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Abstract

This study is focused on the climate extremes and glacial lake outburst flood over

the Teesta River catchment (up to Chugthang), which is a part of Eastern Himalaya.

To accomplish this research, Coupled Model Intercomparison Phase 5 (CMIP5), Global

Circulation Models (GCMs) with their Representative Concentration Pathways (RCPs)

have been used to downscale the daily precipitation, minimum temperature and max-

imum temperature. A Statistical Downscaling Model (SDSM) has been applied for

downscaling. Using SDSM, daily precipitation and temperature time series have been

projected for present and 21st century scenarios. Significant upward trend is present

in annual precipitation during 2006-2100. The non-monsoon precipitation is also hav-

ing the significant increasing trend, but monsoon precipitation is showing falling trend.

This implies that the precipitation pattern is shifting towards the non-monsoon from

monsoon over the study area. The precipitation extremes WD, R10 and R20 are also

showing increasing trends. The projected temperature time series are also showing

warming trend for both maximum and minimum temperature, except in some of the

monsoon months for maximum temperature. The minimum and maximum tempera-

tures are showing warming trends with the rate of 0.015◦C/year and 0.01◦C/year in the

21st century, respectively. In case of temperature extremes, the minimum temperature

indices are more pronounced than maximum temperature indices in both past and fu-

ture. Additionally, the precipitation and temperature extremes are used to understand
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the joint probabilistic behavior of climate extremes using parametric copula. The result

of temperature extremes joint probabilistic behaviour, indicating the change in joint re-

turn period of [TN10, TN90] is decreased, this implies that the cool nights would be

colder and warm nights would be hotter but other extreme combinations are increased

for all scenarios. The joint behaviour of precipitation extremes highlight the decrease

in joint return period of [CWD, CDD] for all scenarios, indicating the co-occurrence of

floods and droughts are more frequent in same year over the region. In addition, [WD,

SDII] is also decreased, implying that the occurrence of flood is more frequent over the

region. Whereas, other extreme combinations having no significant changes.

Hydrological modeling and Budyko framework have been carried out to assess the

hydrological response and relative contribution of climatic variable on annual runoff

changes. For hydrological modeling, MIKE11 NAM model has been used. The MIKE11

NAM model is auto calibrated for nine default parameters. The optimized nine parame-

ters values are used to generate the streamflow for both past and future, where projected

annual streamflow have increase for all projected scenarios as compare to historical sce-

nario. From the Budyko framework analysis, the snow-ratio has decreased, but this

does not influenced the annual runoff significantly as compared to precipitation. This

also implies that, precipitation is less likely to occur as snowfall in future. Precipita-

tion is the major factor that affects the runoff changes with the ranges of 2 to 19% for

different scenarios over the region.

The remote sensing satellite applications have used for the glacial lakes mapping

over the study area. Then, the potential flood volumes (PFVs) of glacial lakes are

estimated using steep lakefront area (SLA) concept. Total 203 glacial lakes having area

more than 0.01 km2 were identified, most of them are situated at the high elevation zone

viii

TH-2186_146104038



Abstract

(>4500 m) and some glacial lakes are found increasing their areal extends. The glacial

lake having surface area more than 1 km2 and maximum PFV is consider for glacial

lake outburst flood (GLOF) dynamics using hydrodynamic modeling (MIKE11 HD).

The flood routed along the river reach at every chainage point up to Chugthang and

found peak discharge could increase up to 4-6 times and depth and velocity increased

about 100% during GLOF as compare to no GLOF condition. This huge peak discharge

and high velocity with higher water depth can affect the hydropower project (Teesta

hydropower project- III) at Chugthang because there is no flat terrain for inundation.

The change in precipitation and temperature and their extremes can alter the wa-

ter resource systems, consequently, the management plans are needed to sustain the

available water resources induced by climate change. In addition, the change in climate

variables can amend the glacier environment such as streamflow have increased and

snow-ratio has decreased over the region. Furthermore, the precipitation is less likely

to occur as snowfall over the catchment and co-occurrence of flood and drought as well

as heavy precipitation with high intensity is more frequent in the same year in future.

Also, about 90% of glacial lakes are situated above the 4500m altitude. Most of them

are increasing their size could increase the frequency of glacier hazards (GLOFs) and

causes damages (environmental, social and economical). Further, some lakes are de-

creasing and some are getting extinct also. Therefore, adaptation measures viz. early

flood warning system and mitigation strategies are required in potential glacier shaded

areas. The reason behind these decreasing or extinction may be climate change, glacier

retreating, loss of connection from the parent glaciers, etc. This study recommends the

potential use of the high-altitude glacial lakes as a storage mechanism for the controlled

utilization of the melt water.
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CHAPTER 1

Introduction

1.1 Background

1.1.1 Climate Change

Climate Change is defined as; “change of climate which is attributed directly or indi-

rectly to human activity that alters the composition of the global atmosphere and which

is in addition to natural climate variability observed over comparable time periods sug-

gested by United Nations Framework Convention on Climate Change (UNFCCC) in

1992 (Griggs and Noguer, 2002). The change in the global climate since 20th cen-

tury, which is mostly recognized by anthropogenic activities, instead of natural climate

variability (Sachindra et al., 2014). Additionally, Intergovernmental Panel on Climate

Change (IPCC) stated, the recent climate change and rise in the global and continen-

tal temperature have had significant impact on physical and biological environmental

systems (Chen et al., 2011; Sachindra et al., 2014). Climate change analysis is essen-

tial for building resilient mitigation strategies for adaptation. Global Climate Models

(GCMs) are an important tool, which are widely utilized in climate research to assess
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plausible climate change through scenario analysis. The Coupled Model Intercompari-

son Project Phase 3 (CMIP3) (Meehl et al., 2007) and Coupled Model Intercomparison

Project Phase 5 (CMIP5) (Taylor et al., 2012) have made important contribution to-

wards consistent future projection of changes in climate variables. The CMIP3 and

CMIP5 provide coordinated simulations from state-of-the-art GCMs. CMIP5 improves

the features of substantial as compared to CMIP3 and used the new emission scenarios

named as Representative Concentration Pathways (RCPs) (Taylor et al., 2012). The

GCMs are the source of uncertainties, which are associated with computational restric-

tions to capture physical emissions that pass into the atmospheric concentration due

to the lack of appropriate information (sources and sinks) of greenhouses gas emissions

and rate of their recycling in the Earth system (Mujumdar and Ghosh, 2008; Crosbie

et al., 2010). The climate model’s uncertainty is related with unknown atmospheric

system e.g. physical and biological condition of atmosphere. Earlier, researched used a

single GCM(Mileham et al., 2009; Van Roosmalen et al., 2009; Austin et al., 2010) such

as UK researchers have used Hadley Center Climate Model 3 (HadCM3), Australians

have used CSIRO and Canadians used CGCM3.1 GCM (Crosbie et al., 2011). but,

in order to assess the uncertainty associated with the GCMs, it is important to use

multiple GCMs (Crosbie et al., 2011, 2010).

The extreme events such as floods, droughts and heat waves etc. can have significant

negative impacts on human society and ecosystem as natural hazards (Easterling et al.,

2000; Sheffield et al., 2012; Trenberth et al., 2014). The impact of extreme events are

worse in agricultural dominated countries like India and China (Rosegrant and Cline,

2003; Chattopadhyay, 2010). Since the middle of 20th century, the changes in frequency

of occurrence of such climate extremes has been altered due to anthropogenic climate

2
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change (Dai, 2011; Lesk et al., 2016) and India is no exception (De et al., 2005). More-

over, IPCC AR5 report (IPCC, 2014), suggested that the composition of CO2 and

other heat-trapping gases have changed significantly in the atmosphere, subsequently

the surface temperature could increase robustly. This could possibly increase the like-

lihood of extreme events in near future. The possible changes in frequency, intensity

and duration of extreme events can be assessed with the use of latest CMIP5 GCM

dataset (Taylor et al., 2012). Over the years, various extreme indices of precipitation

and temperatures with specific physical thresholds have been used as a tool in climate

change studies (Manton et al., 2001; Frich et al., 2002; Alexander et al., 2006; Donat

et al., 2013). Meanwhile, extreme indices have provided promising local conditions

and few physically based indices which are amenable to temperature and precipitation

data around the world. The precipitation and temperature extremes are significantly

increasing all around the world except some of the regions, where, minimum temper-

ature indices are more pronounced than maximum temperature indices and extreme

precipitation is increasing with longer dry spells (Donat et al., 2013; Sillmann et al.,

2013a,b).

Analysis of hydrologic extreme events using univariate techniques is well documented

(Katz and Brown, 1992; Boo et al., 2006). However, multivariate analysis of such ran-

dom variables are rarely used (Favre et al., 2004). In general, the hydrological processes

are highly stochastic and often exhibits the dependence associated with the other vari-

ables. In such situations, univariate techniques may underestimate the risk associated to

an event. With this understanding, several researchers focused their attention on mul-

tivariate analysis of hydro-meteorological variables (Snyder, 1962; Westra et al., 2007).

For multivariate frequency analysis, copulas are becoming important tool due to its flex-
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ibility. Thus, copulas are widely used in the different fields such as finance, medicine,

hydrological, other civil engineering fields etc. In particular hydrological research, dif-

ferent copulas are employed for analysis such as joint return periods of hydrological

events (Salvadori and De Michele, 2004); bivariate flood frequency analysis (Zhang and

Singh, 2006); bivariate rainfall frequency distributions (Zhang and Singh, 2007); joint

return period of extreme rainfall events (Wang et al. 2010); spatio-temporal pattern of

precipitation extremes (Zhang et al., 2012, 2013); flood and drought hazards (Li et al.,

2015); probabilistic forecasting of seasonal droughts (Chen et al., 2016) etc. So far,

copula has been found an efficient tool in multivariate analysis of different hydrological

events. This could improve the existing knowledge of process of various extreme events

and provides more information for events prediction.

The major river basins of India such as Ganga, Indus and Brahmaputra, originate

from the Himalayan glaciers (India-WRIS, 2012). The Himalayas are an extraordinarily

high mountain chain, spanning 2500 km east to west across five countries and encom-

passing many varied cultures and an extensive diversity of flora and fauna. Himalayan

glaciers are the largest sources of major rivers system in Asia, lifeline of more than 1.3

billion people living in the downstream (Bajracharya et al., 2007b). A study carried

out jointly by International Centre for Integrated Mountain Development (ICIMOD),

United Nations Environment Programme (UNEP), and Asia-Pacific Network for Global

Change Research (APN) between 1999 and 2003 documented about 15,000 glaciers and

9000 glacial lakes in Bhutan, Nepal, Pakistan and selected basins of China and India. In

India, most of the perennial rivers originate from the Himalayan glaciers. The glaciers

are controlled to extra-peninsular region specifically Himalaya within the longitudes

72◦E to 96◦E and latitudes 27◦N to 36◦N . The Indian Himalayan region comprises

4
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about 9,575 glaciers and other permanent ice bodies covering an area of about 40,000

km2, with an approximate ice volume of 2,000 km3 (Raina and Srivastava, 2014). The

glacier ranges over the entire Himalayas are among the largest and most spectacular in

the world (Bajracharya and Mool, 2009). Himalayan glaciers are important for generat-

ing hydroelectricity, irrigation, drinking water supply and daily needs of over 10 billion

people.

1.1.2 Glacial Lake Outburst Floods

The climate driven activities such as global warming may indeed affect the glacier

retreating and snowmelt (Ives et al. 2010) hydrology by imbalancing hydrological pro-

cesses especially on the Himalayan regions. The Earth’s average surface temperature

has increased by 0.3◦C to 0.6◦C in the last hundred years. Consequently, faster glacier

melting is happening. The Himalayan environment is the most symbolic evidence of

glacier melting, which is resulting in to the formation of glacial lakes and rise in the

risk of GLOF events (Bajracharya et al., 2007a; Shrestha et al., 2010; Mool et al.,

2011; Somos-Valenzuela et al., 2015a). Glacial lakes are the mass of water existing

in, under, beside and/or in front of glaciers and forming due to glacier activities e.g.

melting (Clague and Evans, 2000; Worni et al., 2012; Bannerjee, 2013). The glacial

lakes are formed in loose internal composition and lack of engineered spillway (Worni

et al., 2013), consequently these are inherently prone to failure. This may pose severe

hazards in the terms of high intensity runoff, flash flood and GLOF events to the moun-

tain communities (Watanbe and Rothacher, 1996; Huggel et al., 2002; Shrestha et al.,

2010; Anacona et al., 2015a). The glacial lakes are the major sources of serious natural

hazards in terms of GLOFs in mountain regions (Shrestha et al., 2010; Anacona et al.,

5
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2015a). GLOFs are the phenomena which can release huge volume of water in short

time duration generating high-velocity, high-discharge and deep flow with high erosive

and damaging ability (Clague and Evans, 2000; Breien et al., 2008) and is considered

as the most essential glacier-related hazard in terms of potential damage (Osti and

Egashira, 2009).

The number and size of glacial lakes has increased in different part of the world in

last five decades as consequences of glacier retreating (Anacona et al., 2015a). Recently,

several outburst have also been reported in Himalayas (Gardelle et al., 2011), tropical

Andes and Patagonia (Clague and Evans, 2000). In Patagonia, about 16 glacial lakes

have failed and one of them was the largest GLOFs in terms of flood volume reported

worldwide (Clague and Evans, 2000; Anacona et al., 2015b). An outburst floods oc-

curred in 1941, resulting killing of 4500 peoples in city of Huaraz, Peru; whereas in

1968 and 1970, an outburst from glacial-dammed lake triggered debris flows and cause

huge damages in the village of Saas Balen, Swiss Alps (Ives et al., 2010). A number of

GLOF events are recorded in Himalayas in recent past. Recently, GLOF in Kedarnath

Uttarakhand, is the most noteworthy event in Indian history till date. From the field

information and scientific correspondence, the consecutive two events occurred on 16-17

June 2013, which caused huge destruction in the Kedarnath area of Mandakini River

basin (Durga Rao et al., 2014). Furthermore, many GLOF events recorded in last five

decades worldwide listed below in Table 1.1.

6
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Table 1.1: GLOF events recorded worldwide in last five decades.

S. No. Year

Name of Lakes

and Country

River Basin Reference

1 1969 Ayaco, Tibet Arun Mool et al. 2011

2 1970 Ayaco, Tibet Arun Mool et al. 2011

3 1977 Nare, Tibet DudhKoshi Mool et al. 2011

4 1977

Engano Lake,

Chilean Patagonia

Engano Valley Anacona et al. 2015

5 1980 Nagma Pokhri, Nepal Tamor Mool et al. 2011

6 1981 Zhangzangbo, Tibet Sun Koshi Mool et al. 2011

7 1982 Jinco, Tibet Arun Mool et al. 2011

8 1985 Dig Tsho, Nepal DudhKoshi Mool et al. 2011

9 1991 Chubung, Nepal TamoKoshi Mool et al. 2011

10 1998 Tam Pokhari, Nepal DudhKoshi Mool et al. 2011

11 1994

Lugge Tsho Lake,

Bhutan

Pho Chhu River

Watanbe and Rothacher,

1996

12 1994

British Columbia,

Canada

Farrow Creek Clague and Evans 2000

13 2010

Cordillera Blanca,

Peru

Rio Santa Schneider et al. 2014

14 2013 Chorabari, India Mandakini River Durga Rao et al. 2014
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The glacial hazards take attention due to risk of loss of life and threats for expensive

infrastructures such as hydropower projects, roads buildings etc. The glacier hazards

creates the disasters in terms of GLOF such as about 32,000 people have been killed in

Peru and hundreds of people have died in the Himalayas in last five decades (Richardson

and Reynolds, 2000). In the Sikkim Himalaya, a number of glacial lakes at glacier snout

are dammed by loose and friable debris. These glacial lakes are an indirect indicator of

retreating of glacier and present hazard to downstream locations (Gardelle et al., 2011;

Vuichard and Zimmermann, 1987), but not all glacial lakes are unstable to outburst

disastrously. The failure of lake is a function of susceptibility of a dam and triggering

events (Richardson and Reynolds, 2000). The geometry, material property and location

of a dam are the most responsible factors for moraine stability (Fujita et al., 2009; Worni

et al., 2013). The common characteristics of failed lakes worldwide are; should be in

contact with retreating glacier and dammed by steep moraine. In Indian Himalaya

having less critical glacial lakes as compare to other countries in Hindu Kush Himalaya

(e.g. Nepal or Bhutan) (Ives et al., 2010), In Sikkim Himalaya region, no GLOF event

has been observed yet but many large and potentially critical lakes exist (Fujita et al.,

2013).

1.2 Problem Statement

The Himalayas are the most symbolic evidence to climate change, the Teesta River

catchment is the part of North Sikkim Himalaya needs similar attention towards current

and future impact of the climate change. The North Sikkim Himalaya, which is mostly

covered with snow and glaciers, thus most of the GCM predictors (e.g. pr, prc, tas,

rhs, psl etc.), having largest influence on snow glacier hydrology, needed to identify.

8
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Additionally, this area also needs to address the changes in climate extremes, water

component, hydrological variables and glacial lakes under the changing climate. Spatio-

temporal variation of climate extremes and glacial lakes needs to identify for reduction

of hydrological hazards such as floods, droughts and GLOFs etc.

This study shall explore the precipitation and temperature climate extremes induced

by climate change; bivariate analysis of climate extremes to understand the joint prob-

ability behaviors of extremes; application of remote sensing to identify the glacial lakes

and their temporal changes during 1990-2014; hydrological modeling for generation of

future scenarios of main water balance components; snow-ratio change and its effects on

annual runoff using Budyko framework; hydrodynamic modeling of Teesta River with

GLOF dynamics. In recent past, most of the parts of the world have experienced the

precipitation and temperature extremes in terms of flood, droughts and heat waves.

In order to address the effects of climate extremes at regional scale, the downscaling

technique can be used for both past and future scenarios under CMIP5 GCMs. In ad-

dition, copulas are used to assess the joint behaviour of climate extremes; hydrological

and hydrodynamic modeling used for water balance components and GLOF simulation.

1.3 Research Objectives

The main aim of study is to assess the climate extremes (precipitation and tempera-

ture) and glacial lake outburst floods (GLOFs) under the climate change scenarios. To

accomplish this research work, the following research objectives were defined as below:

• Downscaling and projection scenarios of precipitation, maximum temperature and

minimum temperature of upper Teesta River catchment utilizing CMIP5 GCMs

9
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and their RCP scenarios.

• Bivariate assessment of precipitation and temperature extreme indices using Cop-

ula.

• To map the glacial lakes and demarcate their areal extent for hazard assessment

over North Sikkim Himalayan glaciers using remote sensing images.

• Runoff assessment of upper Teesta River catchment using hydrological model.

• Long term snow-ratio change and its effects on annual runoff using Budyko frame-

work.

• Glacial lake outburst floods (GLOFs) assessment over the downstream of Teesta

River basin utilizing field observation datasets and hydrodynamic model.

1.4 Thesis Outline

• Chapter 2 represents the detailed literature review of present study. The liter-

ature review of present study, emphasized the theme of past and future climate

change scenarios, downscaling and future projections, bivariate analysis of climate

extremes, application of remote sensing, hydrological modeling, snow-ratio change

and its effects on annual runoff using Budylo framework and hydrodynamic mod-

eling. .

• Chapter 3 presents the detailed description of the study area Teesta river catch-

ment (up to Chugthang), north Sikkim Himalayas and data used. The section

describes the hydro-meteorological, geographical, topographical and hydrological

characteristic of the study area.

10
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• Chapter 4 presents the downscaling technique and climate scenarios using latest

CMIP5 GCMs (ESM2G, ESM2M and CM3) with their RCPs (RCP2.6, RCP4.5

and RCP8.5). Additionally, the bivariate analysis represents the joint probabilistic

behavior of climate extremes. The joint probability behaviour of precipitations

temperature extremes is essential to recognize the regional responses of extremes

to climate change for glacier melting and water resources management.

• Chapter 5 describes the generation of water balance component using hydrolog-

ical model (MIKE11 NAM) and relative contribution of climate variables such as

snow-ratio, precipitation and evapotranspiration on annual runoff using Budyko

framework.

• Chapter 6 presents the application of remote sensing to identify the glacial lakes

and their vulnerability using defined criteria’s. The glacial lake vulnerability

is defended by surface area of glacial lakes and potential flood volume (PFV).

The PFV is calculated using steep lakefront area (SLA) concept, SLA is the

profile of moraine of glacial lake, which represents the approximate inner profile

of glacial lake. The PFV is defined as the minimum possible volume of water that

could be released if the glacial lake surface lowered to destroy the embankment of

glacial lake. Furthermore, the assessment of glacial lake outburst floods (GLOFs)

dynamics is carried out at the downstream of Teesta River catchment using field

observation dataset and hydrodynamic modeling (MIKE11 HD).

• Chapter 7 summarizes the major findings and contribution of this research work.

The future scope of this research are briefly discussed.

11
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CHAPTER 2

Literature Review

2.1 General

As per the Intergovernmental Panel on Climate Change (IPCC), climate change is

likely to affect precipitation and water availability around the globe and Himalaya

is no exception (IPCC, 2014). In recent past, number of heavy rainfall events have

been recorded over the Himalayan region e.g. Kedarnath, Uttarakhand flash flood in

2013 and Jammu and Kashmir flood in 2014 (Durga Rao et al., 2014; Kumar et al.,

2016). Several extreme events such as floods and droughts can have significant negative

impacts on the watershed hydrology and ecosystem (Easterling et al., 2000; Trenberth

et al., 2014). The frequency of extreme events has been altered due to changes in

landuse/landcover pattern and anthropogenic activities all around the world (Dai, 2011)

as well as in Himalayan regions (Bolch et al., 2012). India, shows the large spatial

variability in rainfall such as north-eastern part receive highest rainfall about 11,690

mm at Mousinram near Cherrapunji, whereas the western parts receive lowest rainfall

about 150 mm at Jaisalmer (Kumar et al., 2005).

