasing and decreasing

trend of DTR can be seen in the Tables 4.3(c), 4.4(c) and 4.5(c). For the time period of

2040-2070 and 2071-2100, an increasing trend was observed in DTR with a magnitude

of 0.003◦C/yr and 0.005◦C/yr respectively for RCP2.6.
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Figure 4.5: Mann-Kendall test Z- statistics showing significant and non-significant trend
of minimum temperature for (a) RCP2.6 (b) RCP6.0 and (c) RCP8.5
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Table 4.5: Sen’s slope (◦C/yr) values of Tmax, Tmin and diurnal temperature range (DTR) for RCP8.5

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Annual

(a)
Tmax

2011-2100 -0.005 0.002 0.008 0.005 0.003 0.000 0.000 -0.003 0.004 0.019 0.013 0.007 0.004
2011-2040 0.021 0.001 -0.015 -0.015 -0.049 -0.001 0.003 0.005 0.045 -0.043 -0.023 -0.014 -0.005
2041-2070 -0.010 0.005 -0.004 0.015 -0.003 -0.008 0.002 -0.005 0.012 0.030 0.028 0.016 0.005
2071-2100 -0.012 0.014 0.025 0.007 -0.004 0.012 -0.002 0.001 0.011 0.036 0.025 0.018 0.012

(b)
Tmin

2011-2100 -0.003 -0.002 0.007 0.010 0.003 0.003 -0.003 0.001 0.007 0.014 0.018 0.006 0.005
2011-2040 0.012 0.019 -0.026 -0.027 -0.031 -0.011 0.003 0.002 -0.002 -0.034 -0.038 0.012 -0.008
2041-2070 -0.013 0.019 0.002 0.026 -0.002 0.003 0.001 0.006 0.017 0.019 0.031 0.026 0.013
2071-2100 -0.014 0.003 0.032 0.003 0.005 0.008 -0.003 0.006 0.018 0.020 0.037 0.017 0.012

(c)
DTR

2011-2100 -0.002 0.004 0.001 -0.005 -0.001 -0.002 0.003 -0.004 -0.006 0.005 -0.004 0.000 0.000
2011-2040 0.001 -0.015 0.011 0.022 -0.006 0.010 -0.005 0.009 0.047 -0.015 0.017 -0.023 0.004
2041-2070 -0.001 -0.016 -0.010 -0.014 -0.002 -0.010 0.000 -0.010 -0.005 0.010 -0.002 -0.016 -0.006
2071-2100 -0.001 0.011 -0.008 0.004 -0.006 0.007 0.003 -0.005 -0.002 0.019 -0.009 -0.004 0.000

69

TH-1946_126104039



Chapter 4. Temperature and precipitation downscaling

The results of the downscaled temperature series for the 21st century indicate in-

crease in temperature over the Subansiri basin for proposed low, moderate and extreme

RCP emission scenarios. These results are in agreement with the IPCC report (IPCC,

2014) which reports an increase in temperature because of increased radiative forc-

ing and anthropogenic activity. Sonali and Kumar (2013) conducted a trend analysis

study on historical temperature series of 1901-2003 for the all climate zones of India

and reported an increase in the maximum and minimum temperature for all the zones.

Easterling et al. (1997) in their study on the maximum and minimum temperature

trend worldwide reported a significant decrease in diurnal variation of the tempera-

ture because increase in maximum temperature is comparatively lower than increase in

minimum temperature. Shrestha et al. (1999) studied the temperature trends for the

Himalayan range and revealed an increasing trend for most of the part of Nepal and

major Himalayan region.

4.8 Precipitation downscaling and projection

After selecting the predictors, downscaling model was prepared using linear regression

with conditional sub-model; conditional sub-model implicates separate parameteriza-

tion for dry days and wet days from the series of precipitation (Wilby et al., 2002).

RMSE, R2 and NSE value for the calibration and validation period are shown in Table

4.6 and graph plot of observed and model generated precipitation is shown in Figure

4.6. As shown in Table 4.6, R2 vary from 0.76 to 0.81 in calibration period whereas in

validation period it ranges from 0.78 to 0.88 for different stations. NSE found to be

ranging from 0.78 to 0.88 during calibration and 0.74 to 0.83 in validation. Figure 4.7

represents the comparison of observed annual precipitation and precipitation series of
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Figure 4.6: Calibration (1980-1995) and validation (1996-2000) result of the precipita-
tion downscaling model for Subansiri river basin

Table 4.6: Calibration and validation results of precipitation downscaling model for all
sub-basins

Station 1 Station 2 Station 3 Station 4 Station 5

Cal Val Cal Val Cal Val Cal Val Cal Val

RMSE 35.50 36.54 31.10 37.21 29.54 34.43 31.23 35.84 27.13 31.97

R2 0.81 0.79 0.83 0.79 0.85 0.81 0.83 0.80 0.76 0.74

NSE 0.80 0.78 0.82 0.78 0.88 0.83 0.81 0.79 0.78 0.74

RCP scenarios for 2011-2100.
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Figure 4.7: Box-plots of the precipitation anomalies for GCM/RCPs over the stations
for the period of 2011-2100 compared to controlled scenario GCM run
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Figure 4.7(a) shows changes in precipitation over station 1, results shows increase in

annual precipitation for all the RCP scenarios with variation in magnitude with GCM.

Average of all three GCM shows increase of 4.39% for RCP2.6, 5.17%, 5.88% and 8.86%

respectively for RCP4.5, RCP6.0 and RCP8.5. Figure 4.7(b) shows the precipitation in

for station 2 and average of three GCM indicates increase of 3.21%, 7.65%, 9.07% and

11.83% respectively for RCP2.6, RCP6.0 and RCP8.5. Similarly Figure 4.7(c), 4.7(d)

and 4.7(e) represent annual precipitation for RCP scenario with their respective GCM.

Increase in precipitation over station 3 is calculated to be 2.19%, 5.72%, 6.74% and

8.64% respectively for the increasing order of RCP scenarios. In station 4 increments

for RCP2.6 to RCP8.5 is calculated to be 4.35%, 3.45%, 4.09% and 8.11% respectively.

Changes in annual precipitation over station 5 found to be positive with 2.13%, 5.80%,

6.07% and 10.37% for RCPs. It can be concluded from Figure 4.7 that the changes

in precipitation across the basin is positive with magnitude increasing from low RCP

scenario to high RCP scenario.

4.9 Extreme precipitation indices

4.9.1 Precipitation indices analysis of the historical data

Precipitation extreme indices are important parameters to analyse the precipitation

distribution in a region. In this study several precipitation indices were calculated such

as PRCPTOT (total annual precipitation), CDD (consecutive dry days), CWD (con-

secutive wet days), R1mm (number of rainy days in a year when precipitation is more

than 1 mm), R10mm (heavy precipitation days precipitation more that 10mm), R20mm

(very heavy precipitation days), SDII (simple daily intensity index), R95p (wet days)

and R95p (extremely wet days).
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Trend analysis of historical data period gives an insight of existing pattern of the chang-

ing climate and also proves helpful for comparing the future changes. Figure 4.8 shows

the z-statistics of indices for different stations and their respective Sen’s slope mag-

nitude are shown in Table 4.7. From the Figure 4.8 it is clear that station 4 shows

significant increasing trend for CWD, PRCPTOT, R10mm, R20mm, R95p and SDII,

magnitude of increase of these indices are shown in Table 4.7.

Figure 4.8: Mann-Kendall test Z-statistics of precipitation indices during historical
period (1980-2000) over sub basins

No significant trend was observed at any station except station 4. Indices showing

increasing or decreasing trend are not statistically significant at 95% confidence level.

Average of the increase in annual precipitation of all station s shows increase of 3.63

mm/year which is not very much significant for basin, whereas contribution of very wet

days (R95p) is likely to increase. Increasing trend of R95p shows that this increase can

create a situation of frequent flood events. Average of all stations annual precipitation

gives an idea about the change in precipitation over the basin. Figure 4.9(a) represents

the significant and non-significant trends in annual precipitation over the entire basin.

Although on 30 year time scale, some decreasing trend was found but it is statistically
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Table 4.7: Magnitude of change in precipitation indices during historical period (1980-
2000)

Indices Station 1 Station 2 Station 3 Station 4 Station 5

CDD 0.65 1.00 0.00 0.05 0.03

CWD 0.04 0.17 0.29 0.50 0.00

PRCPTOT 3.20 0.42 -3.13 17.57 0.09

R1mm 0.06 -0.92 -1.45 -0.25 -0.06

R10mm 0.21 -0.44 0.00 1.42 0.05

R20mm 0.05 -0.27 0.30 1.18 0.02

R95p 1.33 0.20 -2.76 18.30 -0.03

R99p 0.00 1.52 0.00 0.00 -0.04

SDII 0.03 0.00 0.05 0.20 0.07

non-significant at 95% confidence level. Significant increasing trend were observed for

CM3-RCP2.6, CM3-RCP6.0 and CM3-RCP8.5 for different time periods.

Figure 4.9: Mann-Kendall test Z-statistics of (a) Annual precipitation (b) CDD

Magnitude of change in annual precipitation for different GCM RCPs are shown

in Table 4.8 for long-term period of 2011-2100 and three timescale of 30 years i.e.