An assessment of climate extremes induced by climate change and glacier hazards is

13
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essential for appropriate national and local long term development plans. This research

work presents the assessment of impact of climate change on hydro-meteorological

variables (precipitation and temperature); analysis of water balance components; and

glacier hazard in terms of GLOFs over the glaciers in the Teesta River catchment, North

Sikkim Himalaya. Therefore, the current study reveals the climate extremes and glacier

hazards in terms of glacial lake outburst floods based on the flowing key points:

1. Climate change scenarios and climate extremes

2. Bivariate analysis using Copula

3. Inventory of glacial lakes and parameters

4. Estimation of water balance component

5. Glacier hazards in terms of GLOF

2.2 Climate Change Scenarios and Climate Extremes

The definition of the climate change given by the IPCC , “Climate change refers to a

change in the state of the climate that can be identified by changes in the mean and/or

the variability of its properties, and that persists for an extended period, typically decades

or longer” (IPCC, 2014). Climate change analysis is essential for building resilient mit-

igation strategies for adaptation. The several climatic elements are affecting biological

and human systems in different ways. In recent past, several studies reveal that the

spatial variability of impact of climate changes; change in global temperature in land

and sea and in high and low altitude; change in precipitation patterns in high and

low altitude (IPCC, 2007). Additionally, IPCC AR5 report (IPCC, 2014), suggested

that the composition of CO2 and other heat-trapping gases has changed significantly
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in the atmosphere, subsequently the surface temperature could increase robustly. On

the Indian subcontinent, temperatures are predicted to increase between 3.5 and 5.5◦

C by 2100 (IPCC, 2007). This could possibly increase the likelihood of extreme events

in near future. The changes in frequency and severity of extreme events will have sig-

nificant impacts on human life and natural systems. The increasing frequency of flood,

droughts and heat waves are projected for 21st century and expected to have adverse

effects (Thornton et al., 2014). Possible changes in frequency, intensity and duration

of extreme events can be assessed by Coupled Model Intercomparison Project Phase

3 (CMIP3) (Meehl et al., 2007) and Coupled Model Intercomparison Project Phase 5

(CMIP5) (Taylor et al., 2012). Many researchers have used these CMIP5 datasets to

assess the impact of climate change on precipitation and temperature and their ex-

tremes. Over the years, various extreme indices of precipitation and temperatures with

specific physical thresholds have been used as a tool in climate change studies (Manton

et al., 2001; Frich et al., 2002; Alexander et al., 2006; Klein Tank et al., 2006; Moberg

et al., 2006; Donat et al., 2013). Meanwhile, extreme indices have provided promising

local conditions and few physically based indices which are amenable to temperature

and precipitation data around the world. The precipitation and temperature extremes

are significantly increasing all around the world except some of the regions. Where,

minimum temperature indices are more pronounced than maximum temperature in-

dices and extreme precipitation is increasing with longer dry spells (Donat et al., 2013;

Sillmann et al., 2013a,b).

The CMIP5 was built after the accomplishments of earlier phases of CMIP3. CMIP5

model runs with the considerable changes those are associated with Representative

Concentration Pathways (RCPs) to describe future concentration or emission scenarios.
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Four RCP scenarios have been formulated which are based on future population growth,

technological development and societal responses. RCP provides the estimated radiative

forcing values in the 2100 e.g. RCP2.6 is a low scenario in which radiative forcing reaches

to peak at the middle of the century and decline to 2.6 W/m2 by end of the twenty first

century. Additionally, there are two intermediate scenarios RCP4.5 and RCP6.0 and a

high RCP8.5 scenarios. The radiative forcing in RCP4.5 and RCP6.0 increases and then

stable at the end of the century and radiative forcing in RCP8.5 increases throughout the

21st century before reaching the level 8.5W/m2 (Taylor et al., 2012). The CMIP5 GCMs

are important tool which are widely used in climate studies to assess plausible climate

change through different scenario (IPCC, 2014). GCMs are not adequate for climate

change assessment at regional or local scale because of their coarse spatial resolution

(Wilby et al., 1998). Hence, projection of local climate requires downscaling techniques;

the downscaling approaches (dynamic and statistical) have subsequently emerged to

satisfy the need to interpolate regional-scale atmospheric predictor variables (Wilby

et al., 1998). Recently, many researchers have engaged these methods to downscale

number of variables such as: precipitation, mean monthly precipitation, mean annual

precipitation, daily precipitation, air temperature (maximum and minimum), extreme

temperature, evaporation etc. (Mujumdar and Ghosh, 2008; Mahmood and Babel,

2013; Singh and Goyal, 2016).

Gagnon et al. (2005), simulated the climate data for streamflow modeling using sta-

tistical downscaling model (SDSM) in the province of Québec. This study tested the

capability of SDSM to derive the local scale climate variables (precipitation and temper-

ature) that can be used as inputs for hydrological modeling for streamflow generation.

Results show that the SDSM provides reasonable downscaling data when using predic-
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tors representing the observed current climate. The choice of predictors is important

for the seasonal variation of streamflow.

Alexander et al. (2006), analyzed the global observed change in daily temperature

and precipitation climate extreme during 1951-2003. The temperature extremes showed

the widespread significant warming changes, especially for daily minimum temperature

extreme indices driven by daily minimum temperature. The result highlights that

the significant decrease in annual occurrence of cool nights and a significant increase in

annual occurrence of warmer nights over the 70 % of global land. In case of precipitation

extremes, it shows the significant increasing but the changes are much less and having

the tendency towards the wetter condition throughout the 20th century.

Kang et al. (2007), have used the six multi-model outputs for statistical downscaling

predictions of station-scale precipitation in Philippines and Thailand. In this study, the

analysis reveals the atmosphere dynamics linkage based on the observed data than

model data. The result shows the observed linkage provides a robust basis for predictor

selection and its ranges. A movable window is used to select the most sensible area

within the range of predictors to avoid spatial shift of predicted field away from observed

climate for downscaling.

Donat et al. (2013), have presented 17 temperature and 12 precipitation indices

recommended by Expert Team on Climate Change Detection and Indices (ETCCDI)

using HadEX2 dataset. The suggested indices are derived from daily maximum and min-

imum temperature and precipitation observations. The results showed the widespread

and significant warming trends related to temperature extremes, especially for min-

imum temperature indices over the 110 years with strong trends in recent decades.

Precipitation indices are showing significant trends but the changes are more spatially
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heterogeneous compared with temperature changes. On global scale, there is a ten-

dency towards wetter condition for most of the precipitation indices such as intensity,

frequency and duration of precipitation is increased.

Sillmann et al. (2013a), have studied the performance of state-of-the-art global cli-

mate models of CMIP5 for simulating the climate extremes defined by ETCCDI and

compare with previous phase CMIP3 for present scenarios. The spread amongst CMIP5

models for several temperature indices is reduced compared to CMIP3 models, despite

the larger number of models including in CMIP5. The result shows that the CMIP5

models are better to simulate the climate extremes and their trends. There is large

variation between reanalysis, which shows the uncertainties to the extremes simulation.

Sillmann et al. (2013b), have studied the performance of state-of-the-art global cli-

mate models of CMIP5 for simulating the climate extremes defined by ETCCDI and

compare with previous phase CMIP3 for future climate projections. They have analyzed

the change in indices at global and regional scale for 21st century as compared to ref-

erence period 1981-2000 and found that the minimum temperature extreme indices are

more pronounced than maximum temperature indices. Additionally, the precipitation

extremes are generally increasing with faster rate than total wet-day precipitation. In

the region, Australia, Central America, South Africa and the Mediterranean, the consec-

utive dry days are increasing with reduction in heavy precipitation days and maximum

consecutive 5 day precipitation, which indicates future intensification of dry conditions.

Under RCP8.5 scenario, the change in precipitation and temperature extreme indices

are more pronounced.

Duhan and Pandey (2015), have compared the three downscaling techniques namely,

multiple linear regression (MLR), artificial neural network (ANN), and least square
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support vector machine (LS-SVM) for development of models. The result indicates

that the LS-SVM models perform slightly better than ANN and MLR models. Than

LS-SVM models was used to predict the future temperature time series using Canadian

Coupled Global Climate Model 3 (CGCM3) simulation of A2 emission scenario for the

period 2001–2100. The projected scenarios are showing the increasing trend for both

maximum and minimum temperature. In addition, the minimum temperature will

increase with higher rate than maximum temperature.

Zhao et al. (2015), compared two different downscaling, Presim1and Presim2 meth-

ods to downscale the CMIP5 GCM outputs in China. The result highlights that the

accuracy of Presim1 is much better than Presim2 based on mean absolute error, mean

relative error and root mean square error. Presim2 method establishes regression model

based on the observed data and has tendency to over and under estimate the real values.

Vu et al. (2015), applied the ANN for rainfall downscaling, which is an established

technique with a flexible mathematical structure to identify the complex non-linear

relationships between input and output. The principal component analysis (PCA) used

to select the best correlated predictors for ANN training. The downscaled precipitation

shows the upward trends for rainy season over Bangkok by the end of the 21st century.

Also, showed that the strong increase in wet statistical indices in future.

Singh and Goyal (2016) conducted a study on change in climate extremes over

the Eastern Himalaya region using CMIP5 GCMs with their RCP scenarios. The large

variation in temperature and precipitation rates, intensities and frequencies during 1979-

2005, 2006-2030, 2041-2065 and 2076-2100. Also, there is a significant increment in

the average annual temperature rate for all climate stations. The diurnal variation

of temperature is decreased due to increase in minimum temperature after 2030. A
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significant geographical variation was observed in temperature datasets.

Impact of Climate Change on Water Resources

The impact of climate change would be more severe on the terrestrial and fresh water

ecosystems over the 21st century under different climate scenarios (IPCC, 2014). The

availability of water for agriculture, hydropower projects and human consumption is

very less and demands are high, so can no longer be taken for granted. Various factors

such as ground water depletion (Gleeson et al., 2012), climate change and population

increase (Vorosmarty et al., 2000) and snow and glacier melt (Bolch et al., 2012; Im-

merzeel and Bierkens, 2012) have been documented as contributors for potential water

scarcity.

Vorosmarty et al. (2000), presented a high-resolution geography of water use and

availability and analyzed the vulnerability of water resources to climate change, popula-

tion growth and mitigations. The authors concluded that the major increase in relative

demand is much higher and world will face the substantial challenges to water resources

and associated water services. Where most of the developing countries will face large

increase in relative demands. Furthermore, they have concluded that the future global

change in population and economic development will tell us about the relations between

water supply and demand to climate change. To secure a more complete picture of fu-

ture water vulnerabilities, it will be necessary to consider interactions among climate

change and variability, land surface and groundwater hydrology, water engineering and

human systems, including societal adaptations to water scarcity.

Mujumdar and Ghosh (2008), assess the impact of climate change on water re-

sources by downscaling of GCM. Also, characterize the GCM uncertainty associated
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with lack of knowledge about underlying geophysical process and future scenarios. The

fuzzy clustering and relevance vector machine (RVM) is applied to project monsoon

streamflow from three GCMs with two greenhouse emission scenarios. The result in-

dicates that the reduction in probability of occurrence of extreme high flow events in

future. Furthermore, the authors concluded that the reduction in Mahandai stream

flow is likely to pose a major challenge for water resources engineers in meeting water

demands in future.

Allamano et al. (2009), studied the impact of global warming on flood risks in

mountain regions and concluded that the mountain basins are at high risk of frequent

occurrence floods in future than past due to global warming. The change in both

precipitation and temperature seems to be responsible for temporal trend of discharge

over the mountain regions. But in the very high elevated (>2000 m) watersheds are lees

influenced by temperature increase; those are almost exempt from the effect of small

shift of temperature region because they remain always above the freezing level. They

also introduced the assumptions that the flood runoff is directly proportional to liquid

precipitation and the related proportionality coefficient is not changing with climate

change.

Dai et al. (2009), studied the projection of stream flows and result reveals that the

large variation in yearly streamflow for most of the larger rivers, where about one-third

of the top 200 rivers (including Congo, Mississippi, Yenisei, Parana, Ganges, Columbia

and Niger) show the significant increasing trend during 1948-2004. The inter-annual

variation are correlated with El Nino–Southern Oscillation (ENSO) events for discharge

in to the Atlantic, Pacific, Indian, and global ocean as a whole. Precipitation is a major

driver for the discharge trends and large intra-annual to decadal variations.
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Li et al. (2011), conducted a study on effect of temperature change on water dis-

charge, sediment and nutrient loading using soil and water assessment tool (SWAT)

modeling and resulted that the relative variation of discharge with temperature was

small. Whereas the sediment and nutrient loading showed increasing trend with in-

creasing temperature over the lower Pearl River basin. In addition, the warming can

reduce the vegetation cover, resulting intensifies the water and soil loss.

Immerzeel and Bierkens (2012), discussed the impact of climate on Asian water

towers. These water towers are the major source for irrigation, hydropower projects

and human demands. The Indus River basin is the most vulnerable to change in

water availability and strongly dependence on glacier melt and ground water together.

Whereas, the Ganges River basin is at an intermediate risk also the increasing projection

in precipitation and less dependence on glacier melt. In the Brahmaputra River basin,

during monsoon season the river basin is risk in terms of occurrence of extreme rainfall

and see-level rise, resulting severe flooding.

Mondal and Mujumdar (2015), assessed the impact of climate change on regional

hydrology and water resources systems in terms of water availability, irrigation demands

and water quality. Climate change is inherently linked with hydrological processes, and

can alter the regional water resources system. For example, change in temperature can

change the precipitation pattern resulting change in water availability, evapotranspira-

tion, water demands for vegetation and climate extremes of floods and droughts. This

includes the description of methodologies developed to address uncertainty associated

with human-induced emission and multiple climate models.

Lutz et al. (2016), analyzed the impact of climate change on the upper Indus hy-

drology and concluded that the future’s water availability is highly uncertain in the
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long run, mainly due to the large spread in precipitation projections. The long term

water availability, basin-wide pattern and trends of seasonal shifts in water availability

are still consistent for different climate scenarios. There is a shift in annual hydrograph

attenuation and summer peak flow towards the other seasons. Additionally, the increase

in frequency and intensity of hydrological extremes (discharge) are expected for most

of the upper Indus basin.

2.3 Bivariate Analysis of Climate Extremes

Change in climate extremes is the one of the most important aspect for global climate

change (Easterling et al., 2000). The climate extremes are crucial driver of meteoro-

logical and hydrological hazards e.g. floods, drought and heat waves etc. (Li et al.,

2015). Previously, analysis of climate extreme events using univariate techniques is

well documented (Mearns et al., 1984; Katz and Brown, 1992; Colombo et al., 1999;

Boo et al., 2006). Therefore, the many hydrological and meteorological studies require

joint probability distributions of climate extremes, to represent the joint behavior of

extreme events (Zhang and Singh, 2007). Generally, the hydrological processes are

highly stochastic and univariate techniques may underestimate and/or overestimate

the risk associated with events. Therefore, several researchers focused on multivari-

ate analysis of hydro-meteorological variables (Snyder, 1962; Grimaldi and Serinaldi,

2006; Renard and Lang, 2007; Westra et al., 2007) to understand the joint behavior of

hydro-meteorological events. Yue (2001) used the bivariate extreme value distribution

with Gumbel marginal to investigate the joint probability distribution of the annual

maximum rainfall intensity and amount. In these studies, the precipitation variables

having the same marginal distribution, due to this assumption copula is considered as
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an important tool for bivariate analysis of climate extremes. For multivariate frequency

analysis, copulas are becoming important tool due to its flexibility and no assumption is

needed (Favre et al., 2004). Copulas are widely used in different fields such as finance,

medicine, hydrological and other civil engineering etc. (Salvadori and De Michele, 2004;

Zhang and Singh, 2006, 2007; Wang et al., 2010; Zhang et al., 2012, 2013; Li et al., 2015;

Chen et al., 2016), this could improve the existing knowledge of process of various ex-

treme events and provides more information for events prediction.

Favre et al. (2004) used the multivariate hydrological frequency analysis using copu-

las. The applied methodology was used for two different problems of hydrology. Firstly,

they assessed the combine risk in the framework of frequency analysis using four copulas

on peak flow of Peribonka watershed, Quebec Canada. Secondly, joint modeling of peak

flow and volume using three copulas in Rimouski River watershed, Quebec Canada.

Zhang and Singh (2006) used the copula methods for bivariate flood frequency

analysis in terms of flood peak and volume, and flood volume and duration. The copula

is used to calculate the conditional return periods for hydrologic design. The result

highlights that the copula-based distributions were found to be in better agreement

with plotting position-based frequency estimate than other distributions.

Zhang and Singh (2007) have studied the joint distribution of rainfall frequency

distribution using Archimedean Copulas and compared among them. The results sug-

gested that the copula methods need no assumptions for bivariate analysis. They also

determined the joint and conditional return periods for rainfall data from the Amite

River basin in Louisiana, United States.

Kao and Govindaraju (2010) suggested that the current drought information based

on indices do not capture the joint behavior of hydrologic variables. In order to address
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this limitation, copula is used to characterize the droughts from multi variables. Further,

a joint deficit index (JDI) is defined by using the distribution function of copulas to

provide the probability based drought status. This JDI also provides the emerging

and prolonged drought status with month-by-month drought in future. In addition,

JDI allows the construction of inter variable drought index, where precipitation and

streamflow marginal dependence structure is preserved.

Wang et al. (2010) have applied tri-variate copula-based modeling for annual ex-

treme rainfall events based on the 15-min time series precipitation data at 12 station

of state of Connecticut. Three characteristics (volume, duration and peak intensity)

are modeled using multivariate copula. The weights are assigned using kernel function

whose bandwidth is chosen by cross-validation in terms of predictive log-likelihood. The

result provides the comprehensive knowledge on design storms and risk assessment in

Connecticut.

Zhang et al. (2012) studied the joint probability and changing characteristics (spatio-

temporal) precipitation extremes across Xinjiang, Chine using copula. The Kolmogorov

–Smirnov (K-S) test was used to select the best marginal distributions and Akaike

Information Criterion (AIC) was used to select best fit copula. From the observation, it

is observed that the north Xinjiang is wetter then south Xinjiang; more co-occurrence

of heavy and weak precipitation extremes over the area of Tianshan Mountains and in

eastern part of the Xinjiang, indicating the higher risk of co-occurrence of floods and

droughts. Further, after 1980, Xinjiang having the tendency of occurrence of heavy

precipitation extremes severely and frequently.

Zhang et al. (2013) evaluated the spatio-temporal pattern of precipitation extremes

in Chine using copula for the period of 1960-2005. The result indicates that the
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north China having wetting tendency as increasing/decreasing number of consecu-

tive rainy/non-rainy days, whereas drying tendency is observed in Yellow River basin,

Huaihe River basin, and Haihe River basin. The intensification of precipitation ex-

tremes in south China is reflected as decrease in number of rainy days and increase in

number of consecutive dry days, indicating that the south China will be at higher risk

of droughts.

Li et al. (2015) presented the future joint probability behavior of precipitation ex-

tremes in terms of flood and drought hazards across China. To accomplish this study,

five Earth System Models (ESMs) with historical, RCP2.6 and RCP8.5 scenarios from

Coupled Model Intercomparison Project Phase 5 (CMIP5) datasets are analyzed to

examine future (2021-2050 and 2071-2100) joint probability behaviors of precipitation

extremes in China. To understand the joint probability behavior, joint return period

based on six precipitation extremes are calculated. Joint return period represents the

co-occurrence of extreme heavy and weak precipitation as well as heavy precipitation

events in terms of defined extreme combinations. The result showed that there is less

co-occurrence of consecutive wet and dry days and more joint extreme heavy precipita-

tion events with various aspects, which indicates that the less risk of co-occurrence of

floods and droughts in the same year but higher rick of floods in China in future. While

north China may face higher risk of co-occurrence of floods and droughts in same year.

Gomez et al. (2016) have used the seasonal copula for glacier discharge analysis at

King George Island, Antarctica. In this study, they have proposed the used time-varying

copula to analyze the relation between air temperature and glacier discharge, which is

clearly non-constant and non-linear with time. Also they have proposed a methodology

to generate missing year hydrological discharge data which were not possible to measure
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accurately.

2.4 Inventory of Glacial Lakes and Parameters

2.4.1 Glacial Lake Inventory

As per the International Centre for Integrated Mountain Development (ICIMOD),

glacial lakes are defined as the sufficient water mass existing and extending with a

free surface in, under, beside and/or in front of a glacier originated by glacier activities

such as retreating of glacier (Shrestha et al., 2017). The global climate change is the

one of the most key factor for shrinkage and retreat of glaciers all around the world and

Himalayan region is no exception. The modified glaciated environment can cause the

formation of glacial lakes and expansion of their size (Ives et al., 2010).

In mountain terrain, the glacial lakes are an indicator of vulnerability and glacier

change, many of them can become the unstable as their size and volume increases

and can create hazards to downstream locations (Gardelle et al., 2011). Worni et al.

(2013) studied the glacial lakes inventory in the Indian Himalaya to assess the risk

and outburst probability with potential outburst magnitude for three of critical lakes

from Jammu and Kashmir, Himachal Pradesh and Sikkim. The glacial lakes situated in

Jammu and Kashmir and Himachal Pradesh was found to moderate risk for downstream

location, whereas the lake in Sikkim severely threatens the downstream locations. The

numbers of new glacial lakes are formed and increased existing one in size over last

five decades, many examples have been recorded in the Nepal, Bhutan, China, Tibet,

Canada, USA and India (Ives et al., 2010). The lakes located at the glacier snout

are mainly dammed moraine, these moraine high tendency to breach, such lakes can

cause of flash floods at the downstream areas (Jain et al., 2012). Therefore, systematic
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inventory and assessment of glacial lakes is important to reduce the possible glacier

hazards in terms of risk of GLOFs. The detailed field and remotely senesced survey of

individual lake would be useful to assess the glacial lake parameters and its vulnerability

(Richardson and Reynolds, 2000; Fujita et al., 2009). In case of Himalayan region, it

is not possible to assess all glacial lake for field investigation, therefore the application

of remote sensing would be useful tool to explore the glacial lakes and its vulnerability

(Worni et al., 2013).

Fujita et al. (2009) studied the recent change in Imja glacial lake Khumbu region,

Nepal Himalaya using remote sensing images and bathymetry. The in situ observation of

glacial lakes are required because the insufficient accuracy of remotely sensed datasets.

From the field observation it is found that the expansion of a glacial lake in terms of

volume has occurred not because of melting of bottom ice under deposited debris, but by

the calving of a glacier terminus. The Imja glacial lake is still threaten for downstream

peoples and environment in terms of GLOF potential. Monitoring of glacial lake area

using remote sensing as well as in situ observations would be useful for anticipate GLOF

risk.

Jain et al. (2012) utilized the IRS LISSIII remote sensing data for the years 2004,

2006 and 2008 to map the glacial lakes in Garwhal Himalaya. Total 91 glacial lakes

were found in the year 2008 and out of them 45 glacial lakes having surface are more

the 0.01 km2. The area of largest lake is 0.193, 0.199 and 0.203 km2 in the year 2004,

2006 and 2008, respectively, indicating that the area of lake is increased about 0.01

km2 from 2004 to 2008. The result shows that the no lake is potentially vulnerable

to outburst. Additionally, MIKE11 model is used for assessment of GLOF dynamics,

largest lake is selected for GLOF study with 40, 60 and 80m breach widths.
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Worni et al. (2013) investigated the first area-wide glacial lake inventory and found

251 glacial lakes >0.01 km2 in the five states of Indian Himalaya. The three glacial

lakes were selected from different geographical and climate regions for detailed risk

assessment. The application of remote sensing imageries, field observations and use of

dynamic model are applied to evaluate the lake outburst probability, potential outburst

magnitude and associated damage from the glacial lake. The glacial lakes analyzed

and found Jammu and Kashmir and Himachal Pradesh lakes are present moderate

risk for downstream location, whereas Sikkim’s lake severely threatens the downstream

locations.