2011-2040, 2041-2070, 2071-2100. Maximum positive change found at station 5 for

the time period during 2041-2070 with magnitude of 138 mm/decade. Average annual

precipitation for the entire basin shows increasing trend for all the RCP scenarios with

magnitude of 2.31 mm to 31.51 mm/decade.
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Table 4.8: Magnitude of change (mm/ decade) in annual precipitation for different GCMs RCP scenarios

ESM2G ESM2M CM3

RCP2.6 RCP6.0 RCP8.5 RCP2.6 RCP6.0 RCP8.5 RCP2.6 RCP6.0 RCP8.5

Station 1

2011-2100 0.67 2.75 -2.00 -2.78 3.72 7.67 10.34 13.46 23.28
2011-2040 5.00 1.10 -8.85 -12.21 -9.86 4.91 39.15 20.93 29.14
2041-2070 -2.43 13.39 -11.62 -3.13 7.50 13.32 -1.40 15.65 31.33
2071-2100 16.38 2.30 10.37 -6.00 1.57 5.33 -8.18 12.71 30.55

Station 2

2011-2100 3.61 18.24 26.70 -5.42 9.59 22.15 12.64 23.27 38.98
2011-2040 54.19 80.64 -65.00 89.21 -51.71 -63.58 108.78 -5.00 -7.32
2041-2070 78.11 -47.25 27.28 -15.29 -4.47 54.00 8.20 -17.38 104.36
2071-2100 -113.87 -64.45 27.50 -12.06 -2.91 21.06 71.19 -16.52 9.33

Station 3

2011-2100 0.68 0.73 1.14 0.53 0.97 2.53 5.57 5.82 8.01
2011-2040 0.86 -18.00 1.78 10.86 -3.50 0.69 15.44 -1.91 7.95
2041-2070 6.80 13.82 12.40 1.45 9.00 7.80 -0.20 -2.35 9.38
2071-2100 -10.14 5.26 -8.55 -2.67 -6.24 -1.00 -3.11 9.76 11.67

Station 4

2011-2100 5.00 23.47 34.67 -4.93 11.58 11.53 -13.66 30.00 64.05
2011-2040 36.64 57.54 -151.55 30.20 -39.36 29.00 25.96 95.00 51.13
2041-2070 -10.64 67.64 -18.70 -48.50 66.06 -15.33 29.94 -30.36 132.20
2071-2100 -71.17 11.60 2.85 -12.62 -45.20 -14.55 -62.25 24.90 -24.54

Station 5

2011-2100 -1.38 23.96 54.72 -9.28 17.77 48.90 40.84 68.43 129.48
2011-2040 123.94 80.90 -68.03 76.79 -71.82 -94.57 100.50 -4.40 92.75
2041-2070 -0.04 29.00 -35.67 -95.87 138.00 14.00 92.12 57.81 88.08
2071-2100 -196.38 67.60 66.00 13.71 -116.25 23.50 3.10 134.47 6.37
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4.9.2 Trend in precipitation indices

Figure 4.9(b), 4.10(a) and 4.10(b) represents the Mann-Kendall z-statistics of consecu-

tive dry days (CDD), consecutive wet days (CWD), and number of rainy days (R1mm)

over the basin for different GCM RCP scenario during different time periods. Con-

secutive dry days index represent the longest spell of days without any precipitation

(>1mm) events. For the long-term period (2011-2100) no significant trend is observed

over the basin whereas 30 years’ time series (2011-2040, 2041-2070 and 2071-2100)

analysis indicates significant increasing trend for 2071-2100 in model CM3 RCP2.6 as

shown in Figure 4.9(b). Maximum change in CDD was found to be positive with 8.46

days/decade in station 1 for CM3 RCP2.6 scenario during period of 2071-2100, like-

wise maximum decreasing trend of CDD observed in station 3 with magnitude 4.35

days/decade for RCP2.6 scenario. Average of three GCMs for RCP scenarios shows an

increase of 3.46 day/decade in station 1 and in other station magnitude of increase is

not very significant.

Figure 4.10: Mann-Kendall test Z-statistics of (a) CWD and (b) number of rainy days
(R1mm)

Z-statistics of CWD trends show no significant increase over the period of 2011-

2100 as shown in Figure 4.10(a). Maximum positive trend in CWD was observed
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in station 1 with magnitude of 3.81 days/decade for period of 2011-2040 under CM3

RCP2.6 scenario. Average of GCM values for respective RCPs shows no large magnitude

increase or decrease in CWD. Figure 4.10(b) shows z-statistics for number of rainy days

and from the figure it is evident that the trend is significantly increasing for CM3

RCP8.5. Magnitude of change in number of rainy days per decade over the stations

and average of the three GCMs indicates increase of 5.46 days/decade for RCP8.5.

4.9.3 Trend in the intensity of precipitation

Number of heavy precipitation days (R10mm) is the number of days with precipitation

more than 10 mm whereas number of very heavy precipitation days (R20mm) defined

as number of days with precipitation more than 20mm. Z-statistics of R10mm shows

increasing trend over the basin for CM3 RCP4.5 and CM3 RCP 8.5 for different time

scales as shown in Figure 4.11(a). Z-statistics of SDII trend analysis is shown in Figure

Figure 4.11: Mann-Kendall test Z-statistics of (a) R10mm (b) SDII

4.11(b) which shows significant increasing trend for CM3 RCP6.0. Magnitude of change

in R95p for five stations shows maximum increase of 97mm/decade at station 4 for CM3

RCP6.0 whereas maximum decrease observed at station 5 for ESM2G R2.6 during pe-

riod of 2071-2100 with a magnitude of 133.35 mm/decade. Very wet days precipitation
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(R95p) are the sum of the precipitation of days when precipitation was more than 95th

percentile of the wet day precipitation distribution derived over base period and ex-

tremely wet days precipitation (R99p) defined as amount of precipitation received from

the days when precipitation was more than 99th percentile of the wet day precipitation

derived over the base period. These two indices provide an idea of the contribution of

very wet days and extremely wet days precipitation to the annual precipitation. Figure

4.12(a) represents Z-statistics of R95p and it shows significant increasing trend for CM3

RCP8.5 over the period of 2011-2100, 2011-2040 and 2041-2070. In case of R99p sig-

nificant increasing trend observed for long-term period of 2011-2100 for CM3 RCP6.0

and over the period of 2011-2100, 2011-2040 and 2041-2070 as shown in Figure 4.12(b).

Similarly Sen’s slope analysis results of R99p for long-term (2011-2100) duration shows

no significant change but maximum magnitude of decrease observed as 46 mm/decade

at station 2 during 2011-2040 followed by maximum increase of 46.91 mm/decade for

extreme scenario (RCP8.5) over station 5 at the end of the century (2071-2100).

Figure 4.12: Mann-Kendall test Z-statistics of (a) R95p (b) R99p
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4.9.4 Spatio-temporal distribution of Precipitation indices

Precipitation varies drastically on spatial as well as on the temporal scale (Nel, 2009;

Parthasarathy et al., 1995), which necessitate to analyze this variable on the spatial and

different time scale domain. this section analyzes the spatio-temporal variation within

the Subansiri river basin for different timescale i.e. 2011-2100, 2011-2040, 2041-2070

and 2071-2100. Spatial and temporal distribution of indices PRCPTOT, R1mm, SDII

for historical period (Figure 4.13) and average of the three GCMs for RCP scenarios

at different time scale are shown in Figure 4.14 , 4.15 and 4.16. Figure 4.13 shows the

spatial distribution of annual precipitation, number of rainy days in a year and daily

intensity of precipitation for observed time period (1980-2000). It is observed from the

Figure 4.13: Spatio-temporal distribution of precipitation indices observed period (1980-
2000) annual precipitation (mm), rainy days (days/yr) and intensity of precipitation
(mm/day)

historical data analysis of the precipitation that annual precipitation in basin ranges

from 673.25 mm to 3207.91 mm, whereas number of rainy days in a year varies from

99 days to 198 days and daily intensity of the precipitation varies from 6.7 mm/day to

21.47 mm/day, spatial distribution of these indices are shown in Figure 4.13. Upper part

of the basin comes under the Tibet region which receives lesser rainfall as compared to

the lower part of the basin. 4.14 shows the spatial distribution of annual precipitation

at four different time domain i.e. for the long term period of 2011-2100 and three inter-
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Figure 4.14: Spatio-temporal variation of annual precipitation (mm/yr) over the basin
for RCP scenarios

decadal time scale of 2011-2040, 2041-2070 and 2071-2100 for three RCP scenarios.

Comparison of the historical values of annual precipitation and projected precipitation

spatio-temporal plot it is evident that the amount of annual precipitation increasing at

different time scale and also on long-term duration of 2011-2100 over entire basin for the

RCP scenarios. Figure 4.15 represents spatial variation of number of rainy days over

the basin for different timescale and RCP scenarios. R1mm is likely to decrease when

compared to historical period values, as during historical period R1mm ranges from

minimum 99 days to maximum of 198 days but in future RCP scenarios R1mm reflects

decreasing trend in lower part whereas increasing in the upper station i.e. station 1.

For the long term period of 2011-2100 R1mm shows the values upto 113 days in the

upper portion and in the lower portion of the basin it reduces to 188 days. Although the

magnitude at different inter-decadal timescale varies but a uniform increment in R1mm
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is observed for the upper portion followed with the decrease in the lower portion.

Figure 4.15: Spatio-temporal distribution of number of rainy days (R1mm) over the
basin for RCP scenarios.

Figure 4.16 depicts the increase in daily precipitation intensity index for RCP sce-

narios over stations except the station 1. Decrease in SDII over station 1 is followed by

the increase of number of rainy days as shown in Figure 4.16 whereas station 2, station

3, station 4 and station 5 where number of rainy days is likely to decrease are prone

to increase in daily rainfall intensity. Variation of daily intensity for RCPs over inter

decadal periods are shown in Figure 4.16.
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Figure 4.16: Spatio-temporal distribution of simple daily intensity index (mm/day) over
the basin for RCP scenarios.

4.10 Uncertainty analysis of GCM projections

Uncertainty associated with the climate change studies on a regional and spatial scale

need to be addressed for the projections and better assessment of the change in hydro-

climatic variables. In climate change impact studies, uncertainty in impact assessment

occurs because of the different sources such as inter-model variability, uncertainty due

to downscaling methods adopted and scenario uncertainty. GCM uncertainty involves

because of the procedure adopted for the simulation of the GCM for different grid res-

olutions and using different geophysical processes, scenario uncertainties are inevitable

because of the inaccuracy in the processes for prediction of the possible changes in

greenhouse gas emission, socio-economic changes etc.

In present study, statistical downscaling is performed with SDSM, since the downscaling

83

TH-1946_126104039



Chapter 4. Temperature and precipitation downscaling

model performance was satisfactory for the precipitation and temperature data series

in the calibration and validation process, no other method of downscaling was adopted.

Downscaling model prepared with establishing the regression relation between the ob-

served data and NCEP predictors. Downscaling model were further used to simulate

the precipitation from the GCM run for historical period as well as for the projection of

the precipitation and temperature series over the 21 century time domain for the three

RCP scenarios i.e. RCP2.6, RCP6.0 and RCP8.5 using three GCMs namely ESM2G,

ESM2M and GFDL-CM3. GCM projection uncertainty has been addressed with the

cumulative distribution function (CDF) plots of the historical model run and the pro-

jected data series.

Figure 4.17 shows a boxplot of the monthly observed precipitation, the monthly model

generated precipitation data series and monthly precipitation series generated from his-

torical run of GCM data. Station-wise results of the precipitation downscaling model on

monthly basis show good agreement with the observed precipitation but a comparison of

the annual precipitation of observed data and model generated data shows that model

overestimates the annual precipitation whereas the historical run GCM precipitation

data shows an almost similar pattern to that of the model generated data.

Figure 4.17: Boxplot of the precipitation data series from observed, NCEP and GCM
historical run to compare variation.
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Figure 4.18 shows the cdf plot of the observed precipitation, NCEP simulated pre-

cipitation series and precipitation simulated from GCM datasets of historical run for

all the five stations. It shows that the variation in the NCEP and GCM simulated

precipitation series captures the observed precipitation very well and there is very less

uncertainty involve in the model generated precipitation. For station 1 (SB1) and

station 4 (SB4) NCEP simulated precipitation underestimate the lower values of pre-

cipitation whereas for station 3 (SB3) GCM simulated precipitation underestimating

the precipitation. Results of the CDF plots for the historical simulation period shows

the less variation in the simulation of precipitation from both the datasets i.e. NCEP

and GCM datasets and captures the trends well. This implicates that the GCM pro-

jection will have the lesser uncertainty in the future simulation of the precipitation,

which could be analysed by the CDF plots of the precipitation indices for projected

timeseries i.e. from 2011-2100. Previous studies on the SDSM efficiency for simulating

the precipitation patterns have been explained (Khan et al. 2006, Samadi et al. 2013).
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Figure 4.18: CDF plot of the observed precipitation and simulated precipitation from
NCEP and GCM datasets for all the stations.

Precipitation indices time series provide a good insight of the distribution of the

precipitation in a given time period and this could help in identifying the uncertainties

in case of multi GCM model projections of the precipitation in climate change studies.

Precipitation indices such as annual precipitation, simple daily precipitation intensity

index (SDII), dry days spells (CDD) and wet days spells (CWD) were analyzed for
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the projected precipitation time series with their CDF plots for the respective RCP

scenarios with the three GCMs.

Fig 4.19 a shows the average annual precipitation for the observed period and projected

period precipitation data series for station 5 (SB5) with three GCM i.e. ESM2G,

ESM2M and CM3 and their respective RCP scenarios R2.6, R6.0 and R8.5. It is

clear from the Fig 4.19 a that the variation amongst the GCMs for annual precipitation

projection is very less and it represents almost the similar scenario for all the ensembles.

Similarly Fig 4.19 b shows the CDF plots of simple daily intensity index for the observed

period along with the projected precipitation series.

Figure 4.19: CDF plot of (a) annual precipitation and (b) simple daily intensity index
(SDII) of observed precipitation and projected precipitation for three RCP scenarios
for station 5.

Similarly, Fig 4.20 a shows the CDF plots for dry days index for three RCP scenar-

ios with observed period dry days series and projected GCM ensembles for station 5.

Although the average of the GCM ensembles indicate the increase in dry days spells as

compared to observed duration dry days spells for all the RCP scenarios but individ-
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ual ensemble represents large uncertainty for example CM3 model indicates decrease

in the dry days spells for the RCP2.6 scenario whereas ESM2G and ESM2M models

show increase in the dry days spell. In case of RCP 6.0 and RCP8.5 also, the GCM

ensembles shows uncertainty in dry days spells. Fig 4.20 b shows the wet days spells

for all the three RCP scenarios and GCM ensembles compared with observed period

wet days spells. All the GCM ensembles depicts less variation in the wet days spell for

the projected RCP scenarios and show less uncertainty associated for this index.

Figure 4.20: CDF plot of the (a) dry days and (b) wet days of observed precipitation
and projected precipitation for three RCP scenarios of station 5.

SDSM model performs on the dry days and wet days concept and divides the pre-

cipitation series in dry days and wet days and then downscaling is performed on the

basis of the wet days. CDF plot of the dry days indices and wet days indices indicates

that the model is efficient to capture the wet days pattern and hence it reduces the

uncertainty in the projection.
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4.11 Conclusions

This chapter covers the downscaling of maximum temperature, minimum temperature

and precipitation in Subansiri river basin for three RCP scenarios for the long term

period of 2011-2100. Analysis of the downscaling temperature series shows the increase

in minimum and maximum temperature for all the RCP scenarios. Precipitation pro-

jection also indicates increase in the annual precipitation.

Precipitation indices analysis is also carried out to understand the variability of the pre-

cipitation. Temporal variation of SDII indicates a direct proportionality to the emission

scenario as the value of daily intensity increasing from low to high emission scenario.

Increase in the precipitation can be explained in the terms of annual precipitation and

number of rainy days. Annual precipitation shows increasing trends over the basin for

all the RCP scenarios but contrary to this, number of rainy days shows contradictory

behavior as the upper portion of the basin shows increasing number of rainy days fol-

lowed by the decrease in the lower portion it is decreasing. So the intensity in the upper

portion is showing decreasing trends whereas for the lower portion it shows increasing

pattern for all the RCP scenarios.
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Hydrological Modeling and streamflow projections

5.1 General

Himalayan region is vulnerable to the climate change because of increasing temperature

of the region (Bhutiyani et al., 2007; Khadka et al., 2014). Increasing temperature

is the serious threat to the glacier dominated Himalayan region (Singh and Kumar,

1996; Singh and Bengtsson, 2005).Bhutiyani et al. (2010) correlates the increasing trend

in temperature to decreased winter snowfall in the north-western Himalayan region.

Alteration in temperature and precipitation is subsequently affecting the hydrology of

the Himalayan region (Immerzeel et al., 2009). Dahal et al. (2016) in their study over an

east Himalayan river basin, reported increase in precipitation which eventually increase

the water yield in the basin. Many recent studies reveals the continuously increasing

trend in temperature and precipitation in Himalayan range (Bhutiyani et al., 2007;

Khadka et al., 2014). This chapter describes the hydrological models of the Subansiri

basin and the projection of streamflow for different emission scenarios to assess the

changes in streamflow and other water balance component of the river basin.
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5.2 Model Framework

In this chapter, hydrological modeling, parameterization and uncertainty analysis of the

Subansiri river basin is explained. Apart from the parameterization and uncertainty

analysis, future projection of the streamflow in the river for different emission scenarios

is also covered in this chapter. Soil and water assessment tool (SWAT) is used for the

hydrological modeling of Subansiri River for simulating the streamflow. SWAT is a

semi-distributed, lumped model (Neitsch et al., 2011). Sequential uncertainty parame-

ter fitting approach (SUFI2) methods under the framework of SWAT Calibration and

Uncertainty Program (SWATCUP) are utilized for the parameterization and uncer-

tainty analysis of the prepared hydrological model. Various water balance component

i.e. streamflow, evapotranspiration, snow melt contribution to the discharge of river

were calculated after calibration and validation of the hydrological model.

Downscaled temperature and precipitation series (Chapter 4) were taken as the pri-

mary variables to assess the change in projections. Future projected temperature and

precipitation time series were further utilized for the projections of the streamflow in

the river for different RCP scenarios over the period of 2011-2100. Trends and mag-

nitude of change in water balance component in the river basin for different climate

change scenarios have been calculated using Mann-Kendall trend test and Sen’s slope

estimator.

5.3 SWAT Model description

SWAT is lumped, semi distributed, deterministic model which simulates streamflow on

the basis of water balance equation, it divides the entire catchment in sub-catchments
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and hydrological response units (HRU) and calculates all the water balance component

for each HRU. These HRU represents the homogeneous hydrological units where all the

physical parameters (e.g. soil group, land use land cover class) remains homogeneous

in all directions. Water balance equation can be written as below (Neitsch et al., 2011).

SWt = SWa + Σn
i=1 (Rday −Qsur − Ea −Wseep −Qgw) (5.1)

Where SWt is the final soil water content (mmH2O), SWa the initial soil water content

(mmH2O), t time in days, Rday amount of precipitation on day i (mmH2O), Qsurf the

amount of surface runoff on day i (mmH2O), Ea the amount of evapotranspiration on

day i (mmH2O), Wseep the amount of percolation and bypass exiting the soil profile

bottom on day i (mmH2O) and Qgw is the amount of return flow on day i (mmH2O).

SWAT works on the methodology suggested by United States Department of Agriculture

(USDA) for the runoff calculation from a catchment based on the physical and climatic

parameters of the basin, known as soil conservation services (SCS) curve number (CN)

method which is given as:

Qsurface =
(R− Ia)2

R− Ia + S
(5.2)

Where, Qsurface is total surface runoff (mm), R is daily rainfall (mm), Ia is the initial

abstraction such as infiltration and interception prior to runoff (mm), S is a retention

parameter (in mm) based on the combination of soil and Land use land cover.