Rai and Mishra (2017) presented a study, identification of change in glacial lakes

over the Chandra Basin and surrounding of Himachal Pradesh, India, using Landsat

multispectral and ASTER-DEM remote sensing datasets. The temporal change de-

tection is done for the years 1989-2013, Landsat TM data for 1989 and 2009, ETM+

data for 2001 and OLI-TIRS data for 2013 were analyzed for glacial lakes and glacier

boundaries change detection. The result indicated that about 19% of glacial lakes are

increased their size over the region. Furthermore the snow and glacier covered are in

the same period is reduced from 1,317.39 to 1,125.59 km2.

Rounce et al. (2017) studied the identification of hazard and risk associated with

glacial lakes in Nepal Himalaya using satellite imagery. Total 131 glacial lakes are

identified in Nepal Himalaya in 2015 having surface area more than 0.1 km2. The glacial

lake hazard assessment includes moraine stability, mass entering the lakes and expansion

of glacial lake in next 15-30 years. The hazards and impacts on downstream were

combined to assess the risk associated with each lakes, where 11 lakes are at very high

risk and 31 lakes are at high risk. The potential flood volume was also estimated and
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used to prioritize the glacial lakes that are the highest risk, which included Phoksundo

Tal, Tsho Rolpa, Chamlang North Tsho, Chamlang South Tsho and Lumding Tsho.

Shrestha et al. (2017) have presented the decadal glacial lake changes in Koshi basin,

Central Himalaya using Landsat images for the years 1977, 1990, 200 and 2010. The

glacial lake inventory result exhibits that in the year 2010 about 2168 glacial lakes are

present with the total area of 127.61 km2 and average size of 0.06 km2 over the Koshi

basin. Out of these lakes, about 47% were moraine dammed lakes, 34.8% bedrock

dammed lakes and 17.7% ice dammed lakes. Over the region, number of glacial lakes

and their areal extend increased consistently from 1160 to 2168 and 94.44 to 127.61

km2, respectively, in last 33 years (1977-2010) with the overall growth rate of 86.9%.

Total 42 glacial lakes having area more than 0.2 km2 are rapidly increasing between

1977 to 2010 over the Koshi basin, which need to be more attention to monitoring in

the future and to identify how critical they are in terms of GLOF.

2.4.2 Glacial Lake Outburst Parameters

Applications of remote sensing approaches are most suitable for glacial lake detection,

but, they are of limited use for modeling processes (Huggel et al., 2002). There are

number of empirical models to complement the remote sensing application results. In

case of glacier lake hazards, the volume of glacial lake rather than surface area of

glacial lake must be known to estimate the actual potential flood discharge during

outburst. There is no possible way to directly estimate this parameter from remote

sensing data despite a number of efforts to perform mapping of surface water and depth

measurements from satellite imagery. To calculate the glacial lake depths from remote

sensing based bathymetric, it requires the establish relationship and large number of
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glacial lakes over the poorly known high mountainous regions, due to this reason this

approach is not feasible for assessment of glacial lake hazards (Baban, 1993). Therefore,

the empirical relationships are more suitable to calculate the glacial lake parameters

such as depth, volume and potential discharge. A relationship between lake area and

lake volume of the Central Oregon Cascade Range derived as (Cook and Quincey, 2015).

The volume of lake is:

V = 3.114A = 0.0001685A2 (2.1)

This relationship is used by Mckillop and Clague (2007) for prediction of GLOF

hazards in British Columbia. Then, Huggel et al. (2002) developed empirical relations

based on glacial lake area and mean depth with bias correction, the suggested equations

are:

The mean depth (D) of lake is:

D = 0.104A0.42 (2.2)

The lake volume (V) is calculated as:

V = 0.104A1.42 (2.3)

Also, similar expression was defined by the Canadian Inland Water Directorate for

glacier-dammed lakes as:

V = 0.035A1.5 (2.4)

Where, A is the surface area of lake, D is the mean depth of lake and V is the

volume of lake. The relations suggested by Huggel et al., 2002 has been used by many
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researchers such as Mergili et al. (2011); Huggel et al. (2004); Jain et al. (2012).

Baban (1993) established a bathymetric regression empirical relations and compared

and evaluated their performance in mapping with other developed equations. The

developed equation is compared with previously developed equations. The comparison

of bathymetric map with actual depth map indicates that the each of the algorithms

was statistically significant and accurate. Also they have recommended, Benny and

Dawson algorithms for further use.

Froehlich (1995) developed new empirical expression for estimating the peak outflow

width and time of breach from the breached embankment dam. The following developed

relations are:

Dm = 55A0.25 (2.5)

B = 0.1803K0V
0.32
w h0.19w (2.6)

tf = 0.00254V 0.53
w h−0.9w (2.7)

Qp = 1.77h2.5w (2.8)

Dm = mean depth (m)

A = Area of lake (m2)

B = Average breach width (m)

Vw = Volume of water stored above breach invert level at failure (m3)

hw = Height of breach (m)
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K0 = 1.4 for overtopping and 1.0 for piping

tf = Failure time in hours

Qp = Peak outflow (m3/s)

Huggel et al. (2002) have assessed the glacier hazards in terms of glacial lake out-

burst using remote sensing and empirical relations in Swiss Alps. The three scale level

integrating approach includes remote sensing, existing empirical relationships and val-

idating with observations of recent outburst events is used for critical glacial lakes.

Remote sensing includes channel indexing, data fusion, and change detection. And

empirical relations are evaluated and compare with available datasets. They have also

generated a list of decision criteria, those are essential to evaluate the glacier hazard

potential of a glacial lake.

Huggel et al. (2004) assessed the glacial hazards over the Swiss Alps with considera-

tion of glaciological, geomorphological and hydraulic principles together with experience

gained from previous events. An approach has been used to assess the maximum event

magnitude and probability of occurrence using empirical relationships derived for Swiss

Alps and other mountain regions. The probability of occurrence of glacial hazards

is difficult, therefore the probability is defined in terms of qualitative and systematic

indicators e.g. dam type, geometry and freeboard of glacial lakes.

Mckillop and Clague (2007) have provided s framework for preliminary assessment of

glacial lake outburst flood hazards in southwestern British Columbia. This framework

include the remote sensing applications and existing empirical relations to estimate

the peak discharge, maximum volume, maximum travel distance, maximum area of

inundation, and probability. The procedure applied in three case studies and shows the
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glacial lake outburst flood hazards varies with major change in glacial lake.

Budhathoki et al. (2010) have developed empirical relations between depth-area and

area-volume using statistical models. For development of these relations observed data

of lake depth, area and volume are used from different literatures. The areas of Imja

glacial lake for different years are estimated using satellite images and prepare the map

of lake. Further, documented a list of selection criteria to identify the potential hazards

of Imja glacial lake. The developed empirical relations are:

V = 0.094A1.453 (2.9)

and

D = 0.94A0.453 (2.10)

Where, A is the Area of lake, D is the depth of lake and V is the volume of lake.

From the analysis of empirical relations and remote sensing applications, it is found

that the Imja glacial lake is at moderate risk of outburst.

Fujita et al. (2013) developed a single index to calculate the potential flood volume

(PFV) of glacial lakes over the Himalayan region. The index is based on the depression

angle from the lakeshore and steep lakefront area (SLA) concept and validated on five

lakes in Nepal, Bhutan and Tibet using remote sensing data before these lakes expe-

rienced an outburst flood. The PFV is defined as the maximum volume of floodwater

that could be released if the lake surface was lowered sufficiently to destroy the SLA.

Than they have calculated the PFVs for more than 2000 Himalayan glacial lakes using

ASTER DEMs. This PFV approach allows to identify the potential hazardous lake for

further field investigations. PFV is the product of minimum value of Hp or Dm and
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surface area of glacial lake (A).

PFV = min[Hp or Dm].A (2.11)

Where, Hp is the possible lowering height during glacial lake outburst, A is surface

area of glacial lake and Dm is the mean depth of glacial lake.

Babu Govindha Raj et al. (2013) assessed the glacial lake hazards using remote

sensing application and also assess the probability of occurrence of lake outburst using

moraine-dammed lake outburst probability model developed by Mckillop and Clague

(2007). The remote sensing data (CORONA to LISS-III) shows the glacier receded

about 1.9 km in between 1962-2006 and formed a moraine-dammed glacial lake at the

snout of South Lhonak glacier, Sikkim Himalaya. The formed glacial lake outburst

probability is about 42%, peak discharge is estimated using empirical equation.

Cook and Quincey (2015) have used the empirical relationships to estimate the

volume of Alpine glacial lakes. The used relationships are based on the notion of lake

depth, area and volume, and validated these relationships by evaluating the existing

global database of glacial lakes (depth, area and volume). The result exhibits that the

relation between lake depth and area are not well correlated but the relation between

lake area and volume are well correlated. Additionally, develop a conceptual mode

based on the volume of lakes with increasing area.

2.5 Hydrological Modeling

The Himalayan glaciers are the one of the most important sources of water supplies for

Indian rivers such as Ganges, Brahmaputra, Indus and Teesta etc. Therefore, the effect

of climate change on glaciers as melt water will alter the runoff over the glacierized
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catchments (Chen et al., 2017). Thus the knowledge of spatiotemporal distribution

of water on the surface, sub-surface and groundwater is most important for sustain-

able management of water resources and mitigation plans from natural hazards such

as flooding (Wang et al., 2011). A hydrological model serves as essential tool for water

resources management. A several hydrological models have been developed to under-

stand the various hydrological responses. In the glacierized river catchments, many

hydrological models have been used, but there is a lack of focus in the glacier discharge

modeling (Chen et al., 2017). Hydrological models are classified as empirical, conceptual

and physical based model. Empirical model are based on the empirical equations e.g.

unit hydrograph, ANN etc. Conceptual models are also called parametric or grey box

model, represents complex, spatially variable, hydrological processes in watershed and

mathematical expression e.g. MIKE11 NAM, HBV model and TOPMODEL etc. The

physical based model resents all hydrological processes based on the physical governing

equations e.g. SWAT and MIKESHE model etc. (Chen et al., 2017).

Impact of climate change on water resources and associated natural and man-made

systems have received scientific attention especially at the watershed scale (Mondal and

Mujumdar, 2015). A term watershed hydrology, defined as the branch of hydrology that

deals with the integration of hydrologic processes at the watershed scale to determine

the watershed response in terms of water budget, moisture conditions, environmental

flow, overland flow, sub-surface flow and groundwater etc. (Singh and Woolhiser, 2002).

The effect of climate change on watershed scale is important because of the physical

links between hydrological cycle and climate systems can influence the hydrological

components as well as streamflow (Mondal and Mujumdar, 2015). Therefore, hydrolog-

ical modeling is needed to overcome the issues. The change in climate is expected which
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can alter the hydrological processes in the form of high intensity and high volume runoff

(Ghosh and Dutta, 2012). Therefore, the accurate predictions of watershed parameters

are necessary to assess future changes (Singh and Woolhiser, 2002).

Madsen (2000) formulated an automatic calibration of a conceptual rainfall-runoff

model (MIKE11 NAM), where the calibration includes optimization of multiple objec-

tives such as overall water balance, shape of hydrograph, peak discharge and low flows.

Significant trade-offs between different objectives are observed and found that there is

no single set of parameter is able to optimize all the objectives simultaneously. The

optimal parameter sets provides a large variability, resulting in a large range of “equally

good” simulated hydrographs. A balanced aggregated objective function is proposed,

which gives the compromise solution with equal weights to different objectives.

Shamsudin and Hashim (2002) simulated the rainfall-runoff for Layang River using

MIKE11 NAM model. The runoff discharge was simulated for the years 1988-2000 and

found peak discharge in 1992 and 1995 with values of 20.94 m3/s and 18.93 m3/s,

respectively. The performance MIKE11 NAM model was evaluated based on the Effi-

ciency Index (EI) and Root Mean Square Error (RMSE).

Thompson et al. (2004) applied the coupled approach of MIKE SHE and MIKE11

modeling for lowland wet grassland in southeast England. They have developed a pro-

cedure to evaluate evaporation from ditches which could not be represented dynamically

within MIKE11. The model results are consistent with observed data and replicated the

seasonal dynamics of groundwater and ditch water. There are improvements which can

bypass the MIKE SHE flow routing to represent more accurately macro-pore flow asso-

ciated with sol cracking and swelling. Dynamic calculation of evaporation from ditches

would enhance the model efficiency to explore alternative water level management and
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climate change scenarios.

Abbaspour et al. (2007) have used the SWAT model to simulate the related processes

which are affect the water quality, sediment and nutrient loads at a watershed scale.

Further, SUFI-2 was used for calibration and uncertainty analysis, which is the interface

of SWAT. The uncertainty is calculated at 95% prediction and d-factor performed to

assess the goodness of calibration. The d-factor is the ratio of the average distance

between the above percentiles and the standard deviation of the corresponding measured

variable. They have concluded that SWAT model is feasible for flow and transport

simulator.

Wang et al. (2011) have applied the Coupled Routing and Excess STorage model

(CREST) to simulate the spatial and temporal variation of land surface and sub-surface

water fluxes. The CREST model includes distributed rainfall-runoff generation and

cell-to-cell routing, coupled runoff generation and routing; and sub-grid cell variability

of soil moisture storage capacity and sub-grid cell routing. The coupled approach of

runoff generation and routing allows detailed information of hydrological variables. This

research presents the model development and its applicability for Nzoia basin, Lake

Victoria Africa.

Ghosh and Dutta (2012) studied the climatic effects on flood characteristics over

the Brahmaputra River basin and tributary scale by utilizing macro-scale distributed

hydrological model (DHM). The performance of DHM is evaluated based on the predic-

tion of flood characteristics such as peak discharge, flood duration, arrival time of flood

wave, timing of the peak flow and number of flood waves. Firstly, the DHM is validated

and bias-corrected, than used for projection of flood waves using future-projected me-

teorological scenario from a regional climate model (RCM). Result indicates that the
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there is significant increase in simulated peak discharge and flood duration for both

pre-monsoonal and monsoonal seasons, whereas reduction in number of flood waves per

season. They have concluded, it is expected that there will be more catastrophic flood

under the projected climate change scenarios.

De Paiva et al. (2013) presented a hydrologic and hydrodynamic modeling of the

Amazon River basin using MGB-IPH model with remote sensing applications. MGB-

IPH is the physical based model which solves all the hydrological processes and a gully

1-D hydrodynamic module used. SRTM digital elevation model is used to extract the

flood plain geometry parameters. The result indicates that the model is more sensitive

to precipitation forcing and flood plain parameters. Most of the errors occur in westerly

region because of poor quality TRMM rainfall dataset in the mountainous areas. They

have concluded that the hydrological processes of Amazon governs by terrestrial water

storage (TWS) changes about 56%, followed by soil water 27% and ground water 8%.

Additionally, floodplains play a major role in flow routing, while backwater effects are

also important to delay and attenuate flood waves.

Nayak et al. (2013) demonstrate the potential application of conceptual, data driven

and wavelet based computing approach for rainfall-runoff modeling for Malaprabha

basin in India. The model performance ware evaluated based on the statistical ap-

proaches such as Nash–Sutcliffe efficiency (NSE) coefficient and root mean squared

error (RMSE). The results were compared and found that the wavelet based computing

approach (wavelet neural network, WNN) performs better than data driven (artificial

neural network, ANN) and conceptual (MIKE11 NAM) model in estimating the hydro-

graph characteristics.

Singh et al. (2013) performed hydrological streamflow modeling in Tungabhadra
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River Basin utilizing SWAT model and SWAT CUP (Calibration and Uncertainty Pro-

gram). The sequential uncertainty domain parameter fitting algorithm (SUFI-2) and

generalized likelihood uncertainty equation (GLUE) of SWAT CUP used with multiple

sets of parameter and allow to use within the slight limitation of the model structure

in boundary conditions and field observations. The performance of SUFI-2 and GLUE

was evaluated based on the statistical parameters namely P-factor, R-factor, coefficient

of determination R2 and Nash–Sutcliffe (NS). The result indicates that the observed

and simulated discharges are significantly correlated at 95% confidence level (95PPU).

Mishra et al. (2014) performed an experiment to understand the effect of watershed

slope on rainfall generated runoff and the runoff curve number (CN) using a field plot

in Roorkee India. The field plot is covered with maize and sugarcane, where soil falls

in the Hydrological Soil Group C. The result highlights that the generation of largest

runoff for plot of 5% slope and CN compared with those the plot of 3% and 1% slope for

same rainfall, soil and land use. The slope adjusted CN-valued showing the significant

improvement at 5% of slope.

Amir et al. (2015) presented a methodology for flood modeling to assess the impact

of climate change in the large river basin (Fitzroy basin) using hydrological and hy-

drodynamic modeling with Geographic Information System (GIS) applications. They

have developed the five flood scenarios to analyze the historical floods with conserving

three climate change impacts; upstream sub-catchments flooding, local rainfall fluctua-

tions and sea level rise. The hydrological model used to generate the discharge dataset

for different climate scenarios over the Fitzroy basin; then integrate the hydrologic-

hydrodynamic model, where outputs of hydrologic model are used as upstream bound-

aries. Using this approach, the peak flood level, peak flow and flood inundation duration
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is identified at Rockhampton city. GIS are used for watershed delineation and cross-

section generation.

Wang et al. (2016) analyzed the influence of climate change on discharge characteris-

tics over the alpine valley watershed Xinjiang, China using MIE11 NAM rainfall-runoff

model. Further, Bi-Gaussian functions are used to characterize the sensitivity of runoff.

The result indicates that there are significant correlations and synchronous variations

between runoff and precipitation, evaporation and temperature. Precipitation is the

influential factor that effects the runoff than other climate variables. The simulated

runoff from MIKE11 NAM model shows the change in annual runoff which is related to

initial climate condition. Annual runoff will have the increasing trend if it has a strong

sensitivity to the initial meteorological condition. Additionally, the runoff has negative

relationship with evaporation, whereas it has a positive relationship with temperature

and precipitation.

Chen et al. (2017) have applied hydrological modeling to understand the response

of meltwater over the glacierized catchments of central Asia and discussed the limita-

tion of other available models and future challenges and directions. From the analysis,

the conclusion was that the main sources of uncertainty in assessing the regional hy-

drological impacts of climate change are unreliable and incomplete as well as lack of

understanding of hydrological regimes over the glacierized catchment of central Asia.

The quantification of response of hydrological processes is essential for both climate

change scenarios and glacier melting.
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2.6 Relative Change and its Impact on Annual Runoff

Climate change and global warming are becoming an immense important issue in the

field of hydrology is last few decades (Immerzeel and Bierkens, 2012; Kääb et al., 2012).

The intensification of the water cycle at a global scale due to global climate change has

led to increase in evaporation and precipitation across the globe. Along with climate

change, human interactions have also disturbed the global water cycle by withdrawing

groundwater, surface water and changing land cover (Findell et al., 2007). Therefore,

water availability assessment is essential for a wide range of applications and is sub-

stantially determined by the partitioning of precipitation into evapotranspiration and

runoff and climate forcing (Zhang et al., 2004; Immerzeel and Bierkens, 2012; Greve

et al., 2015). The hydrological responses of a catchment which are affected by veg-

etation processes, but the it is difficult to develop models that can be used to make

predictions at the catchment scales because the lack of understanding of interaction be-

tween the processes and data availability (Zhang et al., 2004). The diminishing water

supply and variability in the dynamics of hydrological cycle prove the sensitiveness of

river basins in India to climate and LULC change. Therefore it is important to analyze

the contribution of climate and anthropogenic activities to changes in runoff generation

(Jiang et al., 2015) . To assess the water-energy balance, there are number of global

and regional land surface models such as hydrological modeling, statistical methods and

Budyko framework, but the Budyko framework is the robust approach to evaluate the

water-energy balance (Williams et al., 2012; Xu et al., 2013). The Budyko framework

is a simple but effective tool for assess the linkages between land surface and climatic

factors to characterize the water and energy cycles at catchment scales (Xu et al., 2013).
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This framework has been applied globally because of their simple calculation and inclu-

sion of physical mechanisms (Yang et al., 2007; Williams et al., 2012; Xu et al., 2013;

Wang and Tang, 2014; Greve et al., 2015; Jiang et al., 2015; Zhang et al., 2015; Gao

et al., 2016).

Zhang et al. (2004) have estimated the annual mean evapotranspiration from a

catchment using a rational function approach, where precipitation and potential evap-

otranspiration play primary role and catchment characteristics such as soil, topography

etc. play secondary role. The dryness index is used to estimate the mean annual

evapotranspiration, which is the ratio of mean annual potential evapotranspiration to

precipitation. Over 470 catchments with long-term precipitation, potential evapotran-

spiration and runoff were used and found modeled results are similar to observed mean

annual evapotranspiration (taken as difference between precipitation and runoff). The

result highlights that the dryness index is most significant to determine the mean annual

evapotranspiration. Also, suggested that the forested catchment tend to show higher

evapotranspiration than grassed catchment, indicating that the catchment characteris-

tics are the sensitive parameter over the regions.

Yang et al. (2007) have presented spatial and temporal variability of annual water-

energy balance using Budyko hypothesis over the 108 non-humid catchments of China.

They have derived the Fu’s formula using Budyko hypothesis and optimized with yearly

water balance and calibrated with long term mean water balance. The result shows that

this derived equation can be used to predict the inter-annual variability of water balance.

Also, have proposed an empirical formula for catchment parameter. This empirical

equation can predict both long-term mean and annual actual evapotranspiration and

inter-annual variability of runoff accurately. This Fu’s equation can also be used for
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predicting the annual water balance in ungauged basin. Xu et al. (2013) also have

used Fu’s equation to quantifying water availability partitioning of precipitation into

evapotranspiration and runoff. The universal model was developed to predict water

energy using Fu’s equation from one form of Budyko framework. This developed model

would enhance the capability of Budyko framework for water availability assessment at

global scale.

Zhan et al. (2014) quantified the change in annual runoff due to climate change and

human activities over the Wei River basin, China. Over the Wei River basin, there

is dramatic change in surface runoff over the last 51 years (1958-2008). The climate

change and anthropogenic activities are the two main factors for dramatic change (de-

crease) in surface runoff over the Wei River basin, China. Additionally, they developed

an improved climate elasticity method based on the original climate elasticity method

and found that the climatic impact contribute 37–40% and human activities contribute

60-63% to the decrease in runoff from original climate elasticity method. The results

of the improved climate elasticity method show that the climatic impacts and human

activities contribute 22-29% and 71-78% to runoff decrease, respectively. This implies

that the improved climate elasticity method has a better mechanism than original meth-

ods. Further, Jiang et al. (2015) also analyzed the impact of climate change and human

activities on runoff changes using Budyko equations with time-varying parameters. A

Budyko-type equation is proposed based on four single-parameters to separate the im-

pact of climate change and human activities on runoff during 1960-2009 in Weihe River.

The result indicates that the climate change is the primary driving factor to decrease

in runoff over the Weihe River, whereas human activities are secondary factor.
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Greve et al. (2015) introduced a probabilistic Budyko framework to estimate this

partitioning as a function of the prevailing climatic conditions. They have extended

Budyko framework by using specific probabilistic estimate of water availability, which

accounts the non-linearity of the underlying phase space. This new approach allows to

estimate the predictability of water availability that is related to climatic conditions

and catchment characteristics. The result supports the practical experience of low

predictability catchment runoff under changing climate.

Zhang et al. (2015) have analyzed the effect of snow-ratio on annual runoff using

Budyko framework over the 282 catchments across China. The result shows that the

decreasing snow-ratio decreases the annual runoff for a given total precipitation. Using

Budyko framework, they developed an empirical equation to evaluate the relationship

between snow-ratio and annual runoff based on the water-energy balance. Result indi-

cates that annual runoff in northwestern mountainous and northern high latitude areas

are sensitive to snow ratio change. The developed model is capable to easily quantify

the effect of possible changes in snow-ratio on water resources and their vulnerability

to climate change.

Gao et al. (2016) assessed the impact of climate variability and land used land cover

(LULC) change on hydrological responses. The elasticity method was used to quantify

the streamflow and runoff coefficient responses to various deriving factor over the 15

catchment of Loess Plateau, China during 1961-2009. The elasticity of streamflow and

runoff coefficient in terms of precipitation, potential evapotranspiration and catchment

characteristics were analyzed using Budyko framework. The catchment characteristics

are main factors to affect the hydrological responses in water-limited and humid re-

gion and climatic condition play important role where catchment characteristics had a
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greater impact. The LULC and production contribute 64.75% and 41.55% to decrease in

streamflow, respectively, while LULC and production contribute 75.68% and 32.06% to

decrease in runoff coefficient, respectively. In addition, streamflow and runoff coefficient

increase about 64.75% and 41.55% due to decrease in potential evapotranspiration.

2.7 Hydrodynamic Modeling and Glacial Lake Outburst

Floods (GLOFs)

Floods are the one of the most disastrous natural event in the world, which can cause

huge damage. In India several floods have been experienced, those are flooded from the

Himalayan rives during monsoon season (Pramanik et al., 2010). The main causes of

flood in India are the low carrying capacity of rives due to poor drainage system, poor

flood management practices and sedimentation. Therefore, proper flood management

plans are needed to minimize the losses from flood. The hydrodynamic modeling can

be an important tool to minimize the losses; as it provides the spatial and temporal

variation of flow, water depth, velocity and water level etc. using St. Venant equations

(Wang et al., 2000; Gottardi and Venutelli, 2004; Pramanik et al., 2010). Models such as

MIKE 11HD, HEC-RAS and LISSFLOD-FP have been categorized as hydraulic models,

which use the above numerical methods to compute flow and water level at different

grid points along the rivers (Gottardi and Venutelli, 2004; Wang et al., 2006; Pramanik

et al., 2010). Recently, the integration of geographical information system (GIS) with

hydraulic models (HEC-GeoRAS, MIKE11 GIS and Water RIDE FLOOD) are used for

river hydraulic computation (Dutta et al., 2000). The hydraulic models such as MIKE

11, HEC-GeoRAS etc. coupled with GIS, use the extracted river geometry (cross-

sections) from digital elevation model (DEM) (Worni et al., 2013). The geometry of
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rivers is used in hydraulic models to compute the flow, water level and water depth. In

this research work, MIKE11 HD model used for hydrodynamic modeling. MIKE11 HD

is 1D fully hydrodynamic model is capable to forecast long term water level, discharge

and flood area with their water velocities in large scale as well as small scale river

watersheds (Thompson et al., 2004; Jain et al., 2012; Thakur et al., 2016).

The Himalayan regions are largest concentration of glaciers outside the polar re-

gion (Bajracharya et al., 2007b). There are numbers of major rivers originate from

Himalayas; they provide headwater for these rives, which serves water to one-third of

humanity. From the previous studies, it is clearly indicated that the Himalayan glaciers

are retreating with an unprecedented rate in recent decades. This causes important

change in river discharge and has impact on hydropower, agriculture and drinking pur-

poses. Additionally, the retreating of glaciers is the evidence of glacial lake formation

and its growth, which increase the risk of glacial lake outburst floods (GLOFs) (Ives

et al., 2010; Somos-Valenzuela et al., 2015b). These glacial lakes are potentially threat

for human lives, properties and environment in terms of GLOFs (Watanabe et al.,

2009). GLOFs are the phenomena which can release huge volume of water in short

time duration generating high-velocity, high-discharge and deep flow with high erosive

and damaging ability (Clague and Evans, 2000; Breien et al., 2008) and is considered

as the essential glacier-related hazard in terms of potential damage (Osti and Egashira,

2009). Therefore, the assessment of GLOF dynamics at regional scale is needed to

prepare the effective flood and water management strategies.

Clague and Evans (2000) reviewed the catastrophic drainage of moraine-dammed

lakes in British Columbia and found most of the lakes are formed in high mountains due

to glacier retreats. There are many glacial lakes, those are susceptible to outburst be-

47

TH-2186_146104038



Chapter 2. Literature review

cause they are steep sided, having low width-height ratios, poorly sorted sediment and

contain ice cores and interstitial ice. The failure of moraine dams generated the dam-

aging floods; the magnitudes of these events are much larger than normal stream flow.

Dam characteristics, volume of stored water in dam, failure mechanism and downstream

topography are the main controlling factors for peak discharge. 20th century climate

warming is also responsible for recent moraine dam failures in mountains throughout

the world.

Breien et al. (2008) documented erosion and morphology of a debris flow result-

ing from a glacial lake outburst floods in Fjaerland, Western Norway in 8 May 2004.

During outburst the debris flow increases the flow volume with the range of 25000 to

240000 m3 before depositing about 3 km from its starting point. Airborne laser scan-

ning (LIDAR) and aerial photograph with field investigation used to describe the flow

condition. Erosion and bulking was the noticeable feature over the study region.

Osti and Egashira (2009) evaluated flow behavior of Tam Pokhari glacial lake out-

burst flood occurred in Mt. Everest region, Nepal using hydrodynamic modeling under

rigid and erodible boundary conditions. The calculated hydrograph had a peak flood

discharge of 10000 m3/s, was routed through the Inkhu River. The morphologic changes

along the river were also analyzed and the results were compared with satellite images,

field observations and recorded data. The result reveals that the GLOF event pro-

duced the huge amount of debris; about 440000 m3 of sediment deposited about 14

km downstream from the lake. The estimated flood peak with debris was found about

30000 m3/s at 14.4 km from lake, which is about 6 time as compare to observe in rigid

boundary condition.

Worni et al. (2012) reconstructed the glacial lake outburst caused by the failure
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of the terminal moraine of Ventisquero Negro (Patagonian Andes, Argentina) in May

2009 using flied evidence and dynamic dam break modeling. The result exhibits that

the main cause of failure of lake was rise in lake level due to heavy precipitation. The

lake volume which is about 10 x 106 m3 was drained out in 3 hours with the peak

discharge of 4100 m3/s with debris cover.

Jain et al. (2012) presented the glacial hazards in terms of GLOF over the Garwhal

Himalaya, India. The remote sensing dataset (IRS LISSIII) and hydrodynamic model-

ing MIKE11 used to assess the GLOF dynamics. IRS LISSIII data for the years 2004,

2006 and 2008 have been used for glacial lake mapping and found total 91 glacial lake

in the year 2008, out of them 45 glacial lakes having area more than 0.01 km2. The

vulnerability of glacial lakes were analyzed and found no lake is vulnerable to outburst.

Instead of this, biggest glacial lake (area is about 0.203 km2) selected for GLOF routing

using MIKE11 with 100-year return period flood. The results exhibits the flood peak

at the outlet of the catchment is to be 993.74, 1184.0 and 1295.58 cumec due to GLOF

only, 3274.74, 3465.0 and 3576.58 cumec due to GLOF and 100-year return period flood

together considering breach width of 40, 60 and 80 m, respectively.

Schneider et al. (2014) assessed the impact of glacial lake outburst floods from Lake

5013 Carhuaz, Peru due to an ice avalanches. Also, developed an approach to map

the GLOF hazards based on the modeling results and field observations. To model the

cascade of mass movement in 2010 RAMMS and IBER numerical models have been

used. Different avalanches scenarios have been defined based on the existing guidelines

and initial avalanches volumes of 450000, 1000000 and 3000000 m3.

Durga Rao et al. (2014) studied the Chorabari glacial lake outburst in Kedarnath,

India in 2013. The hydrological and hydraulic simulation was carried out over the
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Mandakini River to quantify the causes of flash floods and their impact. For lake breach

parameters, empirical relations are used which are suggested by Froehlich. Additionally,

10 m spatial resolution CARTO DEM used for flood inundation. The result reveals that,

the disaster occurred due to integrated of high intensity rainfall and sudden breaching

of lake. Das et al. (2015) also presented a study on GLOF at Kedarnath. Three DEM

(CARTO, SRTM and ASTER) were used to determine the physical parameters of lake.

The calculated parameter used to estimate the peak discharge in predictive empirical

equations. The results showed that at least 149 mm of rainfall in its 291-ha catchment

was required to fill up the lake, without considering any losses. During outburst, the

lake released about 0.43 x 106m3 water with the peak discharge of 1352 cumecs. Due to

this event creates disaster in the Kedarnath area with loss of human lives and economy.

Anacona et al. (2015b) reconstructed a moraine-dammed glacial lake outburst in

Engano valley, Chilean Patagonia that affected a small village in March 1977, by semi

structured interviews, interpretation of satellite images and 2D hydraulic modelling.

The result provides the insights of GLOF dynamics and planning issues that led to

socioeconomic consequences. The model result shows that the 12-13 x 106m3 amount

of water released with maximum depth of 1.5 m in Bahina Murta Viejo 26 km away

from lake. The flood was lasted for about 10 hour. Before the outburst the lake had

common failure characteristics such as lake was in contact with retreating glacier and

situated by a narrow-steep moraine.

Vilimek et al. (2015) evaluated the geomorphological impacts of the glacial lake

outburst from Lake No. 513 (Peru). The GLOF event occurred due to the volume

of ice-rock fall which is about 500000 m3 from 5450m to 5600 m. the basic landforms

and processes (erosion and accumulation) were investigated by field observations during
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2010 and 2011. Further, remote sensing dataset (1948, 1962, 1970 and 2010) were used

to identify the rate of de-glaciation and found about 1040 m glacier retreated in last 62

years with rate of 17 m/year. HEC-RAS model was used to evaluate the potential to

erosion and accumulation and compare with real situations (field investigations) after

the GLOF events showed.

Westoby et al. (2015) reconstructed a Dig Tsho glacial lake failure in Nepal using nu-

merical based dam-breach and 2D hydrodynamic modeling. To quantify the predictive

uncertainty in model output a generalized likelihood uncertainty estimation (GLUE)

framework were used. Multiple breach scenarios were produced using different param-

eters. Downstream routing of scenario-specific breach hydrographs showed that, there

are significant differences in the timing and extent of inundation. A GLUE framework

used to prepare the probabilistic maps of inundation extent, depth and hazard, which

provides the uncertainty in GLOF hazard assessment.

2.8 Conclusion of Literature Review

From the comprehensive overview of literature review, several studies have reported

that the climate change is influencing the global and regional hydrological cycle espe-

cially in the Himalayan region, resulting water scarcity in future. The average annual

temperature has been increased in 20th century and could be more in next century.

Climate extremes are also influencing the available water resources in terms of heavy

and low precipitation and glacier retreating. The retreating of glaciers is the sym-

bolic evidence of climate change, due to this number of glacial lakes are forming those

are threats for mountain communities. Therefore, the assessment of climate extremes

and glacier hazards are essential especially over the Himalayan regions. Based on the
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literature review following research questions are arise:

1. How the climate extremes are changing with time and space over the North Sikkim

Himalaya?

2. How many glacial lakes are appeared and disappeared in last few decades?

3. Is individual lake increasing/decreasing in North Sikkim area?

4. Does formation of glacial lakes of North Sikkim and their growth due to topo-

graphic controlling factors?

5. How many glacial lakes are imposing to glacial lake outburst floods (GLOFs)?

6. How GLOF will affect in downstream of Teesta River catchment?

To answer these questions an overall methodology has been adopted which includes

downscaling, glacial lake inventory, hydrological modeling and GLOF dynamics shown

in Figure 2.1.
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Figure 2.1: Overall methodology framework of the study
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CHAPTER 3

Study Area and Data Used

3.1 Study Area – Teesta River and its Major Tributaries

Owing to complex topography of the different parts of sub-Himalayan India, wind cir-

culation pattern and climatic response make it a global discussion issue. In India most

major rivers originate from Himalayan glaciers such as Ganga, Brahmaputra, Indus,

Sutlej and Teesta etc. Himalayan glaciers are the source of major rivers system in Asia,

which serves water to more than 1.3 billion people living in the downstream (Singh and

Goyal, 2016; Bajracharya et al., 2007b). Teesta River is also a Himalayan river, which

originates from the Tso Lhamo Lake, at 5033 m elevation in the North Sikkim. Pahunri

glacier, Khangse glacier and ChhoLhamo lakes are also considered as the sources of

Teesta River (Meetei et al., 2007; Singh et al., 2016). The river is formed by two

glacier-fed streams Lachen Chhu and Lachung Chhu meeting at Chungthang in North

Sikkim. After Chungthang junction, it increases its width with wide loop glowing down

to Singhik with elevation drops from 1550 to 750 m. The river flows about 309 km long

through the Indian state of Sikkim, joins the Brahmaputra River at Fulchori, Rangpur

district, Bangladesh. It is a snow-fed river which receives significant amount of melt
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water from glaciers as well as its streamflow runoff depends on the snow cover and

glaciers. Over the North Sikkim Himalaya, there are number of valley type glaciers in

the Teesta River catchment, among of them Zemu is the largest glacier (Krishna, 2005).

For this study, upper Teesta River catchment (up to Chungthang gauge location),

part of north Sikkim Himalaya, Sikkim India, has been considered as study area.

Lachung is one of the major tributary of Teesta River also the part of its catchment

selected for the study. Chungthang and Lachung are the two gauge stations, which

have been taken as outlet of the Teesta and Lachung River, respectively. The Teesta

River catchment is located between Latitudes 27◦30′ to 28◦30′N and Longitudes 87◦30′

to 89◦30′E in Sikkim Himalaya, Sikkim state of India (Figure 3.1). The study area

covers about 2587.4 Km2. The upper catchment is mostly covered with glacier and

snow, while lower catchment covered with forest and hard rocks (Krishna, 2005). The

area has predominant steep slopes, varying from 1449 m to 6869 m m.s.l and it has

different climatic variability which is characterized by different glacier response. The

study are is divided into seven sub-basins (SB), their characteristics are given in Table

3.1.
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Table 3.1: Geographic and topographic characteristics of study area at sub-basin scale

Sub-basins Lat. Long. Area (km2)
Max.

elev (m)

Min.

elev (m)

Chopta Valley (SB1) 28.035 88.704 238.46 6652 4714

Thangu (SB2) 27.969 88.556 265.02 6705 3777

Muguthang (SB3) 27.911 88.378 311.76 6868 4382

Lachen (SB4) 27.850 88.272 306.27 6679 3006

Yumthang (SB5) 27.777 88.401 721.8 7392 2612

Lachung (SB6) 27.801 88.802 269.03 6338 2675

Chugthang (SB7) 27.698 88.672 475.06 5442 1495

Figure 3.1: Map of study area with GCM grid points over the North Sikkim Himalaya
up to Chugthang
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Teesta River is a right bank major tributary of Brahmaputra River. The major trib-

utaries of Teesta River are: Rangit River, Talung Chhu River, Rongni Chhu River and

Rangpo Chhu River. The largest tributary of Teesta Rivers is Rangit River which origi-

nates from Rathong Glacier, West Sikkim and meets at the boarder of Sikkim and West

Bengal and its tributaries are Rathong Chhu, Kalej Khola and Rimbi Khola originates

from Talung glaciers, West Bengal. At Singhik, Talung Chhu River joins the Teesta

River as its tributary which originates from Talung glacier in the Khangchendzonga

range. The Rongni Chhu joins at Singtam and Rangpo Chhu River joins at Rangpo.

After this Teesta River gradually increases in width and joins major tributary Rangit

at the boarder of West Bengal. Then river moves across the Rangpo town where it

creates the boundary between West Bengal and Sikkim until it reaches Teesta Bazaar.

The major left and right bank tributaries of Teesta river basin are listed in Table 3.2.

Table 3.2: Major left and right bank tributaries of Teesta River

S. No.

Tributaries

Left-bank tributaries Right-bank tributaries

1. Lachung Chhu Rangit River

2. Chakung Chhu Rangyong Chhu

3. Dik Chhu Zemu Chhu

4. Rani Khola

5. Rangpo Chhu
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3.2 Hydro-meteorological Characteristics of Teesta River

Catchment

Sikkim Himalaya is having complex topography, wind circulation and climatic re-

sponses. It has various climatic belts such as sub-tropical, temperate and alpine zones

from south to north with respect to the altitudinal variation. The meteorological vari-

ables such as precipitation and temperature show high variability over the upstream

catchment of Teesta River due to its high altitude variations. This area in mainly in-

fluenced by south-west monsoon, which normally sets around mid-June and withdraws

by end of September. The upstream portion of Teesta River basin where precipitation

occurs as snowfall during winter and in the downstream portion, precipitation occurs

as rainfall during summer and snowfall during winter. In this study, the upstream por-

tion of Teesta River (up to Chugthang) is considered for research. The average annual

precipitation, maximum temperature and minimum temperature are about 2400 mm,

9.76◦C and 1.24◦C in the catchment, respectively during 1979-2005. The mean monthly

precipitation, maximum temperature and minimum temperature over the Teesta River

catchment (up to Chugthang) have shown in Figure 3.2. The catchment receives about

75% rainfall during monsoon season and highest in the months of July and August,

whereas maximum snowfall receives in the months of February and March. The both

maximum and minimum temperatures are highest in the monsoon months (June, July

and August) as shown in Figure 3.2. In addition, the mean daily relative humidity is

also significantly varying with the ranges of 63.9% to 88.7% over the selected catchment.
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Figure 3.2: Average monthly precipitation and temperature over the selected study
area during 1979-2005

3.3 Snow/Glacier Covers over the Teesta River Catch-

ment

To understand the hydrological responses over the glacier/snow faded catchment, the

assessment of snow/glacier cover is the important factor. The snow-cover types, glacier

characteristics and permanent snowline altitude would be a predominant factor to iden-

tify changes in hydrology of such high-mountain catchments (Krishna, 2005). According

to the state of environment –Sikkim (2007), the upstream portion of Teesta River is

full of permanent snow and glaciers, where 440.24 km2 are is covered by glaciers and

251.224 km2 are is covered by snow cover. Krishna (2005), also delineated number

of glaciers over the Sikkim Himalaya. Among them Zemu glacier is the largest one

followed by Talung, Changsang and others. The Talung has maximum relief which is

about 1350m followed by Zemu (1330 m), Tista Kangse (1000 m) and Tongshiong (900

m).
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3.4 Geography and Topography of Teesta River Catch-

ment

The upper portion of the catchment area of Teesta River is mostly covered with snow

and glaciers and lower portion covered with forest. The Teesta River exhibits large

variability in geography such as undulating elevated profile etc. The glacial and peri-

glacial deposition, uneven elevation dissected valleys, undulating plains and floodplains,

valley-side slopes and landslide slopes, forest, rich fauna and flora (Singh and Goyal,

2016; Meetei et al., 2007). The Teesta River has formed canyons and narrow valley

in Sikkim and highlands with Kalimpong hill. Along the river course, the vegetation

cover changes from high elevation zone alpine vegetation to lower elevation zone with

tropical deciduous vegetation. It has a rolling to highly hilly topography with maximum

elevation of 6869 m and minimum elevation is about 1449 m above mean sea level shown

in Figure 3.3.
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Figure 3.3: Elevation variations over the selected study area.

The landforms in the Teesta river basin is the result of continuous denudation and de-

position processes that are constantly modifying the newly formed land forms in the up-

per reaches existing land forms in the lower reaches. Based upon the geo-morphological

ecological and climatic regimes, Teesta basin in Sikkim can be demarcated into five

distinct geo-eco-climatic zones such as (2005) (DPR, 2005).

1. Sub-tropic zone up to 1000 m elevation (fluvial processes).

2. Warm temperate zone in between 1000 to 2000 m (fluvial processes).

3. Cold temperate zone in between 2000 to 2500 m (fluvio glacial and fluvial pro-

cesses).

4. Cold zone between 2500 and 4000 m (peri glacial, fluvial processes).

5. Frigid Zone above 4,000 m (glacial, peri glacial and fluvio glacial processes).
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The upper Teesta River basin is characterized by glacial, accumulation of debris, debris

avalanches and rock-glaciers. The middle and lower part of the basin is relatively

less slope and relatively subdued relief. Teesta and most of its tributaries flow with

high velocity and carry boulders and suspended sediment. The flow is turbulent and

characterized by high velocities throughout Sikkim.

The Teesta River, north Sikkim Himalaya shows a wide range of soil and vegetation

diversity. Figure 3.4 shows the LULC and Soil characteristics of Teesta River (up to

Chugthang). The soil map is taken from the Food and Agricultural Organization (FAO)

at 1.250000 scale and soil is divided into the three classes shown in Figure 3.4(a). The

land used and land cover (LULC) map is prepared from the IRS (Indian Remote Sensing

Satellite) LISS III sensor data sets for the period of 2014, it shows eight LULC classes

over the region Figure 3.4(b).