S =
25400

CN
− 254 (5.3)
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Where CN is the curve number for the day and the initial abstractions Ia, is generally

approximated as 0.2S and the equation will be as

Qsurface =

(
R− 0.2S

R+ 0.8S

)2

(5.4)

Runoff starts if the amount of rainfall is higher than the initial abstraction losses

(Rday > Ia) SWAT model requires physical datasets such as soil map, elevation map,

land use and land cover map as well as meteorological datasets such as precipitation,

minimum and maximum temperature, humidity etc. for model preparation. Apart

from this it requires hydrological datsets (e.g. streamflow) for calibration and valida-

tion purpose. Apart from the complex input dataset requirement, this model also uses

large number parameter coefficients for calibration and validation purposes. SWAT

model primarily delineate the whole catchment into numbers of sub-catchments based

on the area threshold. Each sub-catchment contains a main channel and many hydro-

logic response units (HRUs), which consist of homogeneous land use, soil type, and

management practices. The contributions of each HRU are then aggregated for the sub

catchment by a weighted average. In SWAT, the main hydrological component such as

runoff is then simulated for each HRU, and the contributions of each HRU are then ag-

gregated for the sub-basin by a weighted average. Water is then routed to the outlet of

the watershed. Likewise, SWAT also simulates other water balance components at each

HRU and the contributions of each HRU, are then aggregated for the sub-catchment.

5.4 SWAT model preparation

SWAT requires digital elevation model (DEM) for the delineation of the watershed

boundary, sub-watersheds and stream networks, soil map, land use/land cover map
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for calculating all the components of hydrological process. Shuttle radar topographic

mission (SRTM) (90 m spatial resolution) data was used for morphological mapping of

the river basin. Similarly land use/land cover data and soil map data (Chapter 3) were

utilized for preparation of the hydrological model. SWAT creates hydrological response

unit (HRU) for simplifying the calculations of hydrological response from different type

of soil and LULC groups. Each HRU represents the spatial homogeneity for a particular

type of physical property (e.g. soil type, LULC class). After providing the physical

maps to the, next step is to prepare the weather data for the model. In weather data

SWAT mainly requires minimum temperature (Tmin), maximum temperature (Tmax)

and precipitation data with several statistical characteristics on the monthly timescale

e.g. mean monthly maximum temperature, mean monthly minimum temperature.

In this study, the Subansiri river basin is divided into five sub-basins based on the major

tributaries of the Subansiri river,five sub basins (SB) are devided on the basis of major

tributaries of the river basin (Figure 5.1) and HRU were created by model on the basis

of physical parameters of the input data with a threshold of 5% similarity (Neitsch

et al., 2011), and one weather stations was selected for each sub-basin (Figure 5.1).

Within a sub-watershed, several HRUs are created based on soil, LULC map and slope

map. All the water balance components of hydrological process are computed for each

HRU and the final runoff to the main channel is computed through the Muskingum

routing method (Neitsch et al., 2011). As shown in the Figure 5.1 sub basins are

divided and each sub basin is provided with the one weather station. In this study

streamflow is simulated upto the Gerukamukh outlet as shown in the figure. Observed

streamflow dataset from 2002-2013 has been utilized for the calibration and validation

of the prepared hydrological model.
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Figure 5.1: Sub-basins of the Subansiri river for SWAT model preparation

5.5 Parameterization and uncertainty analysis of the hy-

drological model using SUFI2 algorithm

The SWAT simulated results calibrated and validated in SWAT CUP packages. SUFI2

algorithm has been used for model parameterization, sensitivity analysis and uncer-

tainty analysis. The model calibration was performed using the concept of aggregate

parameter selection Yang et al. (2007). An ‘aggregate parameter’ is defined by adding a

term such as v , a and r to the front of the original parameter to mean a replacement,

an absolute increase and a relative change to the initial parameter value, respectively

(Abbaspour et al., 2007b). SWAT CUP comprises all sources of uncertainties such

as model structure based uncertainty, parameter uncertainty and data input errors.
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Parameter uncertainty is usually caused as a result of inherent non-uniqueness of pa-

rameters (involved model calibration parameters) in inverse modeling due to wrong

data inputs and parameterization. The adaptation of inverse modeling approach is a

very popular method for the model calibration(Abbaspour et al., 2007b).

The parameter sensitivity analysis helps to identify the significance of the particular pa-

rameter for the calibration process, whether the process is influenced by the parameter

values if it changes. For this current study, a global sensitivity analysis approach has

been applied. The parameter’s sensitivity can be determined by the multiple regression

system, which regresses Latin hypercube generated parameters against the objective

function. The Latin Hypercube Sampling (LHS) method is considered as a highly effi-

cient sampling method. In this study, the significance level P value test and statistical

t-test are used to rank the high sensitive and non-sensitive parameter. If the P-values

corresponded to 0 then it means that parameter is highly sensitive for the process. In

global sensitivity outcomes, a t significance test (t-stat) is evaluated based on the sig-

nificance level alpha (α = 0.05) and P-values. The alpha value of 0.05 was chosen as the

local significance level. Based on this significance level, values larger than 1.96 or lower

than −1.96, respectively, indicate a significant (p < 0.05) positive or negative trend. If

the P values will be closer to zero, the corresponding values will be more significant for

the trend (Abbaspour et al., 2007b).

For calibration, SUFI2 follows an iterative process to update the old coefficient pa-

rameters to get a new estimate of the parameters. It adopts sequential and fitting

processes for incorporating the parameter uncertainty, where the parametric errors are

identified in terms of overestimation and underestimation (Abbaspour et al., 2007a).

Additionally, it utilizes prior knowledge of the parameter’s coefficients and data quality
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checks in order to minimize the uncertainty. The algorithm assumes a large parameter

uncertainty, which represents a physically meaningful range, to ensure the observed

data lies in the 95PPU (95 % prediction uncertainty) band for the first iteration. In

the following iterations, it decreases the uncertainty while monitoring the p-factor and

r-factor (Abbaspour et al., 2007a).

The 95PPU is calculated between the 2.5% and 97.5% levels of the cumulative distri-

bution of an output variable obtained through Latin hypercube sampling, disallowing

5% of the very bad simulations (Abbaspour et al., 2007a; Yang et al., 2007). SUFI2

algorithm aims at minimization of the overestimation or underestimation of modeling

outcomes through iterative parameterization and it tried to bracketing most of the

observed data with the smallest possible uncertainty band, which means the good re-

sults should have a relatively large p-factor with relatively small r-factor. The p-factor

determines the percentage of simulated data falls into the observed dataset and the

r-factor determines the uncertainty thickness in the simulated datasets when compared

to observed datasets. Theoretically, the value of p-factor ranges between 0 to 100%

and r-factor ranges between 0 to infinity. The values of p-factor equal to 1 and r-factor

equal to 0 corresponds to a condition where measured data is equivalent to observed

data. A larger p-factor can be achieved at the expense of a larger r-factor (Abbaspour

et al., 2007a). The mathematical expressions of SUFI2 algorithm are defined into the

following steps

1 First the objective function gθ and other parameter ranges θabsmin, θabsmax are

defined.

2 Latin hypercube sampling is carried out for the hypercube[θmin, θmax], the corre-

sponding objective functions are evaluated and the sensitivity matrix J and the
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parameter covariance matrix C are calculated according to equations 5.5 and 5.6

Jij =
∆gi
∆θj

, i = 1, . . . .., Cm2 , j = 1, . . . .n (5.5)

C = S2
g (JTJ)−1 (5.6)

Where S2
g is the variance of the objective function values resulting from the num-

ber of model runs.

3 A 95% predictive interval of a parameter θj is computed as follows (Equation 5.7):

θj,lower = θ?j tv,0.025

√
(Cjjθj,upperθ

?
j + tv,0.025

√
Cjj (5.7)

Where θ?j is the parameter θj for the best estimates (i.e. parameters which produce

the optimal objective function), and v is the degrees of freedom (mn).

4 The 95PPU is calculated at the 2.5% and 97.5% levels of the cumulative distribu-

tion of an output variable obtained through Latin hypercube sampling, disallowing

5% of the very bad simulations (Equation 5.8).

r − factor =

1
nΣn

ti=1

(
yMti,97.5% − y

M
j,2.5%

)
σobs

(5.8)

Where yMt1,97.5% and yMj,2.5% represents the upper and lower boundary of the 95PPU

and σobs stands for the standard deviation of the measured data.

5 The goodness of fit and the degree to which the calibrated model accounts for

the uncertainties are assessed by the above two measures. A uniform distribution

in the parameter hypercube [θmin, θmax] is interpreted as the posterior parameter

distribution. Otherwise [θmin, θmax] is updated according to the given Equations
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5.9 and 5.10

θj,min,new = θj,lower −max
(
θj,lower − θj,min

2
,
θj,max − θj,upper

2

)
(5.9)

θj,max,new = θj,upper +max

(
θj,lower − θj,min

2
,
θj,max − θj,upper

2

)
(5.10)

6 Finally the model performs different iterations for initialization of the best pa-

rameter ranges.