Figure 3.4: (a) Soil map (FAO, 2005) and (b) Land use and land cove (LULC) map of
study area.
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3.5 Data Used

3.5.1 Observed (1979-2005) Hydro-Meteorological Datasets

A high-resolution daily gridded precipitation (0.5◦×0.5◦) and daily gridded temperature

(1◦ × 1◦) datasets for the period of 1979 to 2005 (27 years) are available at the Indian

Meteorological Department (IMD) and Indian Institute of Tropical Meteorology (IITM)

India. This dataset is prepared from quality-controlled observed precipitation/rainfall

data from more than 1800 gauges and is increasingly being used in studies on the

Indian and Himalayan continents (Subash and Sikka, 2014). Additionally, at Lachung

and Chugthang gauge stations, daily observed discharge data sets were collected from

Central Water Commission (CWC), India for the years 1991 to 2005 and hence, utilized

for the study.

3.5.2 Global Climate Models (GCMs) and their Concentration Sce-

narios

Coupled Model Inter-comparison Project 5 (CMIP5) models employed by various re-

searchers to downscale various hydro-meteorological variables such as precipitation

and temperatures at regional scale (Taylor et al., 2012; Donat et al., 2013; Sillmann

et al., 2013b; Singh and Goyal, 2016). The CMIP5 (http://nomads.gfdl.noaa.gov/dods-

data/CMIP5/) provides GCM data for various surface and atmospheric variables for

different Representative Concentration Pathways (RCPs) scenario. In this study, three

CMIP5 models have been taken for analysis namely CM3, ESM2G and ESM2M with

three RCPs (RCP2.6, RCP4.5 and RCP8.5). The GCM datasets are at coarser spatial

resolution of 2◦ × 2.5◦. The RCP represents the radiative forcing values by the end of
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the year 2100, where, RCP2.6 is a low emission scenario, represents the radiative forcing

would reaches to peak at the middle of the century and decline to 2.6 W/m2 by end of

the twenty first century, RCP4.5 is a moderate emission scenario, the radiative forcing

will increase and then stable at the end of the century with 4.5 W/m2 and radiative

forcing in RCP8.5 increases throughout the 21st century before reaching the level 8.5

W/m2 (Taylor et al., 2012).

Total nine GCM grid points (2◦×2.5◦) surrounding by the study area were selected

with the most 15 relevant predictors. The GCMs are at coarser resolution, those are

not adequate for prediction of climate variables. Thus the downscaling technique (sta-

tistical downscaling model, SDSM) is used to downscale the GCM outputs at regional

scale (Wilby et al., 2002; Mahmood and Babel, 2013). For downscaling, the observed

dataset (1979-2005) used as predictant and National Center for Environmental Pre-

diction (NCEP) and National Center for Atmospheric Research (NCAR) Reanalysis

dataset used as controlled scenarios for present time as per the CMIP5 GCMs.

3.5.3 Remote Sensing Dataset

The basic suited material taken for the completion of glacial lake mapping includes

different remote sensing images and digital elevation model (DEM). LANDSAT remote

sensing images (30 m spatial resolution) for the years 1990, 2000, 2010 and 2014 were

used to delineate the glacial lakes and high resolution CARTOSAT DEM with 30 m

spatial resolution has been opted from the BHUVAN portal, Indian Space Research

Organization (ISRO), India. The DEM is used for better interpretation and calculation

of other parameters (e.g. potential flood volume and potential lowering height) of glacial

lakes. For clear identification of glacial lakes, satellite images should be cloud free and

65

TH-2186_146104038



Chapter 3. Study Area and Data Used

least snow cover (Jain et al., 2012). The LANDSAT satellite images area selected for

the months such as February and March during accumulation time and October and

November during ablation time, less than 10% cloud cover, used for the glacial lakes

mapping over the selected study area. The band details of LANDSAT remote sensing

datasets are shown in the Table 3.3.

Table 3.3: Band details of LANDSAT remote sensing sensor

Sensors Band No. Band Name Band Abbreviation

LANDSAT 7

Band 1 Blue B

Band 2 Green G

Band 3 Red R

Band 4 Near Infra-Red NIR

Band 5 Middle Infra-Red MIR

Band 6 Thermal Infra-Red TIR

Band 7 Short Wave Infra-Red SWIR

Band 8 Panchromatic Band PB

LANDSAT 8

Band 1 Coastal Aerosol CA

Band 2 Blue B

Band 3 Green G

Band 4 Red R

Band 5 Near Infra-Red NIR

Band 6 Short Wave Infra-Red 1 SWIR 1

Band 7 Short Wave Infra-Red 2 SWIR 2

Band 8 Panchromatic Band PB

Band 9 Cirrus Cirrus

Band 10 Thermal Infra-Red 1 TIR 1

Band 11 Thermal Infra-Red 2 TIR 2
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The CMIP 5 GCMs restricted to direct use of regional impact assessment because of

their coarse spatial resolutions and inability to resolve important sub-grid scale features

(e.g. clouds and topography) (Wilby et al., 2002). Therefore, the downscaling is the

important tool to create a bridge between regional and GCM scale (Mahmood and

Babel, 2013).

4.1 Downscaling

Dynamic and statistical downscaling are the two widely used tools to downscale pro-

jected scenarios of climate models. The statistical downscaling technique has been used

in this study. The statistical downscaling method provides the empirical/statistical

relations among the local and global scale variable. This technique is useful for nu-

merical weather prediction and synoptic climatology as well as for climate applications

(Mahmood and Babel, 2013). Before applying the downscaling technique, the GCM

grid-points have been re-gridded by constructing the combination of GCM grid-points

(Table 4.1). The construction of grid-points are based on physical (topographical char-
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acteristics such as elevation and land use land cover of area), climatological (climatic

variable/factors such as air temperature, relative humidity and wind velocity etc.) and

hydrological (rainfall-runoff characteristics) significances. Inverse distance weightage

approach, IDWA (Lu and Wong, 2008) was used to re-grid the GCM grid-points for

construction of combinations. For example combination 1 is the re-grid point which was

constructed with four GCM grid-points (1, 2, 4 and 5) as shown in Table 4.1 and Figure

4.1. Table 4.1 highlights the GCM grid-point locations along with the constructed com-

binations. Figure 4.1 show examples of how the combinations have been constructed

and map of wind circulation.

Firstly, total 14 GCM grid-point combinations are constructed based on the physical,

climatological and hydrological significances. Then based on the result analysis, total 7

combinations (shown in Table 4.1) are finalized. The main aim of re-gridding of GCM

grid-point or construction of GCM-grid-point combinations is to understand the large

area effect on climate variables (precipitation and temperature) over the region. The

climate variables (precipitation and temperature) are downscaled at the sub-basin scale,

while the results are analyzed at the catchment scale. Sub-basin scale results are not

showing significant difference therefore; the results are analyzed at the catchment scale.
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Figure 4.1: Map of wind circulation (left) and examples of constructed GCM-grid point
combinations (right).

Table 4.1: GCM grid-point locations and constructed combinations (Cs).

Combinations Combination ID Grid point location

Combination 1 C1 1,2,4,5

Combination 2 C2 2,3,5,6

Combination 3 C3 4,5,7,8

Combination 4 C4 5,6,8,9

Combination 5 C5 1,2,4,5,7,8

Combination 6 C6 2,3,5,6,8,9

Combination 7 C7 4,5,6,7,8,9

Statistical downscaling model (SDSM), which is a combination of stochastic weather

generator and multiple linear regressions, and developed by Wilby et al. (2002), was
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used to develop statistical relationship between GCMs climatic variables called “Pre-

dictors” and the local climatic variable called “Predictands”. SDSM can be classified as

a conditional weather generator in which regression equations are used to estimate the

parameters of daily precipitation and temperature rate and amount, separately, so it is

slightly more sophisticated than a straight forward regression model. SDSM performs

explained variance analysis, correlation matrix and scatterplot between the predictors

and predictands for selection of predominant predictors. Figure 4.2 shows the downscal-

ing steps to downscale GCM outputs. These steps include potential predictor selection

using cross-correlation techniques, calibration and validation of developed model using

observed datasets, projection of daily incident precipitation based on best calibrated

and validated models using CMIP5 datasets, bias correction of projected precipitation.

Figure 4.2: Overview of downscaling steps to downscale GCMs.
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4.1.1 Predictors Screening

The predictor selection is an important step for establishing regression models between

observed and controlled scenario datasets using multi regression analysis. From the

generated model negatively correlated predictors has been removed and remaining 15

re-analysis predictors (Table 4.2) were selected to check the best correlation between

observed and simulated precipitation. Three main statistical parameters (correlation

matrix, partial correlation, and p-value) has been calculated to select the potential

predictors for projecting precipitation and temperature (Gagnon et al., 2005). Firstly,

correlation matrix is developed between 15 NCEP predictors and predictands and then

highest correlated predictor is selected as super predictor (SP). Followed this, the ab-

solute partial correlation coefficient (P.r) is calculated with removing of effect of a set

of controlling random variables (SP). Then the other highly correlated predictors are

taken out in order to remove any multi-co-linearity. The correlation coefficient up to 0.7

between two predictors is acceptable. Additionally, percentage reduction in an abso-

lute partial correction (PRP) is calculated with absolute correlation for each predictors

(Mahmood and Babel, 2013). The PRP is calculated as:

PRP =
P.r −R1

R1
(4.1)

Where, PRP is the percentage reduction in partial correlation. P.r is the partial

correlation coefficient. R1 is the correlation coefficient between the predictor and pre-

dictand. The predictor having minimum PRP is selected as the second most suitable

predictor, which shows very less multi-co-linearity with SP. The third, fourth and so on

predictors could be selected by repeating the same procedure.
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Table 4.2: Re-analysis predictors used for screening process

S. No. Predictor Description Unit

1. pr Precipitation flux Kg.m−2s−1

2. prc Convective precipitation flux Kg.m−2s−1

3. tas Air temperature ◦K

4. tasmax Daily maximum air temperature ◦K

5. tasmin Daily minimum air temperature ◦K

6. rhs Relative humidity at surface %

7. rlds Surface Down-welling longwave flux in air Wm−2

8. sfcw Wind velocity at near surface ms−1

9. hfls Surface upward latent heat flux Wm−2

10. vas Northward wind near surface ms−1

11. psl See pressure level Pa

12. hfss Surface upward sensible heat flux Wm−2

13. rsds Surface Down-welling Shortwave Radiation Wm−2

14. uas Eastward wind near surface ms−1

15. rlus Surface upwelling long wave flux in air Wm−2

4.1.2 Scenario Generation

A regression model was prepared using observed precipitation and temperature (pre-

dictands) with NCEP controlled scenarios during 1979-2005. The dataset divided into

two parts for calibration (1979-1995) and for validation (1996-2005). The model per-
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formance is evaluated based on the root mean square error (RMSE), Nash-Sutcliff ef-

ficiency (NSE) (Nash and Sutcliffe, 1970) , and coefficient of determination (R2). For

the model calibration and parameterization, SDSM is developed on the monthly sub-

models. The conditional sub-model is used for maximum and minimum temperature

without any transformation and unconditional sub-model for precipitation with fourth

root transformations.

Nash-Sutcliff Efficiency

NSE = 1− Σn
i=1(TOi − TPi)

2

Σn
i=1(TOi − TO)2

(4.2)

Root Mean Square Error

RMSE =

√
Σn
i=1 (TOi − TPi)

n
(4.3)

Coefficient of determination

R2 =

 ∑n
i=1(TOi − TO)(TPi − Tp)(√∑n

i=1(TOi − TO)2
)(√∑n

i=1(TPi − TP )2
)


2

(4.4)

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. Furthermore, the calibrated and validated models

are used for generating the projected scenarios of precipitation and temperature for

the period of 2006–2100 for RCP scenarios RCP2.6, RCP4.5 and RCP8.5 using CMIP5

GCM outputs.
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4.1.3 Bias Correction

The main drawbacks of CMIP5 GCMs are the biases involved in it, which can lead to

insignificant impact assessment. Several methods of bias correction are used by many

researchers all around the world for hydro-meteorological variables (Mahmood and Ba-

bel, 2013). Thus, the removal of biases from the projected scenarios is important for

accurate impact assessment. In this study, following equations are used for precipitation

and temperature bias corrections suggested by Mahmood and Babel (2013).

Tdeb = TSCEN − (TCONT − Tobs) (4.5)

Pdeb = PSCEN ×
Pobs

PCONT
(4.6)

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.

4.1.4 Trend Analysis

There are many different ways in which changes in hydro- meteorological series can take

place. A change can occur abruptly or gradually (trend) or may take more complex
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form. Climate change is often recognized as a progressive trend. There are many

approaches that can be used to detect trends and other forms of non-stationarity in

hydro-meteorological data (Burn and Hag Elnur, 2002). The trend analysis of hydrologic

and meteorological data is one of the important aspects to determine a time dependent

variation in the time series. Mann-Kendall and Sen’s slope estimator are the two most

widely used methods for trend detection.

Mann-Kendall (MK) Trend Test

The non-parametric Mann-Kendall test (Mann, 1945; Kendall, 1948) 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. Trends were checked on the 95% confidence in-

terval. 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. 4.7):

S = ΣN−1
i=1 ΣN

j=i+1sgn(xj − xi) (4.7)

where N is the number of data points. Assuming θ = (xj − xi), the value of sgn (θ) is

computed as follows (Eq. 4.8):

sgn(θ) =



1 ifθ > 0

0 ifθ = 0

−1 ifθ < 0

(4.8)

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
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is conducted using following Eq. 4.10.

E[S] = 0 (4.9)

var(S) =
(N(N − 1)(2N + 5)− Σn

k=1(tk − 1)(2tk + 5))

18
(4.10)

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. 4.11):

Z =



S−1√
var(S)

ifS > 0

0 ifS = 0

(S+1)√
var(S)

ifθ < 0

(4.11)

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.

Sen’s Slope Method

If a linear trend is present in a time series, then the true slope (change per unit time)

can be estimated by using a simple non-parametric procedure developed by Sen (1968)

Qi =
xj − xk
j − k

(4.12)

Where xj and xk are data values at times j and k (j >k) respectively. The Sen’s

estimator of slope is the median of these N values of Qi. A positive value of Qi indicates

an increasing trend and a negative value indicates a decreasing trend in the time series.
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4.2 Precipitation Downscaling

The above discussed methodology has been applied on Teesta River catchment. A

prepared regression model was used for scenario generation. Firstly, most suitable pre-

dictors are selected based on the statistical parameters, those are generated between

observed and controlled scenario dataset. For precipitation model, the RMSE, R2 and

NSE values for calibration are 15 to 35 mm, 0.75 to 0.84 and 0.70 to 0.76 for different

GCM grid-point combinations and sub-basins. The validation results of RMSE, R2 and

NSE are 18 to 38 mm, 0.71 to 0.78 and 0.70 to 0.75 for different combinations and

sub-basins. Based on these statistical parameters, the most predominant predictors

are: air temperature (tas) super predictor, daily minimum air temperature (tasmin),

convective precipitation flux (prc), daily maximum air temperature (tasmax), relative

humidity at surface (rhs) and surface down-welling long-wave flux in air (rlds). After

calibration and validation, the developed model is used to project the precipitation

scenarios for 21st century time scale for different GCMs and their RCP scenarios. The

climate variables (precipitation and temperature) are downscaled at the sub-basin scale,

while the results are analyzed at the catchment scale. Sub-basin scale results are not

showing significant difference therefore; the results are analyzed at the catchment scale.

Figures 4.3, 4.4, 4.5 show the precipitation projections for different scenarios and com-

binations. The 2nd combination shows the higher projection than other combinations

and precipitation is showing significantly steep increasing slope after 2050 for all sce-

narios and combinations as shown in Figures 4.3, 4.4, 4.5. Additionally, trend detection

for different scenarios was analyzed using Mann Kendall and Sen’s Slope methods. The

result shows the significant increasing trend (at 5% significant level, Z = ±1.96) under
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RCP4.5 and RCP8.5 scenarios of three GCMs, whereas under RCP2.6 CM3 also pro-

jecting significant increasing trend as shown in Table 4.3. The CM3 model projecting

higher range of precipitation as compare to ESM2G and ESM2M model. Table 4.3

indicated the annual precipitation trend (Z- statistics and slope) for GCMs and their

RCP scenarios for 2006-2100 time scale.
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Figure 4.3: Projected annual precipitation for all combinations of ESM2G with RCPs,
where Cs’ are combinations.
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Figure 4.4: Projected annual precipitation for all combinations of ESM2M with RCPs,
where Cs’ are combinations.
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Figure 4.5: Projected annual precipitation for all combinations of CM3 with RCPs,
where Cs’ are combinations.

81

TH-2186_146104038



Chapter 4. Future Projections and Climate Extremes

Table 4.3: Annual precipitation trend (Z-statistics and slope) for three GCMs with
their RCPs over during 2006-2100 at 5% significance level, where Cs’ are combinations

ESM2G Parameter C1 C2 C3 C4 C5 C6 C7

RCP2.6
Z value 1.41 -0.91 -0.59 -1.04 -0.75 -0.39 -0.21

Slope 0.37 -0.28 -0.13 -0.27 -0.19 -0.11 -0.04

RCP4.5
Z value 4.93* 6.14* 4.19* 2.80* 3.56* 5.03* 2.43*

Slope 1.43 2.32 1.17 0.76 0.88 1.60 0.71

RCP8.5
Z value 7.02* 10.32* 7.66* 6.48* 7.12* 9.91* 7.25*

Slope 2.34 6.20 2.69 2.18 2.20 5.28 2.39

ESM2M Parameter C1 C2 C3 C4 C5 C6 C7

RCP2.6
Z value 2.43* -0.62 1.20 0.44 2.12* 0.23 1.81

Slope 0.64 -0.21 0.35 0.15 0.53 0.06 0.44

RCP4.5
Z value 5.47* 7.12* 5.01* 3.47* 4.38* 6.26* 4.21*

Slope 1.54 2.72 1.43 1.18 1.15 2.36 1.16

RCP8.5
Z value 7.93* 10.55* 8.43* 7.02* 7.66* 9.18* 7.49*

Slope 2.99 5.76 2.64 2.49 2.46 4.39 2.72

ESMCM3 Parameter C1 C2 C3 C4 C5 C6 C7

RCP2.6
Z value 6.40* 6.18* 7.07* 6.53* 6.33* 5.85* 7.34*

Slope 2.47 2.04 2.86 2.46 2.57 1.81 2.84

RCP4.5
Z value 7.07* 8.37* 8.12* 8.38* 8.09* 8.07* 8.53*

Slope 4.10 5.27 4.57 4.29 4.40 4.56 5.02

RCP8.5
Z value 10.49* 12.08* 10.48* 11.09* 10.64* 11.89* 11.01*

Slope 5.74 9.21 6.12 6.37 6.04 7.75 6.41

Note- * values show the significant increasing (+ve)/decreasing (-ve) trend.
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4.2.1 Inter-decadal Variability

The projected precipitation time series are divided into three inter-decadal time scale

such as 2021-2047 (20s), 2048-2074 (50s) and 2075-2100 (80s). The precipitation vari-

ability for 21st century and inter-decadal (20s, 50s and 80s) are also analyzed and

compare with observed precipitation (1979-2005) utilizing box-plots. Figures 4.6, 4.7,

4.8 indicate the box-plot result of GCMs and their RCP scenarios with observed pe-

riod. A box plot is a graphical interpretation of statistical data based on the minimum,

first quartile, median, third quartile and maximum, which provides the information

about the distribution such as skewness of dataset. The box-plot result exhibits that

the median value of projected precipitation is higher than historical time period for all

scenarios except RCP4.5 and RCP8.5 of CM3 model for 2021-2047 (20s). In case of

RCP8.5 CM3 during 2021-2047 number of outliers are more, especially for 2nd and 6th

combination (Figure 4.8). The variability in precipitation median value is more under

RCP8.5 scenario of 80s between the combinations (Figures 4.6, 4.7, 4.8).
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Figure 4.6: Annual variability observed, 21st century and inter-decadal precipitation of
ESM2G with their RCP scenarios.

Figure 4.7: Annual variability observed, 21st century and inter-decadal precipitation of
ESM2M with their RCP scenarios.
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Figure 4.8: Annual variability observed, 21st century and inter-decadal precipitation of
CM3 with their RCP scenarios.

4.2.2 Precipitation Extreme Indices

A set of climate extreme indices are selected to obtain insight into the inter-annual vari-

ability of precipitation over the region. The selected indices are suggested by the Expert

Team on Climate Change Detection and Indices (ETCCDI) (http://etccdi.pacificclimate

.org/list27indices.shtml) (Donat et al., 2013). The precipitation extremes are derived

from daily precipitation to evaluate the many aspects of global climate change which

include the frequency, intensity and duration of precipitation events. The precipitation

extremes make a comparison in the floods and droughts extension. The calculated in-

dices are listed in Table 4.4. The precipitation extreme indices are defined as; wet days

(WD), daily intensity (SDII), heavy precipitation days (R10), very heavy precipitation

days (R20), very wet day precipitation amount (R95p), extremely wet day precipita-

tion amount (R99p), consecutive wet days (CWD) and consecutive dry days (CDD). In
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addition, trends in precipitation extreme indices are assessed using Mann–Kendall test

and magnitude of change was estimated from Sen’s slopes to predict the rate of change

in precipitation and its extremes every year (Burn and Hag Elnur, 2002).

Table 4.4: Definition and description of precipitation indices used in this study

ID Descriptive name Indicator Definition Unit

WD Wet days
Annual count of days when

RR ≥1mm

days

SDII
Simple daily intensity

index

Average precipitation on

wet days

mm

/day

R10
Heavy precipitation

days

Annual count of days when

RR ≥10mm

days

R20

Very heavy precipit-

ation

days

Annual count of days when

RR ≥20mm

days

R95p
Very wet day

precipitation

Annual total precipitation when RR≥95th

percentile on wet days precipitation

mm

R99p
Extremely wet day

precipitation

Annual total precipitation when RR ≥99th

percentile on wet days precipitation

mm

CWD Consecutive wet days
Maximum number of consecutive

wet days

days

CDD Consecutive dry days
Maximum number of consecutive

dry days

days

The precipitation extremes such as WD, SDII, R10, R20, R95p, R99p, CWD and

CDD have been analyzed for different time scale (2006-2100, 2011-2040, 2041-2070 and

2071-2100). The extreme indices are divided into two categories e.g. intensity based

86

TH-2186_146104038



Chapter 4. Future Projections and Climate Extremes

and frequency based indices. The average trend in precipitation indices (frequency

based i.e. WD, R10, R20, CWD and CDD) for 21st century time series are shown in

Tables 4.5, 4.6 and 4.7 for ESM2G, ESM2M and CM3 models, respectively. Result

highlights that wet days (WD), heavy precipitation days (R10) and very heavy precip-

itation days (R20) are showing significant increasing trend under moderate (RCP4.5)

and extreme concentration (RCP8.5) scenarios. CM3 model projecting higher range as

well as showing significant increasing trend for all combinations and RCPs. ESM2G and

ESM2M model showing similar results, both are showing increasing trend in RCP8.5

and RCP4.5, whereas, no significant trend in RCP2.6. The CWD shows the increasing

trend for some of the combinations (Tables 4.5, 4.6 and 4.7), further, CDD are showing

no significant trend except some of the combination, where some combinations of CDD

are having decreasing trend.