5.6 Model performance evaluation

5.6.1 Calibration and Validation

Subansiri river basin was divided in 5 sub-basins on the basis of major tributaries of the

river (Figure 5.2). Hydrological model was calibrated and validated first, considering

the main parameters as shown in the Table 5.1. Parameters were optimized using the

SWAT-CUP SUFI2 algorithm. Observed streamflow data is available for the period of

2002-2013, model was run for 2000-2010 with warmup period of two years i.e. 2000-

2002, further the data from 2002-2010 was selected for calibration and remaining 2011-

2013 data was used for validation of the model. Figure 5.2 shows the scatter plot for

calibration and validation. Model performance were evaluated on the basis of coefficient

of determination (R2) and Nash-Sutcliffe efficiency (NSE) Eq. 5.11 and Eq. 5.12,

Coefficient of determination

R2 =

 ∑n
i=1(TOi − TO)(TPi − Tp)(√∑n

i=1(TOi − TO)2
)(√∑n

i=1(TPi − TP )2
)


2

(5.11)
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Nash-Sutcliff Efficiency

NSE = 1− Σn
i=1(TOi − TPi)

2

Σn
i=1(TOi − TO)2

(5.12)

Where TOi and TPi are the ith data point of observed and model generated temperature

dataset respectively and TO and TP are the mean of observed and model generated

temperature data series respectively. Model was calibrated and validated for daily and

monthly timescale and results shown in the scatter plot in the Figures 5.2 and 5.3. For

calibration R2 found to be 0.86 (Figure 5.2a) and for validation it is 0.80 (Figure 5.2b)

whereas NSE of monthly model for calibration period is 0.82 and for validation period

it is 0.80.

Figure 5.2: (a) Calibration and (b) validation results of streamflow simulation of Sub-
ansiri river for monthly model

Daily scale model calibration and validation results shows comparatively poor results

as compared to the monthly model results. Model fails to simulate the high peaks of

the streamflow but in monthly model it simulates well. For calibration of daily model

R2 found to be 0.54 (Figure 5.3a) and for validation period it was 0.45 (Figure 5.3b).

Subansiri river is a perennial river with very high flow during the monsoon season and

daily model fails to predict these peak value.
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Figure 5.3: (a) Calibration and (b) validation results of streamflow simulation of Sub-
ansiri river for daily model

5.6.2 Sensitivity and uncertainty analysis

SWAT model is a semi distributed model which works on sub-basin and hydrological

response unit (HRU) approach. Therefore, Subansiri river basin was divided into five

sub basins, on the basis of the major tributaries of the river and each sub basin has one

weather station. Land use and land cover data, soil map, slope map as explained in

chapter 3 were used for the model preparation. Further, several model parameters were

selected for calibration and validation purpose. Parameters selected for the calibration

purpose affect the output variables and hence it is important to check the sensitivity

of the parameters. Range of the parameter values impart the uncertainty in the model

output variable, this uncertainty analysis and sensitivity analysis was analyzed using

SUFI2 algorithm. Table 5.1 shows the initial range of the selected parameter and fitted

values along with the t-stats and p-value of the sensitivity test. Prefix R (relative) and

V (value) used with the parameter names in Table 5.1 shows the method applied for

changing the parameter values for each iteration. Uncertainty in the model represented
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Table 5.1: SWAT parameters list used for calibration of the model with sensitivity
analysis t-stat and p-value

Parameter Name Min
value

Max
value

Fitted
Value

t-Stat P-
Value

1:R CN2.mgt -0.25 0.25 0.21 6.94 0.000

2:V ALPHA BF.gw 0 1 0.51 1.23 0.220

3:V GW DELAY.gw 10 250 136.36 -3.32 0.001

4:V GWQMN.gw 0 1000 234.50 -2.17 0.030

5:V GW REVAP.gw 0.02 0.2 0.04 -6.98 0.000

6:V ESCO.hru 0.8 1 0.98 3.80 0.000

7:V CH N2.rte 0 0.3 0.01 -3.44 0.001

8:V CH K2.rte 5 130 44.81 -2.99 0.003

9:V ALPHA BNK.rte 0 1 0.22 12.01 0.000

10:R SOL AWC -0.2 0.4 0.05 -1.33 0.185

11:R SOL K -0.8 0.8 0.66 20.94 0.000

12:R SOL BD -0.5 0.6 -0.25 5.74 0.000

13:V SFTMP.bsn -5 5 1.11 -1.76 0.078

14:V SMTMP.bsn -5 5 4.42 -0.82 0.414

15:R SNOCOVMX.bsn 0 10 7.42 1.67 0.096

16:R SURLAG.bsn -0.25 0.25 0.01 -1.57 0.118

17:V CANMX.hru 0 3 0.08 -1.16 0.245

18:V SMFMX.bsn 1.4 6.9 5.80 -0.83 0.408

19:V SMFMN.bsn 1.4 6.9 5.49 0.68 0.500

20:R SNOCOVMX.bsn 0 300 164.25 -1.56 0.120

21:R SNO50COV.bsn 0.01 0.99 0.51 -0.47 0.642

22:V TIMP.bsn 0.1 1 0.41 0.59 0.554

by two metrics i.e. p-factor and r-factor as discussed in methodology section. R-factor

found to be 0.38 and p-factor 0.68. Figure 5.4 shows the plot of observed monthly

streamflow along with simulated streamflow and 95ppu band. Sensitivity analysis shows

that curve number parameter is most sensitive in order to simulate the streamflow,

whereas some other sensitive parameters are baseflow factor, groundwater delay etc. as

shown in Table 5.1. Since the Subansiri river basin contains some snow covered portion,

some parameter related to snowmelt hydrology were also found sensitive.
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Figure 5.4: Observed streamflow and simulated streamflow plot with 95ppu plot

Prefixes with parameters indicates the methods use for changing the values of pa-

rameters in each iteration as explained in the previous section. R indicates the relative

method where the optimized fraction value of the parameter is added or subtracted to

the original value such as for curve number. Similarly, a shows the absolute change in

the parameter value. Model starts calibration with the initial values of the parameters

and with each iteration, model changes the value of the parameters with user defined

methods and compares the output value with the provided observed value and tries to

minimize or maximize the user defined objective function, coefficient of determination

and Nash-Sutcliffe efficiency in this case.

5.7 Projection of streamflow and changes in hydrological

components

Hydrological model of the Subansiri river was calibrated and validated using the ob-

served streamflow for the period of 2002-2013, paramterization and uncertainty analysis

was performed using SUFI2 algorithm. further, the prepared model was used for the

projection of streamflow for selected RCP scenarios. Downscaled precipitation and tem-

perature series were taken as the primary inputs in the calibrated SWAT model and
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streamflow, evapotranspiration and other water balance component were projected for

2016-2100 period. To assess the change and trends in these component for future time

series domain MK test was applied and further flow duration curve plot were created

to check the dependable flow available in the stream for the future scenarios.

Mann-Kendall (MK) non parametric test (Mann, 1945; Kendall, 1968) was applied to

test the existing trends in the data series, MK test z-statistic provides an idea about

the significance of existing trend at 95% confidence interval. Further Sen’s slope (Sen,

1968) formula was used to check the magnitude of trends. Table 5.2 shows the Mann-

Kendall trend test analysis results and Sen’s slope magnitude for all the variables, table

suggests that for all the scenarios amount of precipitation and streamflow in the river

are likely to increase exceptionally in case of RCP scenarios where it tends a decreas-

ing trend but not statistically significant. Although the evapotranspiration in SB2 and

SB3 show a significant decreasing trend but the total water yield likely to increase for

the RCP6.0 and RCP8.5 scenarios. Figure 5.5 represents the sub-basin analysis of the

precipitation pattern, evapotranspiration and water yield from the sub-basin. Figure

suggest that the precipitation as well as the water yield in all the sub-basins are going

to increasing for the future period. Mann- Kendall (MK) non parametric test was ap-

plied to test the existing trends in the precipitation, evapotranspiration and streamflow

data series, further Sen’s slope (Sen, 1968) formula was used to check the magnitude

of trend in the data series. MK test z-statistics provide an idea about the significance

of existing trend at 95% confidence interval. Table 5.2 shows the Mann-Kendall trend

test analysis results and Sen’s slope magnitude for all the variables. Table suggest that

for all the scenarios amount of precipitation and streamflow in the river are likely to

increase exceptionally in case of RCP scenarios where it tends a decreasing trend but
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Figure 5.5: Trends on annual precipitation, evapotranspiration and water yield (a) SB1
(b) SB2 (c) SB3 (d) SB4 and (e) SB5

not statistically significant. Although the evapotranspiration in SB2 and SB3 show a

significant decreasing trend but the total water yield likely to increase for the RCP6.0

and RCP8.5 scenarios. Downscaled precipitation and temperature data were used as

primary input in the calibrated hydrological model for assessing the change in amount

of streamflow for different RCP scenarios. Major concern of the changing climate for a

region is the availability of the water for different season, it can be assess with the help

of exceedance percentage of the streamflow or the flow-duration curve.
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Table 5.2: Mann-Kendall test statistics of precipitation, evapotranspiration and water yield for each sub-basin

Precipitation Evapotranspiration Water Yield

RCP2.6 RCP6.0 RCP8.5 RCP2.6 RCP6.0 RCP8.5 RCP2.6 RCP6.0 RCP8.5

SB1

Z-stats 6.26 2.44 3.15 4.88 0.37 2.17 7.00 2.76 3.28

Sen’s Slope 1.07 0.48 0.59 0.16 0.01 0.07 0.92 0.52 0.50

p-value 0.00 0.01 0.00 0.00 0.71 0.03 0.00 0.01 0.00

RCP2.6 RCP6.0 RCP8.5 RCP2.6 RCP6.0 RCP8.5 RCP2.6 RCP6.0 RCP8.5

SB2

Z-stats -0.98 2.22 6.74 -2.90 -2.99 -4.70 -0.77 3.26 7.78

Sen’s Slope -0.56 1.63 4.57 -0.20 -0.21 -0.34 -0.40 1.91 4.72

p-value 0.33 0.03 0.00 0.00 0.00 0.00 0.44 0.00 0.00

RCP2.6 RCP6.0 RCP8.5 RCP2.6 RCP6.0 RCP8.5 RCP2.6 RCP6.0 RCP8.5

SB3

Z-stats -0.19 1.26 4.92 -1.13 -1.98 -3.54 -0.16 1.61 6.27

Sen’s Slope -0.12 0.91 3.63 -0.08 -0.13 -0.25 -0.10 0.95 3.72

p-value 0.85 0.21 0.00 0.26 0.05 0.00 0.87 0.11 0.00

Continued on next page
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Table 5.2 – Continued from previous page

Precipitation Evapotranspiration Water Yield

RCP2.6 RCP6.0 RCP8.5 RCP2.6 RCP6.0 RCP8.5 RCP2.6 RCP6.0 RCP8.5

Z-stats -0.33 2.36 6.03 1.75 2.35 4.99 -0.41 2.60 6.32

SB4 Sen’s Slope -0.15 1.39 3.34 0.11 0.13 0.26 -0.14 1.23 2.98

p-value 0.74 0.02 0.00 0.08 0.02 0.00 0.68 0.01 0.00

RCP2.6 RCP6.0 RCP8.5 RCP2.6 RCP6.0 RCP8.5 RCP2.6 RCP6.0 RCP8.5

SB5

Z-stats 0.03 2.77 7.50 1.25 -0.28 0.33 -0.32 3.08 8.13

Sen’s Slope 0.02 2.16 7.37 0.22 -0.04 0.04 -0.23 2.23 8.27

p-value 0.98 0.01 0.00 0.21 0.78 0.74 0.75 0.00 0.00
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Flow duration curve is plotted by arranging the streamflow data in descending order

and then ranking them and calculating the probability of each value of streamflow. This

methodology provides an idea about the probability of the dependable flow.