The quantification result shows that the wet days (WDs) are decreased by 2 to 10%

during 20s, 50s and 21st century time period, whereas during 80s the WDs are increased

about 2% as compare to historical time period (1979-2005) WDs. During historical time

period the WDs are about 196 days. The heavy precipitation days (R10) and very heavy

precipitation days (R20) are increased for all projected time scale with the range of 16

to 48% and 3 to 50%, respectively as compared to historical period R10 (83 days) and

R20 (35 days). In addition, the heavy and weak precipitation in terms of consecutive

wet days (CWD) and consecutive dry days (CDD) are decreased for all projected sce-

narios as compare to historical time period. The CWDs are decreased about 45 to 65%

and CDDs are decreased about 28 to 49%, as the historical (1979-2005) average CWD

and CDD values are 55 days and 40 days.

Furthermore, the extreme indices such as SDII, R95p and R99p also have been ana-
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Table 4.5: Precipitation extreme indices trends (Z-statistics and slope) for ESM2G with
different RCPs during 2006-2100 at 5% significance level, where, C’s are combination.

Wet days

Scenarios Combination C1 C2 C3 C4 C5 C6 C7

RCP2.6 Z value 0.2 -0.1 -1.5 -0.9 0.9 1.0 -0.7

Slope 0.0 0.0 0.0 0.0 0.0 0.0 0.0

RCP4.5 Z value 3.3* 3.1* 2.4* 1.5 2.2* 2.9* 0.9

Slope 0.1 0.1 0.1 0.1 0.1 0.1 0.0

RCP8.5 Z value 4.0* 6.9* 2.4* 2.0* 1.7 7.1* 2.3*

Slope 0.1 0.4 0.1 0.1 0.1 0.4 0.1

R10

RCP2.6 Z value -1.2 -0.3 -1.5 -0.9 0.2 1.0 -0.9

Slope 0.0 0.0 0.0 0.0 0.0 0.0 0

RCP4.5 Z value 1.6 3.2* 2.9* 1.5 4.1* 3.3* 0.8

Slope 0.0 0.1 0.1 0.0 0.1 0.1 0.0

RCP8.5 Z value 4.9* 8.0* 4.2* 3.1* 3.4* 7.1* 3.6*

Slope 0.2 0.3 0.1 0.1 0.1 0.3 0.1

R20

RCP2.6 Z value 0.7 -0.5 -1.1 -1.1 -1.7 -0.7 -0.3

Slope 0.0 0.0 0.0 0.0 0.0 0.0 0.0

RCP4.5 Z value 0.7 1.8 1.7 1.0 2.5* 2.2* 1.2

Slope 0.0 0.0 0.0 0.0 0.1 0.1 0.0

RCP8.5 Z value 2.2* 7.5* 5.1* 2.5* 3.4* 6.4* 4.0*

Slope 0.0 0.2 0.1 0.0 0.1 0.2 0.1

CWD

RCP2.6 Z value -2.6* -0.4 0.3 -0.7 -0.4 -0.5 -1.3

Slope -0.1 0.0 0.0 0.0 0.0 0.0 0.0

RCP4.5 Z value -0.5 1.5 0.7 0.3 0.6 1.7 0.1

Slope 0.0 0.0 0.0 0.0 0.0 0.0 0.0

RCP8.5 Z value 0.6 4.8* 1.5 1.6 1.3 4.0* 2.8*

Slope 0.0 0.1 0.0 0.0 0.0 0.1 0.1

CDD

RCP2.6 Z value 0.3 0.3 1.7 0.0 0.3 0.3 1.6

Slope 0.0 0.0 0.1 0.0 0.0 0.0 0.1

RCP4.5 Z value 0.7 -1.8 0.3 -0.2 -0.2 -2.2* 0.6

Slope 0.0 -0.1 0.0 0.0 0.0 -0.1 0.0

RCP8.5 Z value -1.8 0.1 0.6 0.2 -1.3 -0.3 -0.1

Slope -0.1 0.0 0.0 0.0 0.0 0.0 0.0

Note- * values show the significant increasing (+ve)/decreasing (-ve) trend.
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Table 4.6: Precipitation extreme indices trends (Z-statistics and slope) for ESM2M with
different RCPs during 2006-2100 at 5% significance level, where, C’s are combination.

Wet days

Combination C1 C2 C3 C4 C5 C6 C7

RCP2.6 Z value 1.3 0.3 0.7 1.5 2.0* 1.8 1.1

Slope 0.1 0.0 0.0 0.1 0.1 0.1 0

RCP4.5 Z value 3.6* 4.8* 3.6* 2.9* 4.4* 4.2* 1.9

Slope 0.2 0.2 0.1 0.1 0.2 0.2 0.1

RCP8.5 Z value 4.1* 6.1* 4.2* 3.7* 3.9* 5.6* 4.5*

Slope 0.2 0.3 0.1 0.1 0.1 0.3 0.2

R10

RCP2.6 Z value 0.3 0.4 1.5 -0.1 1.4 1.1 1.3

Slope 0.0 0.0 0.0 0.0 0.0 0.0 0.0

RCP4.5 Z value 3.9* 3.8* 1.6 2.2* 3.1* 5.2* 1.8

Slope 0.1 0.1 0.1 0.1 0.1 0.2 0.1

RCP8.5 Z value 3.6* 7.6* 4.0* 4.3* 4.8* 6.5* 5.9*

Slope 0.1 0.3 0.1 0.2 0.1 0.2 0.2

R20

RCP2.6 Z value -0.6 -0.3 0.1 -0.2 0.6 -0.3 0.4

Slope 0.0 0.0 0.0 0.0 0.0 0.0 0.0

RCP4.5 Z value 1.4 3.0* -0.2 2.9* 2.7* 3.8* 1.8

Slope 0.0 0.1 0.0 0.1 0.1 0.1 0.0

RCP8.5 Z value 3.1* 5.5* 3.2* 2.5* 3.3* 6.7* 5.0*

Slope 0.1 0.2 0.1 0.1 0.1 0.2 0.1

CWD

RCP2.6 Z value -1.7 -1.1 1.1 1.3 -0.9 0.9 -0.5

Slope 0.0 0.0 0.0 0.0 0.0 0.0 0.0

RCP4.5 Z value 1.5 2.8* 1.0 -0.7 2.6* 3.2* 0.0

Slope 0.0 0.1 0.0 0.0 0.1 0.1 0.0

RCP8.5 Z value 0.8 3.7* 1.0 2.6* -0.4 3.8* 2.1*

Slope 0.0 0.1 0.0 0.1 0.0 0.1 0.0

CDD

RCP2.6 Z value -0.9 0.3 0.9 -0.2 0.1 1.0 -0.3

Slope 0.0 0.0 0.0 0.0 0.0 0.0 0.0

RCP4.5 Z value -2.2* 0.5 0.2 -1.5 -0.6 0.5 -0.7

Slope -0.1 0.0 0.0 -0.1 0.0 0.0 0.0

RCP8.5 Z value -2.6* 0.5 -1.6 -1.9 -0.2 2.2* -1.9

Slope -0.1 0 -0.1 -0.1 0 0.1 -0.1

Note- * values show the significant increasing (+ve)/decreasing (-ve) trend.
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Table 4.7: Precipitation extreme indices trends (Z-statistics and slope) for CM3 with
different RCPs during 2006-2100 at 5% significance level, where, C’s are combination.

Wet days

Combination C1 C2 C3 C4 C5 C6 C7

RCP2.6 Z value 5.3* 3.1* 4.6* 6.8* 5.9* 4.1* 5.7*

Slope 0.2 0.1 0.2 0.3 0.3 0.2 0.2

RCP4.5 Z value 5.4* 7.9* 7.0* 5.9* 6.5* 5.4* 8.0*

Slope 0.3 0.5 0.4 0.3 0.4 0.3 0.4

RCP8.5 Z value 7.3* 7.0* 8.1* 8.8* 8.3* 7.4* 9.1*

Slope 0.4 0.5 0.5 0.6 0.5 0.5 0.5

R10

RCP2.6 Z value 4.1* 2.7* 4.1* 5.4* 5.7* 3.3* 4.4*

Slope 0.1 0.1 0.2 0.2 0.2 0.1 0.1

RCP4.5 Z value 6.1* 7.4* 6.3* 5.2* 6.2* 6.0* 7.1*

Slope 0.3 0.4 0.3 0.2 0.3 0.3 0.3

RCP8.5 Z 7.6* 7.5* 8.6* 9.1* 7.8* 7.7* 8.7*

Slope 0.3 0.4 0.3 0.4 0.3 0.4 0.4

R20

RCP2.6 Z value 3.3* 0.9 2.5* 1.7 2.7* 3.3* 2.7*

Slope 0.1 0.0 0.1 0.0 0.1 0.1 0.0

RCP4.5 Z value 4.4* 7.8* 3.4* 3.7* 3.9* 6.3* 4.8*

Slope 0.1 0.3 0.1 0.1 0.1 0.2 0.1

RCP8.5 Z value 5.9* 7.0* 4.7* 6.7* 5.1* 7.1* 6.1*

Slope 0.1 0.3 0.1 0.2 0.1 0.3 0.2

CWD

RCP2.6 Z value 1.8 1.5 0.2 2.2* 1.0 2.5* 0.3

Slope 0.0 0.0 0.0 0.0 0.0 0.1 0.0

RCP4.5 Z value 1.8 5.7* 2.1* 2.3* 1.9 2.3* 3.7*

Slope 0.0 0.3 0.0 0.1 0.0 0.1 0.1

RCP8.5 Z value 4.1* 4.2* 3.4* 2.9* 3.1* 4.1* 3.7*

Slope 0.1 0.1 0.1 0.1 0.1 0.1 0.1

CDD

RCP2.6 Z value 0 -0.8 0.1 1.0 -1.4 0.5 -0.2

Slope 0.0 0.0 0.0 0.0 0.0 0.0 0.0

RCP4.5 Z value -0.8 0.6 -3.6* -1.3 -0.8 1.6 -4.3*

Slope 0.0 0.0 -0.1 0.0 0.0 0.0 -0.1

RCP8.5 Z value -1.1 -1.3 -0.2 -0.7 -0.9 0.8 0.1

Slope 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Note- * values show the significant increasing (+ve)/decreasing (-ve) trend.
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lyzed and found no significant change except some of the combination of extreme RCP

scenario (RCP8.5) in precipitation intensity (SDII). The changes in precipitation in-

tensities for different decadal time series are 1.28 to 2.25 mm/day for 20s, 1.35 to 2.09

mm/day for 50s, 1.65 to 2.87 for 80s and 1.51 to 2.32 for 21st century. The precip-

itation intensity is increased about 10 to 23% for different scenarios and time scale.

These changes are quantified with historical (observed precipitation intensity is about

12.17 mm/day during 1979-2005) time series. Additionally, R95p and R99p have been

quantified and found there is slight increase with the range of 0.5 to 17 % and 1 to 16%,

respectively.

4.3 Temperature Downscaling

The SDSM is also used to downscale GCM outputs of minimum and maximum temper-

ature over the study area. Firstly, most suitable predictors are selected based on the

statistical parameters, those are generated between observed and controlled scenario

dataset. For minimum temperature model, the RMSE, R2 and NSE values for calibra-

tion are 0.91 to 0.94 ◦C, 0.93 to 0.94 and 0.89 to 0.93 for different GCM grid-point

combinations. The validation results of RMSE, R2 and NSE are 0.94 to 1.04 ◦C, 0.89

to 0.92 and 0.87 to 0.91 for different combinations. In case on maximum temperature,

the RMSE, R2 and NSE values for calibration are 0.86 to 0.91 ◦C, 0.85 to 0.88 and 0.87

to 0.90 for different GCM grid-point combinations. The validation results of RMSE,

R2 and NSE are 0.89 to 0.98 ◦C, 0.81 to 0.86 and 0.84 to 0.87 for different combina-

tions. Based on these statistical parameters, the most predominant predictors are: air

temperature (tas) super predictor, daily minimum air temperature (tasmin), convective

precipitation flux (prc), daily maximum air temperature (tasmax), relative humidity at

91

TH-2186_146104038



Chapter 4. Future Projections and Climate Extremes

surface (rhs) and surface down-welling long-wave flux in air (rlds). After calibration

and validation, scenarios have been generated based on the developed SDSM model

for both maximum and minimum temperatures. Apart from this, Mann Kendall’s Z

and Sen’s slope, the two most commonly and widely used trend analysis methods are

applied. Before applying the Mann-Kendal’s and Sen’s Slope trend methods, the auto-

correlation test were used to check the correlation between time series and found that

there is no correlation in any time series. The trend analysis result shows that the

minimum temperature has significant rising trend for most of the months (Figure 4.9),

whereas maximum temperature shows the no significant trends except July and Decem-

ber months at 5% significant level. Figure 4.9 shows the observed (1979-2005) monthly

Z-statistics values of minimum and maximum temperatures with 5% significant level.

Figure 4.9: Trend analysis results (Z- Statistics) of minimum and maximum tempera-
ture for observed time series from 1979-2005.
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4.3.1 Minimum Temperature

4.3.1.1 Monthly variability of 21st century data series

The trend analysis methods are also applied on the projected scenarios from CMIP5

GCMs and their scenarios monthly basis. Result indicates the similar pattern as found

in observed monthly trend analysis results. The trend analysis result of CMIP5 model

and their RCP scenarios exhibits the rising trend in all months for RCP4.5 and RCP8.5

scenarios except some of the combinations (2nd and 6th) of January month. Figures

4.10, 4.11 and 4.12 show the monthly Z-statistics of minimum temperature with thresh-

old of 5% significance level. Under RCP2.6 of CM3 model projecting upward trend

for all months except some of the combination of January and February months. The

quantification of change in projected temperature ranged from -0.630◦C to 0.454◦C for

monsoon months, -0.863◦C to 0.95◦C for winter months and -0.756◦C to 0.488◦C for

spring months as compare to historical period. The maximum projected change found

in CM3 model in all months except January, September and December months and

minimum projected change in ESM2G model for all months and combinations.
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Figure 4.10: Trend analysis results (Z- Statistics) of minimum temperature for ESM2G
model with their RCP scenarios during 2006-2100.
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Figure 4.11: Trend analysis results (Z- Statistics) of minimum temperature for ESM2M
model with their RCP scenarios during 2006-2100.
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Figure 4.12: Trend analysis results (Z- Statistics) of minimum temperature for CM3
model with their RCP scenarios during 2006-2100.
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4.3.1.2 Monthly variability with inter-decadal time series

In this study, monthly variability with inter-decadal such as 2021-2047 (20s), 2048-

2074 (50s) and 2075-2100 (80s) time series have also been analyzed and quantified with

observed dataset (1979-2005). The results of projected scenarios showing huge variation

as compare to observed mean. The projection changes have been obtained with ranges

of -0.820◦C to 1.169◦C during June to September months, during October to February

months the range varies from -1.359◦C to 1.407◦C and during March to May month

the range varies from -0.980◦C to 0.939◦C. Additionally, there are huge variation in

median and standard deviation between observed and projected scenarios, especially in

the months of July and August. During winter (November, December and January)

months the median value has been decreased and during April and May month increased

for all combinations as compare to observed median.

4.3.2 Maximum Temperature

4.3.2.1 Monthly variability of 21st century data series

The trend results of projected maximum temperature have also been analyzed for all

scenarios as Z-statistics (Mann Kendall) at 5% significant level. The analysis result

shows that the maximum temperature is increasing under RCP4.5 and RCP8.5 scenarios

of ESM2G model for all months except monsoon months (June to September). Also

some of the combination (2nd and 6th) of January month showing decreasing trend and

RCP2.6 scenarios having no significant trend for all months as shown in Figure 4.13. In

case of ESM2M model similar pattern has been observed but some of the combination

such as 2nd, 3rd, 4th and 7th combinations of April months and 5th combination of

September month also showing significant increasing Figure 4.14. Further, CM3 model
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also showing similar pattern results with significant increasing/decreasing trends for all

RCP scenarios, except some of the combination of January, April and September months

as shown in Figure 4.15. The projection changes are estimated with observed mean

(1979-2005) with the ranges of -0.33◦C to 0.52◦C for June to September months, during

October to February months, range varies from -0.45◦C to 0.51◦C and during March

to May months, range varies from -0.41◦Cto 0.48◦C. Estimated maximum changes are

followed by extreme RCP scenario. The CMIP5 GCMs are showing similar pattern of

change but, from the observation it is found that the CM3 model is projecting higher

changes than other two models in all combinations.

4.3.2.2 Monthly variability with inter-decadal time series

Same as the minimum temperature we have deliberate inter-decadal (20s, 50s and 80s)

time series. The results of RCP scenario of three CMIP5 GCMs have large alteration

in projection change as compare to historical mean (1979-2005). The projection change

are obtained with ranges of -0.464◦C to 0.862◦C for June to September months, the

ranges from -0.786◦C to 0.851◦C for October to February months and the ranges from

0.668◦C to 0.575◦C for March to May months. The quantification result exhibits, the

maximum temperature is continuously increasing in the 21st century as well as in inter-

decadal time series, similar results already has been predicted by IPCC, AR5 (2014) for

the Indian Sub-continent. All projected scenarios are showing similar change pattern

except some of the months such as February month highlights the positive changes for

ESM2G model, whereas negative change for ESM2M and CM3 models in 20s and 80s.

During 50s and 80s having greater positive changes as compare to 20s, which indicates

area could be warmer in middle and end of the 21st century. The median value of
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maximum temperature is much higher than observed during summer months, while

less during winter months.
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Figure 4.13: Trend analysis results (Z- Statistics) of maximum temperature for ESM2G
model with their RCP scenarios during 2006-2100.
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Figure 4.14: Trend analysis results (Z- Statistics) of maximum temperature for ESM2M
model with their RCP scenarios during 2006-2100.
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Figure 4.15: Trend analysis results (Z- Statistics) of maximum temperature for CM3
model with their RCP scenarios during 2006-2100.
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4.3.3 Temperature Extreme Indices

A set of 10 climate extreme indices are selected to understand the inter-annual variabil-

ity of maximum and minimum temperature in Sikkim Himalaya. Daily maximum and

minimum temperature are used to estimate the all climate extreme indices. The tem-

perature extreme indices are also suggested by the ETCCDI (Donat et al., 2013). The

selected extreme indices of temperature make comparison in the warm and cold exten-

sions. The precipitation extreme indices are defined as; max Tmax (TXx), max Tmin

(TNx), min Tmax (TXn), min Tmin (TNn), frost days (FD0), ice-days (ID0), cool

nights (TN10p), cool days (TX10p), warm nights (TN90p) and warm days (TX90p),

and their description and definitions are listed in Table 4.8. Here, out of ten, five indices

are derived from daily minimum temperature and remains five are derived from daily

maximum temperature. Additionally, trend analysis applied on temperature indices

series for each months separately using Mann-Kendall’s and Sen’s Slope test.
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Table 4.8: Definitions of the extreme indices of cold and warm temperature.

ID Indicator Name Indicator Definition Unit

TXx Max Tmax Monthly maximum value of daily maximum temp oC

TNx Max Tmin Monthly maximum value of daily minimum temp oC

TXn Min Tmax Monthly minimum value of daily maximum temp oC

TNn Min Tmin Monthly minimum value of daily minimum temp oC

FD0 Frost days Annual count when TN(daily minimum)<0oC Days

ID0 Ice days Annual count when TX(daily maximum)<0oC Days

TN10p Cool nights Percentage of days when TN<10th percentile Days

TX10p Cool days Percentage of days when TX<10th percentile Days

TN90p Warm nights Percentage of days when TN>90th percentile Days

TX90p Warm days Percentage of days when TX>90th percentile Days

4.3.3.1 Minimum temperature extreme indices

The extreme minimum temperature indices such as Frost days (FD0), cool nights

(TN10p) and warm nights (TN90p) having significant and widespread warming trend.

There is large variation in inter-decadal time series as well. The first decade (20s)

showing positive change, while second (50s) and third (80s) showing negative projec-

tion change as compare to observed (1979-2005) shown in Tables 4.9, 4.10 and 4.11.

During 20s, raise in FD0 up to 7.9 days (3.92%) and TN10p 7.3 days (3.54%) but strong

reduction in TN90p about 21.3 days (53.99%) for extreme RCP scenario highlighted in

bold. Similarly, 50s and 80s having significant decrease in the FD0, TN10p and TN90p.

The maximum change during 50s, are -3.8 days for FD0, -2.2 days for TN10p and -
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20.1 for TN90p and during 80s, maximum changes are -11.1 days for FD0, 9.7 days for

TN10p and -19.2 days for TN90p. During observed time period (1979-2005), the values

of minimum temperature extreme indices are FD0 is 192 days, TN10p is 198 days and

TN90p is 43 days. Table 4.9, 4.10 and 4.11 highlights the significant changes (increase

/decrease) of minimum temperature indices during 21st century and inter-decadal time

series as with the baseline period (1979-2005) for CMIP5 GCMs and their RCPs.

The monthly maximum of daily minimum temperature (TNx) and minimum of daily

minimum temperature (TNn) are also observed as warmest and coldest temperature

of the years. The results highlight that warmest nights (TNx) having positive changes

and coldest nights (TNn) having negative changes. The temperature of warmer night

(TNx) of the year has increased by 1.41◦C and temperature of cooler night (TNn) has

decrease by 3.61◦C during 2006-2100 with the baseline period of 1979-2005.

Daily minimum temperature extreme indices trend has been analyzed and found FD0

and TN10p are decreasing since 2005. The warmer trends are also found for temperature

related to TN90p, whereas a significant increase in TN90p for some of the combinations

of extreme emission scenario (RCP8.5). Both warmest nights (TNx) and coldest nights

(TNn) have increased for all months except some of the combination such as 2nd and

6th combination for January and February months.
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Table 4.9: Significant increase or decrease of minimum temperature extreme indices FD0, TN10p and TN90p for ESM2G model, where
Cs’ are GCM grid-point combinations.