Figure 5.6 shows the flow-duration curve for different GCM/RCP scenarios. Figure

provides a good insight of the dependable flow in term of the probability, almost for

all the dependable flow percent the magnitude of streamflow is increasing, figure also

suggest that the for a particular percent exceedance discharge the RCP8.5 scenario has

the highest value. The figure also indicates that the flow in river is likely to increase for

all the scenarios and discharge value for all the percent exceedance is going to increase

in any case of RCP scenarios.

Figure 5.6: Comparison of exceedance flow for all the GCM/RCP ensembles for the
period of 2016-2100
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5.8 Conclusions

This chapter covers the hydrological modeling of the Subansiri river, which provides

the information of the physical characteristics of the river basin and model parameters

sensitive for the streamflow generation in the basin. Parameterization and uncertain

analysis of the model provided a feasible range of the parameters included in the cali-

bration of the streamflow. Calibration and uncertainty analysis were performed using

SUFI2 approach. Model calibrated for the monthly time series performed better than

the model prepared for the daily time series. Reason behind the poor daily model re-

sults could be the extreme values in the observed streamflow series, to which the model

failed to capture. After calibrating the model with acceptable range of selected objective

function i.e. coefficient of determination and Nash-Sutcliffe efficiency, the projection of

the streamflow were made for 2016-2100 for three GCMs and three RCP smission sce-

narios. For the projection of stremflow, downscaled precipitation and temperature data

series were taken as the input. Streamflow projection and its trend analysis suggests

the increase in streamflow for the emission scenarios, MK trend analysis test of the

streamflow and evapotranspiration shows the increasing magnitude for the period of

2016-2100.
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CHAPTER 6

Integrated simulation-management model

6.1 General

This chapter, covers the integrated approach for river basin planning of Subansiri river

under three emission scenarios i.e. RCP2.6, RCP6.0 and RCP8.5. In previous chapters

downscaling of precipitation and temperature were covered along with the hydrological

modeling and changes in the water resources of the basin were also evaluated. this

chapter proposes a integrated simulation-management approach for the river manage-

ment for upto the mid-century (upto 2050) time duration.

Under the threat of climate change, water availability and allocation of water for differ-

ent sectors are the major concern for the planners and policymakers. Different demand

sectors like municipal demand, industries and agricultural demand are increasing with

the passes of time. Unplanned development, excessive withdrawal of the groundwater,

increasing water demand for the population will be the major challenge for river basin

planning and management. It should also be remembered that water also needs to be

allocated for the aquatic environment alongside the demands of other users. Increasing

water demands to fulfill the diverse societal developmental needs has led to increasing
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exploitation of rivers.

Water allocation is central to the management of water resources. Due to uneven precip-

itation distribution and increasing population the water demand is increasing. Conflicts

often arise when different water users compete for limited water supply. The need to

establish appropriate water allocation methodologies and associated management in-

stitutions and policies is recognized by researchers, water planners and governments.

Subansiri river basin drains the districts of Arunachal Pradesh and Assam, downstream

of the LSHE reservoir consist of the districts North Lakhimpur, Dhemaji and Papum-

pare. Since the main objective of the LSHE is power production and flood control, but

under the threat of climate change and population increase the available water resources

may not be sufficient for the requirement. Taking into consideration the challenges of

climate change impact on the water resources availability and demand, this chapter

deals with the simulation-optimization model which addresses the water availability

and water demand in particular sector such as drinking water demand.

6.2 Water evaluation and planning (WEAP) model

Under the threat of climate change, water availability and allocation of water for differ-

ent sectors are the major concern for the planners and policymakers. Different demand

sectors like municipal demand, industries and agricultural demand are increasing with

the passes of time. Unplanned development, excessive withdrawal of the groundwater,

increasing water demand for the population will be the major challenge for river basin

planning and management. It should also be remembered that water also needs to be

allocated for the aquatic environment alongside the demands of other users. Increasing

water demands to fulfill the diverse societal developmental needs has led to increasing
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exploitation of rivers.

The Water Evaluation and Performance (WEAP) model developed by the Stockholm

Environmental Institute (SEI) is a tool for estimating the water demand and supply

balance of different stakeholders for the available water resources. It is mainly ap-

plicable to the wide range of the water allocation problems, reservoir simulation, and

demand and supply analysis. WEAP model can simulate the hydrological processes

(e.g., evapotranspiration, runoff and infiltration) for assessment of the water resources

in catchment and estimation of the human activities within the watershed boundary to

influence water resources and their allocation.

WEAP model uses mass balance to allocate available water to the various sectors ac-

cording to the priorities set by the user. Catchment of the stream or waterbody is

defined with shapefiles prepared in the GIS interface and other important components

such as the tributaries diversion points, dam or reservoir location are demarcated. After

providing the streamflow time series to the model, reservoir specification and elevation-

capacity curve data, model simulates the available water quantity which is available for

the allocation to the different stakeholders.

6.3 Integrated simulation-management model

Water management model for future climate change scenario was prepared by linking

the SWAT hydrological model outputs and temperature and precipitation downscal-

ing results along with socio-economic data obtained from Census of India. Streamflow

data generated for different RCP scenarios were utilized for providing inflow volume

to the reservoir for different scenarios and water demand in the command area were

calculated through a conceptual approach of total population and per capita water re-
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Figure 6.1: Flowchart of the methodology

quirement. Future projection of increased population was calculated from the linear

equation prepared from census data of 2001 and 2011. Three main districts namely

Papumpare (Arunachal Pradesh), Lakhimpur (Assam), and Dhemaji (Assam) which

covers the major portion of command area were selected for defining the future changes

in water demand and population growth. A schematic flowchart of the coupled ap-

proach is shown in Figure 6.1. Climate change is most likely to introduce an additional

stress to already stressed water systems in developing countries. Climate change is

inherently linked with the hydrological cycle and is expected to cause significant alter-

ations in regional water resources systems necessitating measures for adaptation and

mitigation. Increasing temperatures, for example, are likely to change precipitation

patterns resulting in alterations of regional water availability, evapotranspirative water

demand of crops and vegetation, extremes of floods and droughts, and water quality.

A comprehensive assessment of regional hydrological impacts of climate change is thus
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necessary. General circulation model simulations provide future projections of the cli-

mate system taking into consideration changes in external forcing, such as atmospheric

carbon-dioxide and aerosols, a coupled approach of hydrological modeling and ware

management modeling was used for planning of optimal use available water resources

in the river basin.

6.4 A top-down approach for river basin planning

Climate change impacts on the water resources have been discussed widely in the scien-

tific community and research literatures. Feasible adaptation options under the avail-

able resources and in context of the geographical and economic situation is the demand

of the hour (Bhave et al., 2013; Safavi et al., 2015; Arnell, 2010). Recent developments

in the field of climate change studies do not just focus on the impact assessment but

also to the adaptation strategies, taking into consideration the various stakeholders’

priorities. In climate change impact and adaptation studies, it is necessary to consider

the various stakeholders while deciding any policy for a feasible solution. Population

growth, increased agricultural water demand and extreme pace of industrialization along

with climate changes in the recent past have created immense burden on land and water

resources around the world. The main challenge in front of the scientific community

and policymakers is, how to improve the management of water resources for present and

future generations under the threat of climate change. Water resources planning and

management requires involvement of all sectors of the society which can be called as

the stakeholders. Participation of all the stakeholders in decision making process help

the policymakers to avoid any regret adaptation policy. Conflict of the interests are

the major challenge in the water resources planning process, in a case of conflict, first
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priority should be given to the human population. Situation of conflict has become a

normal scene in water allocation in large basins (Sandoval-Solis and McKinney, 2012).

Previous section (6.3) discusses the linked simulation-management model and this sec-

tion proposes a top down approach for the decision making considering the three main

stakeholders i.e. population in the downstream, farmers and the power production.

6.5 Application of integrated approach for Subansiri river

basin

6.5.1 Lower Subansiri reservoir and its command area description

6.5.1.1 Physical specifications of Lower Subansiri reservoir

Lower Subansiri hydropower project (LSHE) is located near North Lakhimpur town

of the Assam which covers a part of district of Lower Subansiri of Arunachal Pradesh

and Dhemaji district of Assam. Location of the dam site is 27◦ 33’ 15” N latitude

and 94◦ 15’ 30”S Longitude. LSHE is mainly a hydropower project, which can be uti-

lized for flood control as well in the monsoon period to accommodate the excess inflow.