FD0 (days) Significant
Increase/Decrease

TN10p (days) Significant
Increase/Decrease

TN90p (days) Significant
Increase/Decrease

RCP2.6

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s 0.6 1.3 0.1 -1.4 -0.1 -1.1 0.9 1.6 3.9 2.2 0.9 0.7 0.0 2.1 -15.2 -13.6 -17.3 -16.0 -18.8 -14.7 -12.0

50s -3.0 -1.5 -3.0 -2.7 -2.3 -1.5 -3.1 -1.7 0.0 -1.8 -1.8 -1.4 0.0 -1.7 -18.1 -16.2 -17.6 -15.4 -17.1 -17.8 -18.3

80s -6.9 -5.1 -6.1 -5.8 -6.3 -4.1 -5.7 -4.8 -3.1 -4.7 -3.7 -4.7 -2.8 -4.6 -15.6 -15.6 -17.4 -16.6 -19.2 -16.3 -15.6

21st
century

-2.0 -0.4 -1.6 -0.4 -0.5 0.3 -0.3 -0.8 0.8 -0.5 0.6 0.5 1.4 0.3 -17.5 -17.1 -17.7 -17.2 -19.4 -17.5 -18.5

RCP4.5

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s 2.5 1.6 3.4 0.3 1.9 0.1 2.4 1.6 1.5 2.2 0.8 1.0 0.8 1.4 -17.2 -16.8 -19.4 -18.6 -18.6 -15.1 -15.0

50s -1.5 -0.7 -2.3 -2.2 -0.7 -2.2 -1.9 -2.2 -1.6 -1.6 -2.1 2.2 0.0 -0.5 -17.1 -17.8 -18.3 -18.1 -16.2 -17.6 -15.4

80s -5.5 -3.3 -4.9 -6.1 -4.3 -5.3 -5.0 -9.7 -6.9 -5.8 -6.7 -5.1 -6.1 -6.3 -19.4 -16.3 -15.6 -15.6 -15.6 -17.4 -16.6

21st
century

-0.5 0.3 -0.3 -2.0 -0.4 -1.6 -0.4 0.8 1.1 0.8 -0.2 0.9 -0.7 0.4 -19.8 -17.5 -18.5 -17.5 -17.1 -17.7 -17.2

RCP8.5

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s -4.1 -3.2 -4.8 -4.7 -3.2 -4.7 -4.4 7.3 5.1 4.2 2.7 4.8 2.6 4.5 -20.8 -18.8 -19.4 -18.6 -18.1 -18.1 -18.0

50s -8.1 -5.8 -7.4 -8.6 -6.9 -7.8 -7.6 2.2 0.0 -0.5 -2.3 -1.6 -1.6 -2.1 -16.1 -17.2 -16.8 -17.9 -20.1 -18.9 -19.7

80s -5.1 -8.1 -7.0 -9.1 -8.2 -8.7 -8.7 -5.1 -6.1 -6.3 -9.5 -6.9 -5.8 -6.7 -14.9 -15.5 -16.5 -17.6 -17.4 -15.1 -15.2

21st
century

1.4 -0.9 -0.6 -2.6 -1.1 -2.9 -1.0 1.4 1.2 0.8 -1.5 0.4 -0.6 0.0 -17.5 -18.4 -18.4 -19.3 -20.1 -18.7 -18.7

Bold values indicates the maximum change.
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Table 4.10: Significant increase or decrease of minimum temperature extreme indices FD0, TN10p and TN90p for ESM2M model, where
Cs’ are GCM grid-point combinations.

FD0 (days) Significant
Increase/Decrease

TN10p (days) Significant
Increase/Decrease

TN90p (days) Significant
Increase/Decrease

RCP2.6

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s 0.8 0.9 0.1 -1.1 -0.1 -0.9 1.2 1.6 3.9 2.2 0.9 0.7 0.0 2.1 -15.2 -13.6 -17.3 -16.0 -18.8 -14.7 -12.0

50s -0.7 -2.3 -2.2 -0.7 -2.2 -1.9 -1.5 -1.7 0.0 -1.8 -1.8 -1.4 0.0 -1.7 -18.1 -16.2 -17.6 -15.4 -17.1 -17.8 -18.3

80s -3.3 -4.9 -6.1 -4.3 -5.3 -5.0 -5.5 -4.8 -3.1 -4.7 -3.7 -4.7 -2.8 -4.6 -15.6 -15.6 -17.4 -16.6 -19.1 -16.3 -15.6

21st
century

-0.5 0.3 -0.3 -2.0 -0.4 -1.6 -0.4 -0.8 0.8 -0.5 0.6 0.5 1.4 0.3 -17.5 -17.1 -17.7 -17.2 -19.4 -17.5 -18.5

RCP4.5

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s 1.8 1.5 2.3 0.6 1.7 0.1 2.3 1.6 1.5 2.2 0.8 1.0 0.8 1.4 -17.2 -16.8 -19.4 -18.6 -18.6 -15.1 -15.0

50s -1.5 -0.7 -2.3 -2.2 -0.7 -2.2 -1.9 -2.2 -1.6 -1.6 -2.1 2.2 0.0 -0.5 -17.1 -17.8 -18.3 -18.1 -16.2 -17.6 -15.4

80s -5.5 -3.3 -4.9 -6.1 -4.3 -5.3 -5.0 -9.7 -6.9 -5.8 -6.7 -5.1 -6.1 -6.3 -19.2 -16.3 -15.6 -15.6 -15.6 -17.4 -16.6

21st
century

-0.2 0.8 -0.4 -1.8 -0.4 -2.1 -0.1 0.8 1.1 0.8 -0.2 0.9 -0.7 0.4 -19.4 -17.5 -18.5 -17.5 -17.1 -17.7 -17.2

RCP8.5

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s -2.1 -4.2 -3.9 -4.8 -3.6 -5.1 -2.9 8.2 6.1 3.3 2.7 5.1 3.9 4.2 -19.2 -16.2 -14.2 -18.1 -18.1 -17.9 -15.9

50s -0.5 0.3 -0.3 -2.0 -0.4 -6.8 -5.6 2.2 0.0 -0.5 -2.6 -1.6 -1.6 -2.1 -16.1 -17.2 -16.8 -17.9 -20.1 -18.9 -19.7

80s -8.2 -8.7 -8.7 -9.1 -7.9 -9.2 -8.1 -4.9 -6.1 -6.3 -9.7 -6.9 -5.8 -6.7 -14.9 -15.5 -16.5 -17.6 -17.4 -15.1 -15.2

21st
century

1.4 -0.9 -0.6 -2.6 -1.1 -2.9 -1.0 1.4 1.2 0.8 -1.5 0.4 -0.6 0.0 -17.5 -18.4 -18.4 -19.3 -20.1 -18.7 -18.7

Bold values indicates the maximum change.
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Table 4.11: Significant increase or decrease of minimum temperature extreme indices FD0, TN10p and TN90p for CM3 model, where Cs’
are GCM grid-point combinations.

FD0 (days) Significant
Increase/Decrease

TN10p (days) Significant
Increase/Decrease

TN90p (days) Significant
Increase/Decrease

RCP2.6

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s 0.5 1.9 0.1 -1.5 -0.3 -2.1 0.7 1.7 3.2 1.3 0.5 0.5 -0.1 2.0 -19.0 -17.6 -17.3 -17.0 -18.0 -17.7 -18.0

50s -2.5 0.0 -1.7 -3.2 -1.5 -2.3 -1.7 -1.1 1.0 0.3 -2.1 0.0 -0.7 -0.3 -19.7 -16.8 -18.4 -17.4 -15.6 -17.5 -17.8

80s 0.0 -2.0 -1.3 -2.4 -0.2 -2.3 -1.4 1.3 -0.5 0.9 -1.2 1.6 -0.6 -0.7 -18.0 -15.9 -16.7 -16.7 -18.2 -18.0 -16.9

21st
century

0.0 0.5 0.0 -2.0 0.2 -1.7 0.2 1.1 1.6 1.5 -0.5 1.3 0.1 1.3 -18.6 -16.9 -18.2 -17.2 -17.4 -18.1 -18.0

RCP4.5

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s 2.5 1.6 3.4 0.3 1.9 0.1 2.4 3.0 2.9 3.6 0.7 2.4 1.3 2.8 -20.8 -18.8 -19.4 -18.6 -18.1 -18.1 -18.0

50s -2.3 -1.5 -3.1 -3.0 -1.5 -3.0 -2.7 -1.4 0.0 -1.7 -1.7 0.0 -1.8 -1.8 -17.1 -17.8 -18.3 -18.1 -16.2 -17.6 -15.4

80s -6.3 -4.1 -5.7 -6.9 -5.1 -6.1 -5.8 -4.7 -2.8 -4.6 -4.8 -3.1 -4.7 -3.7 -19.2 -16.3 -15.6 -15.6 -15.6 -17.4 -16.6

21st
century

-0.5 0.3 -0.3 -2.0 -0.4 -1.6 -0.4 0.5 1.4 0.3 -0.8 0.8 -0.5 0.6 -19.4 -17.5 -18.5 -17.5 -17.1 -17.7 -17.2

RCP8.5

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s 7.9* 3.7 3.0 2.2 5.2 1.9 4.0 7.3 5.1 4.2 2.7 4.8 2.6 4.5 -21.3 -20.4 -19.2 -18.7 -20.0 -20.6 -21.1

50s 1.6 -2.3 -1.8 -3.1 -3.0 -3.8 -3.7 2.2 0.0 -0.5 -2.2 -1.6 -1.6 -2.1 -20.1 -18.9 -19.7 -16.1 -17.2 -16.8 -17.9

80s -7.1 -8.8 -8.3 -11.1 -8.7 -8.6 -8.5 -5.1 -6.1 -6.3 -9.7 -6.9 -5.8 -6.7 -17.4 -15.1 -15.2 -14.9 -15.5 -16.5 -17.6

21st
century

2.6 -0.5 -0.8 -2.4 -0.6 -2.1 -1.0 2.8 1.4 0.4 -1.5 0.2 -0.6 0.0 -20.1 -18.7 -18.7 -17.5 -18.4 -18.4 -19.3

Bold values indicates the maximum change.
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4.3.3.2 Maximum temperature extreme indices

All calculated daily maximum temperature indices showing significant and widespread

warming trend. The robust reduction in ‘ID0’, up to 2.9 days (29.23%) (See Table 4.14)

between observed and projected scenarios are found. The average annual frequency of

ID0 during the (1979-2005) base periods is by defined about 10 days. Similarly, we

found the significant increase in the cool days (TX10p) and maximum increment is

about 43% (7.22 days) (Table 4.14) in 20s of RCP8.5. And decrease in the warmer days

(TX90p) about 56% (43.71 days) (Table 4.14) in 80s. All extreme changes occurred

in extreme emission scenario RCP8.5 for CM3 model. Tables 4.12, 4.13 and 4.14 show

the significant increase and decrease (day) of maximum temperature indices during

2006-2100 and inter-decadal time series for CMIP5 GCMs and their RCP scenarios.

During the observed time period the maximum temperature extremes indices values

are ID0 is 10 days, TX10p is 13 days and TX90p is 80 days. All CMIP5 GCMs

showing similar change pattern with different ranges, but the CM3 and their RCPs

are projecting higher ranges than other two GCMs and their RCPs, respectively. The

changes in indices are noticeable and significant during the 21st century, these changes

can alter the regional hydrology and glacier environment. The monthly maximum

of daily maximum temperature (TXx) and minimum of daily maximum temperature

(TXn) are also apparent as warmest and coldest temperature of the year. Therefore,

warmest day (TXx) and coldest day (TXn) have significant changed over North Sikkim,

India. The warmer day’s temperature of the year has increased about 1.83◦C in the

month of January and cooler day’s temperature has decreased about 4.83◦C in the

month of December during 2006-2100 with the baseline period of 1979-2005. The trend

results of daily maximum temperature indices are evaluated for 21st century and found
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ice-days (ID0) and cool days (TX10p) based on daily maximum temperature is shown

to have significantly decreased over the 21st century for RCP4.5 and RCP8.5, whereas,

warmer days (TX90p) have no significant trend. During monsoon months (June to

September) most of the combinations of extreme indices have decreasing trend, while

raising trend in the winter months (October to December and February). CM3 CMIP5

model have most significant trend changes as compare to other two models (ESM2G

and ESM2M).
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Table 4.12: Significant increase or decrease of maximum temperature extreme indices ID0, TX10p, and TX90p for ESM2G model, where
Cs’ are GCM grid-point combinations.

ID0 (days) Significant
Increase/Decrease

TX10p (days) Significant
Increase/Decrease

TX90p (days) Significant
Increase/Decrease

RCP2.6

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s -0.7 -0.5 0.2 -0.8 -0.9 1.2 0.1 3.1 3.2 4.6 2.8 2.4 4.8 2.2 -35.3 -35.1 -39.8 -38.1 -33.2 -36.5 -38.1

50s -0.6 -0.7 -0.4 -1.2 -0.4 -0.9 0.3 3.9 3.4 2.1 2.6 3.1 3.7 2.8 -35.2 -36.8 -39.7 -39.1 -34.2 -34.2 -40.1

80s -1.2 -1.6 0.5 -0.7 -0.4 -1.7 -1.9 3.6 2.5 0.8 0.7 0.5 4.2 2.1 -40.1 -35.6 -37.1 -37.9 -35.1 -38.2 -32.1

21st
century

-0.8 -0.3 -0.1 -0.2 -0.2 0.4 -0.2 2.8 2.4 3.1 3.8 3.4 4.1 3.7 -36.1 -34.8 -32.6 -34.9 -37.2 -35.4 -36.4

RCP4.5

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s -0.3 1.1 -0.5 0.5 -0.8 1.0 0.7 3.5 3.7 3.4 4.1 4.1 4.8 4.3 -38.5 -35.6 -35.9 -37.2 -34.8 -35.9 -40.1

50s -0.7 0.6 -0.2 -0.7 -0.4 -0.9 -0.7 1.5 2.8 2.9 1.8 3.8 1.6 2.5 -38.2 -36.4 -34.2 -37.2 -39.2 -38.1 -39.2

80s -1.2 -2.1 -1.6 -1.6 0.8 -0.7 0.2 0.9 0.1 2.6 0.8 3.5 2.0 2.9 -40.0 -35.6 -38.2 -36.2 -39.8 -37.9 -36.8

21st
century

-0.9 -0.2 0.3 -0.3 0.1 0.1 0.7 2.5 3.2 3.9 2.6 3.4 2.9 2.7 -36.5 -37.5 -37.9 -36.1 -38.2 -35.6 -38.7

RCP8.5

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s 0.9 0.8 0.9 -0.6 0.1 1.5 0.7 5.3 6.2 5.6 4.3 3.6 5.9 4.9 -36.8 -38.4 -35.2 -39.8 -37.5 -36.8 -36.4

50s -0.5 0.4 -0.3 -0.1 -0.6 1.3 -1.0 1.8 1.9 2.8 2.5 2.7 3.4 2.8 -38.2 -36.8 -38.7 -34.5 -36.9 -35.2 -36.7

80s -2.4 0.0 -0.9 -1.2 -1.6 -0.8 -1.5 -1.8 0.2 1.5 0.9 0.8 1.0 0.1 -40.4 -38.1 -35.9 -36.1 -37.6 -34.6 -36.1

21st
century

-0.6 1.2 0.5 -0.1 0.2 1.9 0.1 2.9 2.4 3.4 2.9 3.4 4.8 4.6 -38.2 -36.4 -36.8 -36.9 -37.5 -38.1 -39.4

Bold values indicates the maximum change.
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Table 4.13: Significant increase or decrease of maximum temperature extreme indices ID0, TX10p, and TX90p for ESM2M model, where
Cs’ are GCM grid-point combinations.

ID0 (days) Significant
Increase/Decrease

TX10p (days) Significant
Increase/Decrease

TX90p (days) Significant
Increase/Decrease

RCP2.6

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s -0.6 -0.2 0.3 -0.4 -0.9 1.9 0.1 2.8 2.9 3.6 2.6 1.9 3.9 2.6 -34.2 -36.8 -40.1 -38.2 -35.2 -36.9 -38.1

50s -0.8 -0.2 -0.9 -1.3 -0.7 -0.9 0.5 3.8 3.4 2.9 2.1 3.8 3.1 2.1 -36.5 -36.4 -39.8 -38.9 -37.2 -34.2 -39.2

80s -1.6 -1.2 0.5 -1.2 -0.6 -1.2 -1.7 2.9 2.1 0.8 0.7 0.5 3.8 2.0 -38.1 -34.6 -36.7 -37.2 -34.2 38.2 -32.5

21st
century

-0.2 -0.8 -0.1 -0.2 -0.7 0.1 0.2 2.3 2.1 2.8 2.9 3.1 4.0 2.8 -34.2 -35.1 -38.1 -37.1 -34.5 -35.1 -38.1

RCP4.5

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s -0.7 0.3 -0.2 0.5 -0.8 1.4 0.6 2.6 2.7 3.1 3.8 2.6 4.2 4.1 -36.2 -34.2 -36.8 -36.2 -34.5 -36.9 -40.8

50s -0.9 0.6 -0.1 -0.8 -0.2 -0.7 -0.3 1.2 2.9 3.1 3.8 4.1 2.9 3.7 -35.2 -36.2 -36.8 -34.2 37.1 -38.1 -34.1

80s -1.2 -1.8 -1.2 -1.6 0.6 -0.9 0.6 0.7 0.4 2.4 1.2 2.4 2.1 2.0 -36.1 -34.2 -35.8 -36.7 -39.8 -34.6 -35.8

21st
century

-0.4 -0.8 0.4 -0.2 0.5 0.4 0.9 1.3 2.9 2.7 2.9 3.1 2.9 2.9 -35.2 -37.1 -38.1 -34.2 -38.2 -34.2 -38.7

RCP8.5

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s 1.1 0.7 0.6 -0.4 0.1 1.6 0.8 6.1 5.9 5.7 4.9 6.2 5.7 4.9 -38.2 -34.2 -35.6 -39.8 -37.2 -34.5 -35.9

50s -0.8 0.6 -0.4 -0.1 -0.9 1.8 -0.9 1.6 1.8 2.9 3.1 3.2 3.6 2.9 -35.8 -36.4 -34.6 -35.9 -40.8 -37.9 -36.4

80s -2.7 0.0 -1.1 -1.2 -1.6 -0.7 -1.2 1.2 0.8 1.2 0.9 1.6 1.4 0.6 -40.2 -35.6 -37.5 -34.8 -36.9 -35.8 -34.5

21st
century

-0.5 1.1 0.8 -0.2 0.2 1.4 0.1 2.8 2.4 3.1 3.0 3.5 4.2 4.6 -35.8 -36.4 -37.4 36.4 -35.9 -34.8 -36.7

Bold values indicates the maximum change.
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Table 4.14: Significant increase or decrease of maximum temperature extreme indices ID0, TX10p, and TX90p for CM3 model, where Cs’
are GCM grid-point combinations.

ID0 (days) Significant
Increase/Decrease

TX10p (days) Significant
Increase/Decrease

TX90p (days) Significant
Increase/Decrease

RCP2.6

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s -0.9 -0.3 0.4 -0.4 -0.7 1.6 0.4 2.9 3.7 4.1 3.0 3.0 5.1 4.4 -38.6 -36.8 -42.5 -39.1 -34.5 -40.1 -39.6

50s -0.3 0.3 -0.6 -0.1 0.0 -0.2 -1.0 3.2 4.0 2.9 3.4 3.2 3.7 2.7 -38.3 -36.8 -40.8 -39.5 -39.7 -37.8 -40.1

80s -0.5 -0.8 -0.5 -0.8 -0.9 0.2 -0.8 2.1 2.1 3.1 2.7 2.1 4.2 2.6 -39.7 -37.0 -38.0 -37.2 -39.8 -38.5 -37.4

21st
century

-0.5 -0.2 -0.3 -0.2 -0.2 0.5 -0.2 3.0 3.2 3.3 3.4 3.3 4.4 3.6 -38.9 -36.5 -40.0 -38.1 -37.8 -38.8 -38.9

RCP4.5

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s -0.2 0.9 -0.5 0.4 -0.2 1.0 0.6 4.7 4.7 3.9 4.9 4.0 5.0 4.0 -38.1 -39.4 -37.6 -35.4 -38.2 -37.8 -41.1

50s -0.9 0.3 -0.6 -0.7 -0.4 -1.2 -0.4 2.6 3.1 3.4 2.1 3.9 1.7 3.2 -40.8 -38.1 -37.0 -38.0 -38.3 -40.3 -38.3

80s -1.7 -1.9 -1.2 -1.6 0.5 -0.7 -0.4 0.7 0.5 2.5 0.8 3.6 2.1 2.4 -41.2 -39.4 -39.2 -36.8 -40.8 -35.9 -35.4

21st
century

-0.5 -0.2 -0.7 -0.3 0.1 0.1 0.0 3.1 3.2 3.6 3.4 4.2 3.6 3.3 -39.7 -38.1 -38.0 -36.9 -38.6 -37.7 -38.0

RCP8.5

Time
Series

C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7 C1 C2 C3 C4 C5 C6 C7

20s 1.4 1.6 0.7 -0.1 0.1 1.3 0.8 7.1 7.2 5.8 4.1 4.5 6.9 5.4 -37.3 -39.2 -39.0 -38.8 -37.0 -39.4 -39.0

50s -0.7 0.4 -0.4 -0.1 -0.7 1.8 -1.1 2.4 2.7 3.2 2.7 2.7 3.8 2.5 -39.1 -40.7 -40.3 -36.4 -37.1 -39.5 -37.2

80s -2.9 0.0 -1.0 -1.0 -1.5 -0.4 -1.5 -1.1 0.2 1.1 0.5 -0.8 1.0 0.6 -43.7 -38.7 -37.3 -40.4 -39.1 -33.1 -39.3

21st
century

-0.3 1.0 0.1 -0.2 -0.4 1.3 -0.1 4.0 4.2 4.2 3.3 3.0 4.9 3.8 -39.2 -38.8 -38.8 -38.0 -38.1 -37.1 -38.5

Bold values indicates the maximum change.
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4.4 Joint Probabilistic Behavior of Extreme Indices

India is a developing country with exposure to threats of floods, droughts and warm-

ing trends, especially in Himalayan region causing change in hydrology, glacier melting

and formation of glacial lakes which makes these areas more vulnerable. The joint

probability behaviour of precipitation and temperature extremes are essential to rec-

ognize the regional responses of climate change for glacier melting and water resources

management with flood and drought controls. As the hydro-meteorological variables

are stochastic in nature and analysis of these variables are well documented using uni-

variate techniques (Katz and Brown, 1992). In such situations, univariate techniques

may underestimate the risk associated with an event. However, multivariate analysis of

such random variables are essential (Favre et al., 2004). With this understanding, sev-

eral researchers focused their attention on multivariate analysis of hydro-meteorological

variables(Grimaldi and Serinaldi, 2006). Figure 4.16 shows the motivational flow chart

of multivariate analysis of climate extremes using copula because of its flexibility.
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Figure 4.16: Motivational flow chart of bivariate analysis of climate extremes

This study focuses about historical and future joint probability of precipitation and

temperature extremes over the North Sikkim Himalaya for understanding the response

of change in joint probabilistic behavior of climate extremes during 2021-2100 based on

copula and CMIP5 GCMs. To explore the possible spatio-temporal changes in climate

extremes, firstly downscale the precipitation and temperature dataset and calculate

their extreme indices. Then, joint return period of these extremes were analyzed dur-

ing 1979-2005 to understand the variation of temperature extremes in North Sikkim.