In this way the reservoir can be considered as a multipurpose reservoir. Hydropower

project on the reservoir is estimates to produce 2000 MW of hydropower for a min-

imum of 4 hour peaking period (Ray, 2010). Designed total power production from

the hydropower project is 2000 MW, project proposes to have eight turbines each with

250 MW production capacity in this way total 2000 MW power production is expected

for a minimum of 4hr in a day. Downstream district of the Subansiri reservoir i.e.

Dhemaji, Lakhimpur are prone to flood in monsoon period, so the reservoir can be

used as flood control structure during the high flow season by accommodating the flood
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volume. LSHE project is proposed for a full reservoir level (FRL) of elevation 205 m

corresponding to storage of 1365 Mm3 and maximum water level (MWL) of elevation

208.25 m with storage volume of 1470 Mm3. The flood cushion of about 441.6 Mm3

is provided for the period of high inflow like June July August months which is volume

between elevation 205 m and 190 m. Maximum draw down level (MDDL) is 181m with

storage volume of 720 Mm3. Height of the dam above river bed level is 116 m and from

the deepest foundation level is 133 m (Ray, 2010).

6.5.1.2 Capacity elevation relationship

Capacity elevation curve is the indicator of the storage of reservoir at a given water level

in reservoir, following capacity elevation curve was collected from Ray (2010). Figure

6.2 shows the elevation capacity curve of the reservoir.

St = 0− 46 Mm3

Elevation(m) =
128.5St + 1412

St + 15.033

St = 46− 509 Mm3

Elevation(m) = 3.555× 10−7S3
t − 0.00045S2

t + 0.2561St + 9.40

St = 509− 1532 Mm3

Elevation(m) = 5.7× 10−9S3
t − 3.319× 10−5S2

t + 0.08358St + 135.13

where St is the storage in Mm3 and elevation is in meter unit.
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Figure 6.2: Elevation storage graph of Lower Subansiri reservoir

6.5.1.3 Command area description of Lower Subansiri reservoir

In India, Subansiri River drains two states partially namely Arunachal Pradesh and As-

sam. In Arunachal Pradesh, parts of Lower Subansiri district, Upper Subansiri district

and Papumpare is covered whereas in Assam major part of Dhemaji and North Lakhim-

pur district of Assam falls in Subansiri river basin. River. A hydroelectric power plant

is constructed on the Subansiri River at the foothill near Gerukamukh where it enters

the Assam state, which is named as Lower Subansiri hydro-electric project (LSHE).

Main objective of project is the electricity production and flood control, capacity of the

power plant is 2000 MW (Ray, 2010). State of Arunachal Pradesh is mostly mountain-

ous and less populated whereas the parts of Assam state which is covered by Subansiri

river basin, is plain and more populated as compared to state of Arunachal Pradesh.

6.5.1.4 Demography of the reservoir command area

LSHE is constructed at Gerukamukh in Assam where it enters the Assam state, length

of the river from Lower Subansiri reservoir to the confluence of Brahmaputra is 126
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km with a command area of 9598 sq km. Lakhimpur and Dhemaji districts of Assam

have the 968 revenue villages as per 2001 Census. Economy of the villages rely mainly

on the agriculture and livestock including fishing as the off-form economic activity.

Population data of the three districts in the downstream of the river were collected from

the Census of 2001 and 2011 (http://censusindia.gov.in/). Lakhimpur district consist

seven tehsils with total population of 0.88 million (2001) and 1.04 million (2011) with

a total population increase of 17.22% with respect to 2001 population in one decade.

Rural population constitutes of 0.82 million whereas urban population constitute only

0.065 million.

Figure 6.3: Population of the districts from two Census data

Similarly Dhemaji district consists of six districts with population of 0.57 million

and 0.63 million in 2001 and 2011 respectively with a population growth rate of 19%

in a decade. Papumpare district of Arunachal Pradesh consist of 15 districts with total

population of 0.12 million with a growth rate of 44% in a decade. Figure 6.3 show the
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population of three districts for Census 2001 and 2011, major portion of the population

in these district reside in rural area with agriculture as a major source of earning along

with fishing.

6.5.2 Population projection and change in water demand

6.5.2.1 Population projection methods

Although there are several methods for population projections such as arithmetical

increase method, geometrical increase method, incremental increase method, graphical

method and logistic curve method etc. Methods used for the population projections does

not consider the saturation capacity of the population, except logistic curve method.

Arithmetic increase method is suitable small, average or comparatively new cities it

projects lower population than the actual situation. In this method constant growth

rate is assumed for the projection. Two consecutive Census data are taken as the basis

for finding the population increase rate and the difference is added to the present pop-

ulation estimate the population for the future duration.

Geometric increase method depends on the assumption that the increase in population

percentage remains constant over the decades. Geometric mean increase is used to

find out the future increment in population. This method gives slightly higher value

as compared to the actual value. This method is modification of arithmetical increase

method and it is suitable for an average size town under normal condition where the

growth rate is found to be in increasing order. While adopting this method the increase

in increment is considered for calculating future population. The incremental increase

is determined for each decade from the past population and the average value is added

to the present population along with the average rate of increase.
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Logistic curve method when the growth rate of population due to births, deaths and

migrations takes place under normal situation and it is not subjected to any extraor-

dinary changes like epidemic, war, earth quake or any natural disaster, etc., and the

population follows the growth curve characteristics of living things within limited space

and economic opportunity. If the population of a city is plotted with respect to time,

the curve so obtained under normal condition looks like S-shaped curve and is known

as logistic curve.

6.5.2.2 Population projection for Lower Subansiri reservoir command area

Future projection of the population were carried out on the basis of the Census data

of 2001 and 2011. Increase in the population between two census and percent growth

in population were taken as the basis for estimating the annual population growth.

Further, the population growth were projected up to the mid-century (2050) duration

following the geometric increase method. Three districts of the downstream of the

reservoir were selected for the projection of the population, as this population will be

considered as the one among the various stakeholders in the water resources manage-

ment planning. Figure 6.4 shows the population projection of three districts up to 2050.

Population growth in Lakhimpur district was recorded with increase of 17.22% whereas

for Dhemaji and Papumpare district the growth was recorded with 19.65% and 44.6%

respectively. The average increase in population of these districts were used as the

average growth rate for projecting the population on the basis of the geometric increase

method.
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Figure 6.4: Population projection of the districts

6.5.2.3 Projections of water resources and water availability

Change in water availability were calculated on the basis of the projected streamflow by

calibrated hydrological model for all the RCP scenarios. On the basis of the reservoir

specification and elevation capacity curve of the reservoir, capacity of the reservoir was

calculated for each of the inflow value. Streamflow for the future climate change scenar-

ios for all the RCP scenarios were taken into consideration for the water availability in

the future. Streamflow of the river was projected for the RCP2.6, RCP6.0 and RCP8.5

for the period of 2016-2100. Since the management plan is proposed for the upto 2050,

the streamflow was considered for this period only. Changes in streamflow is discussed

in details in the Chapter 4.
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6.5.2.4 Changes in water demand

Change in water demand was made on the basis of the population growth in the down-

stream districts and the per capita water requirement of the population following the

standard guideline. Figure 6.5 shows the three major demand sites in the reservoir

command area which was identified in the WEAP model and change in water demand

was calculated for the period of 2016-2050.

Figure 6.5: Location of demand sites in the water management model

Inflow to the reservoir were generated from the hydrological modeling and it provides

the information of available water. Water demand was calculated for the three districts

and it was compared with the available water as the storage in the reservoir and un-

met demand was calculated for the downstream districts for the projected population.

Figure 6.6 shows the unmet water demand for the three RCP scenarios.
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Figure 6.6: Unmet demand of command area districts for RCP scenarios

6.5.3 Proposed water storage structure

It was observed from the water resources availability and the water demand calculation

that the available surface water resources are not enough to fulfill the water demand in

the command area. Seasonal variation in the water availability intensifies the scarcity

situation,such situation encourages for the alternative water resources in the river basin.

In management plan to overcome the seasonal scarcity of the command area it is re-

quired to rely on the local surface water resources, since the groundwater level and

utility data is not available for the region, the management plan is focused on the

surface water resources only.
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Figure 6.7: Stream order map of the Subansiri river basin

One of the popular approach for such situation is the construction of the water

storage structures which check the drain of water and conserve it for the scarcity sit-

uation. To identify the potential location for the water storage structure in the river

basin a overlay approach was adapted (Ramakrishnan et al., 2009), where the cite se-

lection were based on the hydrological characteristics, morphological characterstics of

the stream, slope of the land ware taken as the basic input for prioritization in a GIS

environment. This approach uses the potential runoff generation zone which will largely

depend upon the sub-basin area, slope and stream order which ultimately provides the

suitable location for the structure. Fig. 6.7 shows the stream network and the order

of the streams in river basin, order of stream provides idea about the amount of runoff

a stream will receive. Apart from the stream order, slope map and runoff potential

map were used for identification of the potential zone. Figure 6.8 shows the proposed

water storage structures in the downstream small tributaries. These proposed water

124

TH-1946_126104039



Chapter 6. Integrated simulation-management model

storage structure would check the drain of water to conserve it for the lean period. It

was observed from the model that local water storage structure are sufficient enough to

fulfill the water requirement in the lean period and low flow season.

Figure 6.8: Location of proposed checkdam sites in the command area

On the basis of the morphological and hydrological characteristics of the watershed

finally nine water conservation structures were proposed for the storage of water to

fulfill the requirement in the water deficit condition. Practical implementation of the

construction on the selected cites involves much more practicality such as the agricul-

tural land or settlement area should not be disturbed with such constructions. Analysis

of the streamflow availability in these water storage structures suggest that the water

stored in these structured will be sufficient enough to fulfill the requirement in short

term deficit situation.
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6.6 Advantages of the linked approach in river basin plan-

ning

Linked simulation-management approach combined with the top down decision making

approach for the river basin planning has several advantage over traditional manage-

ment approach. Decision making process involves the several stakeholders into account

along with the climatic and hydrological processes which are going to be affected by

the climate change impacts. Expanding modeling approach beyond the river basin and

streamflow simulation and including the reservoir command area improves the represen-

tation of water resources characteristics in upstream as well as in the downstream and

provides a platform for the management strategies. Further advantages of the linked

approach is that it accounts the climatic variabilty which is inherent on the climate

change process such as change in precipitation and temperature, which affects the sea-

sonal water availability for the agricultural demand in command area. Linked approach

addresses the water availability in terms of quantity and timing which is more impor-

tant in planning purposes because of better understanding of relative ability to address

the adaptation requirement. Along with the advantages there are several limitations as

well with such approach, such as modeling reservoir and command areas requires large

data of the downstream such as population, agricultural practices and canal release

which are not available always in many river basins. Large involvement of the resource

presents a challenge for large scale applicability in such studies which requires resources

necessary for data collection, stakeholder consultations and modeling analyses. WEAP

model has the limitations such as it works on the a monthly time step which may not

be appropriate for all studies or for a particular adaptation option.
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6.7 Conclusions

Earlier studies (Ray, 2010) on the Subansiri river was conducted for the environmental

impact assessment and effect of Lower Subansiri reservoir on the downstream of the

reservoir, focus was mainly on the loss in agricultural and fish production because of

the large diurnal variation in the river flow because of the turbine operation. Since no

study was carried out for the climate change impact assessment on the water availabil-

ity and water demand, this study focuses on this aspect and found that the increasing

population will cause extra burden on the water resources of the basin and need to

be addressed for management plans. Several other similar studies were carried out for

the water management under climate change scenarios which are compared here. Sap-

kota et al. (2013) conducted a study on the Upper Ganges river basin in India for the

available water resources in the river basin under the past and future climate change

scenarios. Water evaluation and planning model was utilized for the assessment of the

water demand for the different sectors e.g. municipal demand, agricultural demand and

industrial demand. It was found that, for the available amount of water resources a

water deficit arises in the months of December and January for the historical period.

Future projection of the water demand for the climate change scenarios indicated the

deficit in the months of December, January and February. Considering the essential

environmental flow in the stream, water deficit increases significantly for all the sectors.

As a remedy measures, several option were suggested including the change in cropping

pattern and emphasize conjunctive use. Bhave et al. (2013) suggested climate change

adaptation option in the Kangsabati river basin of West Bengal. Study utilized the

combined bottom-up and top-down approach for the adaptation options including the
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several stakeholders of the river catchment. Study explores the various in-situ man-

agement options for the water conservation in the catchment such as increasing the

forest area and construction of the check-dams at several locations in order to check the

drainage of rainfall generated surface water. Yates et al. (2015) proposed a multistage

decision support process for the basin planning of Upper Colorado river considering

the city and farms as the stakholders in management plan. Approach was achieved

by management model WEAP and downscaling model SDSM. Future scenarios of the

water resources in the basin and drought occurrence were the main focus of manage-

ment plan. It was found that drought mitigation strategies will only provide short term

benefits and suggested engagement of water managers and stakeholders participation

in decision making process.
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Conclusions and recommendations for the future work

Present study has been carried out to explore the changes in the hydro-climatological

variables such as streamflow, precipitation and temperature of the Subansiri river basin

which is the largest tributary of Brahmputra river basin in Northeast India. To accom-

plish the study, three general circulation models with three representative concentration

pathways were selected for the study. To carry out the climate change impact studies

on the precipitation and temperature, statistical downscaling technique was utilized for

projection of mentioned climatic variables for the future period of 2011-2100. Impact

of climate change on the hydrology of the river basin were further estimated using

the Soil and water assessment tool (SWAT) model. Further, a integrated simulation-

management model was proposed for the river basin for the different climate change

scenarios, on the basis of the population growth of the river basin and increase in the

water demand. Based on the selected objectives, following are the conclusive points

notified in the overall study discussed further
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7.1 Downscaling of the temperature and precipitation

Trends in the historical precipitation and temperature were calculated using Mann-

Kendall trend test and Sen’s slope methods. Further, temperature and precipitation

were projected for the three RCP scenarios i.e. RCP2.6, RCP6.0 and RCP8.5 for three

GCM scenarios using statistical downscaling technique. For the downscaling technique,

historical observed precipitation an temperature series were used for the model prepa-

ration with the NCEP predictors. After calibration and validation of the models, future

projection of the variables were performed by using the GCM variables for the three

RCP scenarios. The downscaling results show uniform increase in minimum and max-

imum temperature for the basin whereas inter-decadal analysis of temperature shows

that increase in minimum temperature is more than increase in maximum temperature

which subsequently shows a decreasing trend for diurnal temperature range. A world-

wide study on the trend of temperature shows an increase in the maximum temperature

which is low as compared to the minimum temperature. The Subansiri River originates

from Himalayan glaciers; an increase in the temperature of the basin may cause an

alteration in the hydrology of the basin. This analysis of the change in temperature

can be helpful in the assessment of the changes in the hydrological cycle of the region.

Precipitation downscaling and precipitation indices analysis for 2011-2100 was per-

formed using three GCM datasets for four RCP scenarios. Average of precipitation

generated using three GCMs gives a clear picture of increasing trend of annual precip-

itation and intensity in Subansiri river basin. Subansiri river originates from Tibetan

plateau which is rain shadow zone and receives as less than thousand millimeter pre-

cipitation whereas precipitation in stations station 2,3,4 and 5 which fall in Arunachal
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Pradesh and Assam states receive high annual precipitation in thousands of millimeters.

The study reveals possibility of increase in annual precipitation in intensity in station

1 which is in agreement with a previous study (Song et al., 2011). Changes in annual

precipitation magnitude vary for RCP2.6, RCP6.0 and RCP8.5 from 3.26mm/year,

6.39mm/year and 9.57mm/year, respectively. (IPCC, 2013) report indicates increase

in annual precipitation for mountainous region which justifies the findings of the study.

Physical reasons behind the probable change was not the part of the study but the re-

sults shows a good agreement with the previous studies done for the region and ongoing

possible greenhouse gas emission scenarios. Though the present study focuses mainly

on Subansiri river catchment in the eastern Himalayan region. Many other river catch-

ments in eastern Himalayan regions shares the same hydro-climatology, for example,

all are fed by Southwest Monsoon during same period of the year and have same wind

circulation patterns. Hence, the outcomes of this study can be related to the climatic

changes happening in other catchments in the region. Apart from this, methods used

in this study (statistical downscaling and precipitation indices analysis) can provide a

framework for similar kind of studies in the future.

7.2 Hydrological modeling and analysis of changes in stream-

flow

Hydrological modeling of the Subansiri river was carried out to simulate the streamflow

in the Subansiri river with the help of soil and water assessment tool (SWAT). Digital

elevation map, land use land cover map and soil map along with the weather data such

as precipitation and temperature were utilized for the model preparation. Further the

model was calibrated using the SWAT-CUP tool, along with the model calibration and
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validation, uncertainty analysis of the model was also performed using the SUFI2 al-

gorithm. After calibration and validation of the model, downscaled precipitation and

temperature data were utilized as the primary input in the model for the future pro-

jections of the streamflow in the river. Three CMIP5 GCMs with three RCP emission

scenarios were selected for the study, total 9 ensembles of precipitation, temperature

and streamflow were generated for comparing the changes in these variables as com-

pared to the baseline scenario. Results show significant increase in annual precipitation

and annual average Tmax and Tmin of the basin for all the RCP scenarios which is

incremental in nature according to the extremity of the RCP scenarios. Since the hy-

drology of any region depend largely on the climatology factors along with the physical

factors of the region, study shows that the changes in precipitation and temperature

subsequently affecting the runoff and water yield in the river basin. Subansiri river is

glacier induced perennial river which causes massive flood during the monsoon period

in the downstream portion of Lakhimpur and Dhemaji districts.

7.3 Integrated approach for water management under cli-

mate change scenarios

Lower Subansiri hydropower project which is situated at the Gerukamukh in Assam is

mainly operated for the flood control and hydro-power generation. Taking into con-

sideration the increasing population and changes in the climate parameters along with

the hydrological variables, it is important to have some more aspects of the reservoir

utilization apart from the hydropower generation. An integrated approach was used

for the water management plans under different climate change scenarios. Integrated

simulation-management model proposed by integrating the SWAT model and water
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management model i.e. water evaluation and planning model (WEAP). The assess-

ment of the water demand in the different future scenarios and management plan.

Results show that the water availability in the reservoir will not be sufficient to meet

the municipal water demand along with the hydro power generation. As the study

suggests possible increase in precipitation and discharge in the basin, situation may

become more serious in the future climate change scenarios. Top down approach were

adapted to overcome the seasonal scarcity of the water and water storage structure were

suggested for water conservation and checking the runoff. This study could be helpful

for policy making, planning and mitigation strategies to curb the possible flood hazard

situations for the climate change scenarios in the region.

7.4 Recommendations for the future study

Following work may be taken as the future extension of the present works:

• In downscaling of the temperature and precipitation, three GCMs were selected

for the study. Although in the climate change studies, uncertainties are inherent

in nature because of the adaptation of different methods in the GCM simulation,

which imparts uncertainty in the downscaling results. For the future extension of

the work, more number of GCM could be selected for minimizing the uncertainty.

• GCMs are the coarser grid products, regional climate models (RCM) could provide

even more accurate results for the projection of temperature and precipitation.

Apart from the datasets, more methodologies for the downscaling could have

provided the better comparison for selection of the suitable methods.

• Change in the streamflow were assessed on the basis of the hydrological modeling
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of the river basin, primary variable taken into consideration were the precipitation

and temperature whereas the other variables were taken constant such as LULC,

which can be considered for the future studies.

• Simulation management model has the several limitations which can be improved

with the use of several advanced optimization techniques.
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