Finally, joint probability and changes in joint return period of projected extreme indices

were investigated using copula.

From the extreme indices analysis, it is found that the first combination (GCM grid-

point combination) is the most significant combination, which shows the significant im-

pact over the study region. Due to this reason, first combination (GCM grid-point com-

bination) is selected to carry out the further work to demonstrate the joint probabilistic
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behavior of extreme indices over the study area. Figure 4.17 shows the methodology

steps of bivariate analysis of observed and downscaled extreme indices using copula.

Figure 4.17: Methodology steps of bivariate analysis of extreme indices using copula.

4.4.1 Bivariate Analysis of Extreme Indices

In this study, the historical events are described by the joint behaviour of strongly

dependent random variables, despite fact the univariate may lead to either over or

underestimation of risk associated of these events. In order to estimate the plausible

risk of events, the exceedance probability of extreme events need to characterize the

joint behaviour of the specific events (Salvadori and De Michele, 2004). Yue (2001)

discussed the physical concept of marginal cumulative distribution (CDF) and return

period of the event in the context of bivariate nature. Let FX,Y (x, y)=P(X ≤ x, Y ≤ y)

be a joint probability function of pair of random variables (X,Y) and (x,y) is any event,

116

TH-2186_146104038



Chapter 4. Future Projections and Climate Extremes

then the joint return period of an event (x,y) is represented by TX,Y (x,y) can be written

as:

TX,Y (x, y) =
1

(1− FX(x)− FY (y) + FX,Y (x, y))
(4.13)

Let xT ′ and yT ′ are the T ′ year value of x and y, computed from the historical record

(1979-2005), then the joint return period, T{X>xT ′ ,Y >yT ′} is denoted by TT ′
X,Y

. For ex-

ample, T10{TN10,TN90} represents the joint return period of TN10 and TN90 exceed their

10-year values, as computed from the historical record of (1979-2005). The projected

changes in joint return period of during 2021-2100 under three RCP scenarios of three

GCM’s as mentioned in the earlier sections with respect to historical record (1979-2005)

is defined using the (%) change in rate and computed as follows: (Li et al., 2015).

Changing rate =
TT ′{X,Y }f − TT ′{X,Y }h

TT ′{X,Y }h
× 100 (4.14)

Here, TT ′{X,Y }f represents the TT ′{X,Y } of time period (2021-2100) under the adopted

three RCP scenarios of three GCM’s, and TT ′{X,Y }h represents TT ′{X,Y } of historical

record (1979-2005).

4.4.2 Copula

Copula is one of the methods which provides multivariate probability distribution of

strongly correlated variables (Salvadori and De Michele, 2004; Genest and Favre, 2007).

In practice, copula enables the multivariate distributions to the data by fitting the

marginal and the dependence between them individually. According to Skalr theo-

rem (Sklar, 1959), every joint distribution can be written as a copula and its univari-

ate marginal. Let (X11, X21, X31, . . . ., )...(Xd1, Xd2, ....XdN ) be the observations drawn

from a multivariate dataset X(X1, X2, . . . ..Xd)
T . where d represents number of vari-
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ables and N represents number of observations. Let ui = Fx(xi, )i = 1, . . . , n be the

marginal cumulative distribution function′s (CDF ′s) and FX (X) be the multivariate

distribution of Xii = 1, 2, . . . , n.

Thus the multivariate distribution FX(X) can be expressed as its marginal and the

corresponding dependence function C, as:

FX(X) = Cx{u1, u2, . . . ..un; θ} X ∈ Rd (4.15)

Where, CX : [0, 1]d → [0, 1] is called d-dimensional copula, with corresponding

parameter θ. Further details about theoretical background of copula theory and char-

acteristics of various copulas can be found in (Nelson, 2006).

Frank Copula (Archimedean family)

C(u1, u2; θ) = −1

θ
ln

[
1 +

(e−θu1) − 1)(e−θu2 − 1)

e−θ − 1

]
(4.16)

Where range of θ is(−∞,∞).

Plackett Copula

C(u1, u2; θ) =
S −

√
(S2 − 4u1u2θ(θ − 1)

2(θ − 1)
(4.17)

Where S = 1 + (θ − 1)(u1 + u2) and range of θ is(0,∞).

Gaussian Copula (Elliptical family)

C(u1, u2; θ) = Φθ[Φ
−1(u1),Φ

−1(u2)] (4.18)

Where range of θ is(-1,1).

Note: Φ−1 is the inverse standard normal distribution function and Φθ is the bivariate

standard normal distribution function with Pearson linear correlation coefficient θ.
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The above described copulas belong to the different families such as Frank cop-

ula belongs to Archimedean family, Plackett copula belongs to Plackett family and

Gaussian copula belongs to Elliptical family. These copulas are suitable for both pos-

itively and negatively correlated variables. Some of the copulas from same family are

only appropriate for positive/negative correlated variables e.g. Gumbel Houggard and

Cook–Johnson copula families are only appropriate for the positively correlated vari-

ables (Zhang et al., 2007). Due to this reason, in this study three copulas from different

families have been chosen.

To verify the bivariate structural equality of dependence the statistical distances are

calculated and found that the bivariate structures are changing for different scenarios.

This indicates, the non-parametric approach also can be a tool to analyze the bivariate

dependence (Grimaldi et al., 2016). The statistical distances are the distance between

probability distributions (Marti et al., 2016). Here, we have used the Wasserstein (W2),

Fisher-Rao and related divergences distance. The major difference is Fisher-Rao ge-

ometry has negative curvature while Wasserstein geometry is flat and non-negative

curvature. The statistical Distances (Wasserstein, Fisher-Rao and related divergences)

and their formulas are listed below (Table 4.15):
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Table 4.15: Statistical distances and their formulas

Statistical Distances
Formulas

D[N(0,
∑

1 ),N(0,
∑

2 )]

Fisher-Rao
√

1
2

∑n
i=1(logλi)

2

KL(Σ1||Σ2) 1
2

(
log|

∑
2∑
1
| − n+ tr(

∑−1
2

∑
1))

Jeffreys KL(
∑

1 ||
∑

2)+ KL(
∑

2 ||
∑

1)

Bhattacharyya 1
2 log

|
∑
|√

|
∑

1 ||
∑

2 |

Wasserstein (W2)

√
tr
(∑

1 +
∑

2−2

√∑1/2
1

∑
2

∑1/2
1 )

where, λi is eigenvalues of
∑−1

1

∑
2;
∑

=
∑

1 +
∑

2
2

But the non-parametric approach also has some serious scaling issues (Marti et al.,

2016) and selection of smoothing parameter which may lead to the poor description of

dependence structures. In order to avoid these drawbacks, parametric copulas are used

for climatic variables.

4.4.3 Bivariate Analysis of Precipitation Extremes

The precipitation extremes are calculated (discussed in section 4.2.2) and assess the

joint probabilistic behavior of different extreme combinations such as [CWD, CDD],

[R20, SDII], [SDII, R95p], [R95p, R99p], [WD, SDII], [CDD, SDII] and [R20, R95p].

Extreme combinations are constructed based on the physical significances and Kendall’s

correlations. The combination [CWD, CDD] presents the co-occurrence of consecutive

wet days and dry days in the same year, which signifies the co- occurrence of floods

and droughts in same year; [R20, SDII] denotes the joint extreme precipitation as very

heavy precipitation days and precipitation intensity; [SDII, R95p] represents the joint
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extreme precipitation events in terms of precipitation intensity and amount of very wet

days precipitation; [R95p, R99p] represents the joint extreme precipitation in terms

of very and extreme wet days precipitation amount; [WD, SDII] represents the joint

rainy days and precipitation intensity; [CDD, SDII] represents the joint consecutive dry

days and precipitation intensity; [R20, R95p] represents the joint extreme precipitation

events in terms of very wet days and very wet days precipitation. The joint probability

and joint return period of extreme combinations have been analyzed using different

copulas.

The bivariate relationship and Kendall coefficient between extremes are calculated (Ta-

ble 4.16. The Kendall coefficient shows that if the value of one variable is high/low,

so there is a chance that the value of another variable would be high/low (Genest and

Favre, 2007). The Kendall’s coefficient is calculated using equation 4.19.

Kendall’s Tau(τ) =
(number of concordant pairs)− (number of discordant pairs)

n(n− 1)/2)

(4.19)

The [CWD, CDD] and [WD, SDII] have insignificant relations under all scenarios.

[R20, SDII] and [R95p, R99p] have significant positive correlation almost for all sce-

narios and their Kendall’s coefficient values are larger than 0.5 for all case except [R20,

SDII] of CM3 RCP2.6 scenario. Also, [SDII, R95p] [CDD, SDII] and [R20, R95p] are

highly correlated having Kendall’s coefficient more than 0.3 for the historical period,

while less significant in projected scenarios (Table 4.16). The Kendall’s coefficients

of projected scenarios are relatively less than observed scenario. This indicates that

uncertainty exists in bivariate relationships of precipitation extremes. With this con-

sideration, further study has been carried out.
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Table 4.16: The Kendall coefficients τ between precipitation extremes for observed and projected (2021–2100) scenarios.

Extremes Observed

ESM2G ESM2M CM3

RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5

[CWD, CDD] -0.17 -0.09 0.02 0.07 0.12 0.03 0.01 -0.12 -0.06 -0.03

[R20, SDII] 0.7 0.5 0.57 0.58 0.51 0.54 0.57 0.43 0.51 0.51

[SDII, R95p] 0.43 0.08 0.18 0.03 0.16 0.11 0.19 0.14 0.21 0.17

[R95p, R99p] 0.7 0.67 0.67 0.75 0.7 0.65 0.67 0.67 0.67 0.64

[WD, SDII] -0.48 -0.04 -0.17 -0.01 -0.23 -0.1 0.01 -0.18 0.02 0.03

[CDD, SDII] 0.3 0.02 -0.1 -0.08 0.11 0.04 -0.01 0.12 0.15 0.06

[R20, R95p] 0.46 0.12 0.19 0.06 0.13 0.03 0.23 0.26 0.34 0.02
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Additionally, the marginal distribution of univariate precipitation extremes are also

analyzed for 5-year (T5), 10-year (T10) and 20-year (T20) return periods. The com-

parison of T5, T10 and T20 precipitation extremes between observed and projected

scenarios are analyzed. The values of R10 and SDII for T5, T10 and T20 return pe-

riods are slightly increased, whereas other variables such as WD, CWD and CDD are

decreased in projected scenarios with respect to observed scenario. This implies that

the intensity and very heavy precipitation (10) days become stronger, while heavy (WD

and CWD) precipitation and weak (CDD) precipitation becomes less in future.

The Kendall’s coefficients (τ) and marginal distributions are changed under projected

scenarios, consequently, the joint distribution of extreme combinations may also change

in future accordingly. To estimate the change in joint distribution, firstly best-fitted

copula is selected from different copula families. The best-fit copula selected among

Frank (Archimedean), Plackett and Gaussian (Elliptical) based on the minimum of

Akaike Information Criterion (AIC) (Akaike, 1974) and Bayesian Information Criterion

(BIC) (Li et al., 2015) values. Then joint distribution is estimated using Kendall coef-

ficients (τ), marginal distribution and best fit Copula. The joint distribution of CWD

and CDD of historical and projected scenarios are same, but the discrepancy in joint

CDF is relatively high when CWD and CDD values are large. The joint return period

of [R95p, R99p] and [R20, R95p] are quite similar, but projected scenarios are having

higher joint CDF values when corresponding extreme values are large. The AIC and

BIC values are calculated as:

AIC = 2(k)− 2 ln(L) (4.20)
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BIC = 2 ln(L)− 2 ln(N) (4.21)

where, k is the number of parameters, L is the maximized value of the likelihood

function and N is the sample size. The statistical distances (non-parametric) are used to

verify structural dependency, which illustrates that how the distances behave between

Gaussian copulas using the following three bivariate Gaussian copulas 2M-RCP2.6, 2M-

RCP4.5 and observed scenarios for [R95p, R99p] and [WD, SDII] extreme combinations.

The result indicates that 2M-RCP2.6 and 2M-RCP4.5 are closer than 2M-RCP4.5 and

observed (Table 4.17). Here, it is surprising that since the strongly positive correlated

(2M-RCP4.5 and Observed) are showing higher distance than less correlated scenario.

The analytical formulas of statistical distances with its values are listed in Table 4.17.
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Table 4.17: Statistical distances of bivariate [R95p, R99p] and [WD, SDII] Gaussian copula

Statistical Distances

Distances for [R95p, R99p] Distances for [WD, SDII]

D(2M RCP2.6,

2M RCP4.5)

D(2M RCP4.5,

Observed)

D(2M RCP2.6,

2M RCP4.5)

D(2M RCP4.5,

Observed)

Fisher-Rao 0.1125 0.2122 0.0271 0.411

KL(Σ1||Σ2) 0.0067 0.025 0.0004 0.094

Jeffreys 0.0127 0.046 0.0007 0.172

Bhattacharyya 0.0016 0.006 0.0001 0.0209

Wasserstein (W2) 0.0402 0.067 0.0191 0.272
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4.4.3.1 Joint distribution and joint return-periods of observed (1979-2005)

precipitation extreme combinations

The spatial distributions of joint return periods during 1979-2005 are investigated to

understand the historical behavior of joint return periods over the study area (Figure

4.18). Here, the joint return periods were analyzed based on the 5, 10 and 20-year

marginal values and found that the 5-year values of joint return periods are better

estimated than 10 and 20-year values. The T5 [CWD, CDD] is ranging from 33-58

years which indicates that the CWD and CDD exceed their 5-year values and may

occur every 33 to 58 years in the same year (Figure 4.18). In the upper part (sub-

basins (SB) 1, 2 and 3) of the region, T5 [CWD, CDD] is relatively high which shows

the less probability of co-occurrence of flood and droughts. In case of T10 [CWD, CDD]

and T20 [CWD, CDD] the value is much higher than T5 [CWD, CDD] which is about

more than 150 years, which illustrates that the co-occurrence of floods and droughts in

the same year is unlikely.

Moreover, the T5 [R20, SDII] is quite low, ranging from 7 to 9 years, indicates that

the R20 and SDII may exceed their 5-year values in every 7 to 9 year (Figure 4.18).

For T10 [R20, SDII] and T20 [R20, SDII] the ranges from 17 to 25 years and 59 to 89

years, respectively (Figure 4.18). Similarly, joint return periods of [SDII, R95p] range

from 11 to 16 years, 30 to 50 years and 96 to 242 years for 5, 10 and 20-year values,

respectively (Figure 4.18). This shows the occurrence of very heavy precipitation with

high intensity, may increase the chances of floods.

In Figure 4.18, T5 [CDD, SDII] is ranging from 12 to 17 years which indicates that

when CDD exceed its 5-year values, SDII may also exceed its 5-year value and vice

versa. This implies that the occurrence of drought with high intensity of precipitation
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in every 12-17 years.

Additionally, the T5 [R20, R95p], is ranging from 9 to 14 years, T10 [R20, R95p], is

ranging from 23 to 44 years and T20 [R20, R95p] is ranging from 60 to 190 years with

similar spatial pattern (Figure 4.18).

Based on the analysis, the spatial distributions of change in joint return periods for

extreme combinations are different, whereas it is similar for 5, 10 and 20-year marginal

values. The result of most of the extreme combinations shows the considerable risk of

flood over the region.
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Figure 4.18: Spatial distribution of observed joint return periods (T5, T10 and T20)
for precipitation extremes during 1979-2005.
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4.4.3.2 The change in joint return period of precipitation extremes during

2021-2100

The change in joint behavior of precipitation extremes is represented as change in joint

return periods during 2021-2100 from historical 1979-2005. The spatial patterns of

change in joint return period are quite similar for GCM scenarios with different ranges.

Figures 4.19 to 4.27 show the spatial variation of change in joint return periods of pre-

cipitation extremes for 5, 10 and 20-year marginal during 2021-2100 with the base line

period of 1979-2005.

The 5-year change in joint return periods of precipitation extremes are shown in Fig-

ures 4.19, 4.20 and 4.21 for different CMIP5 GCMs and their RCPs. The T5 [CWD,

CDD] is decreasing by 6 to 50% under RCP2.6, 23 to 55% under RCP4.5 and 14 to

70% under ESM2G RCP8.5 scenarios (Figure 4.19). The co-occurrence of heavy and

weak precipitation exceeding their 5-year values in the same year decreased up to 70%

under different scenarios. This implies that, in future, the co-occurrence of floods and

droughts are more frequent in the same year. The spatial pattern is different for RCP2.6

as compare to RCP4.5 and RCP8.5. For example, the maximum % change found in SB3

under RCP4.5 and RCP8.5, whereas under RCP2.6 the minimum % changes observed

in the same SB (Figure 4.19). Similarly, T5 [WD, SDII] is decreased by 80 to 100%

under different RCPs (Figure 4.19), representing that once the wet days exceeds its

5-year values, precipitation intensity would also exceed its 5-year values in same year

frequently. Consequently, in future, the region may face more occurrence of large pre-

cipitation with high intensity especially in upper part of the region (SB1, 2 and 3). The

T5 [R20, SDII] is increased up to 70% for all scenarios and SBs, except SB2 of RCP2.6

and SB2, SB3 and SB5 of RCP8.5 (Figure 4.19). T5 [SDII, R95p] is also increased
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by 28 to 115% for RCP2.6, 38 to 126% for RCP4.5 and 19 to 168% for RCP8.5, but

in the SB5 under RCP8.5 decreased by 2% (Figure 4.19). Similarly, T5 [R95p, R99p]

is also increased over the region except in SB5. These results indicate that once the

extremes (R20, SDII and R95p) exceed its 5-year values, it is less probability that the

other extreme (SDII, R95p and R99p) will also exceed its 5-year values in same year,

respectively. The T5 [CDD, SDII] and T5 [R20, R95p] are also increased for all scenar-

ios, implying that, less probability of occurrence of floods over the region. Similarly,

Figures 4.20 and 4.21 show the 5-year change in joint return periods for ESM2M and

CM3 model, respectively with different ranges of change.
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Figure 4.19: The spatial distribution of changing rates (%) of T5 of precipitation ex-
treme combinations during 2021–2100 under ESM2G with their RCP scenarios.
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Figure 4.20: The spatial distribution of changing rates (%) of T5 of precipitation ex-
treme combinations during 2021–2100 under ESM2M with their RCP scenarios.
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Figure 4.21: The spatial distribution of changing rates (%) of T5 of precipitation ex-
treme combinations during 2021–2100 under CM3 with their RCP scenarios.

In addition, 10-year and 20-year change in joint return period have also been ana-

lyzed and found that spatial pattern of 10-year change in joint return periods are similar

as 5-year joint return periods, whereas for 20-year, some of the extreme combination are

spatially different. Figures 4.22, 4.23 and 4.24 show the 10-year and Figures 4.25, 4.26
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and 4.27 show the 20-year change in joint return periods for ESM2G, ESM2M and CM3

models and their RCP scenarios, respectively. For example, T5 [R20, SDII] and T10

[R20, SDII] are showing increasing percentage change except some of the sub-basins,

while T20 [R20, SDII] showing decreasing percentage change in most of the SBs. Simi-

lar pattern observed in [SDII, R95p], [CDD, SDII] and [R20, R95p]. The result exhibits

that the co-occurrence of some the extreme combinations for 20-year would be more

frequent as compare to 5 and 10-year.
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Figure 4.22: The spatial distribution of changing rates (%) of T10 of precipitation
extreme combinations during 2021–2100 under ESM2G with their RCP scenarios.
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Figure 4.23: The spatial distribution of changing rates (%) of T10 of precipitation
extreme combinations during 2021–2100 under ESM2M with their RCP scenarios.
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Figure 4.24: The spatial distribution of changing rates (%) of T10 of precipitation
extreme combinations during 2021–2100 under CM3 with their RCP scenarios.
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Figure 4.25: The spatial distribution of changing rates (%) of T20 of precipitation
extreme combinations during 2021–2100 under ESM2G with their RCP scenarios.
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Figure 4.26: The spatial distribution of changing rates (%) of T20 of precipitation
extreme combinations during 2021–2100 under ESM2M with their RCP scenarios.
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Figure 4.27: The spatial distribution of changing rates (%) of T20 of precipitation
extreme combinations during 2021–2100 under CM3 with their RCP scenarios.

4.4.4 Bivariate Analysis of Temperature Extremes

The joint probability behaviour of temperature extremes is essential to recognize the

regional responses of warming extremes to climate change for glacier melting and water
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resources management. In this study, the joint probability behavior of different com-

binations of above indices studied, the combinations are [TX90, TN90], [TN10, TN90],

[TX10, TN10], [ID0, FD0], [TX10, FD0], [TN10, FD0] and [ID0, TX10]. The combi-

nation of extremes have been constructed based on the physical significances such as

[TX90, TN90] represents the co-occurrence of extreme warm days and nights within the

same year. This may implies the warming trend which can cause the glacier melting,

formation of glacial lakes and change in water resources. Similarly the other extreme

combinations have been constructed with physical significances and Kendall’s coefficient

(positively and negatively correlated both). Total seven combinations are constructed

in which some are strongly positive correlative and some are negative correlated. Other

extreme combination such as [TN10, TN90] represents a joint cool nights and warm

nights; the [TX10, TN10] represents a joint cool nights and days; the [ID0, FD0] de-

notes a joint extreme cold days and nights, [TX10, FD0] represents a joint cold days

with extreme cold nights, [TN10, FD0] denotes the joint cool nights with extreme cold

nights and [ID0, TX10] represents the joint ice days with cool days. This study illus-

trates that how the two extremes occurred in the same year and spatiotemporal joint

behavior of temperature extremes over the region using a methodology shown in Figure

4.17.

The extreme indices are calculated based on daily temperatures. Then joint distri-

bution and joint return period are assessed for observed (1979-2005) and projected

(2021-2100) scenarios. The bivariate relationship and Kendall coefficient between con-

sidered extreme indices combination such as [TX90, TN90] under observed (1979-2005)

and projected (2021-2100) are investigated (Table 4.18). [TN10, TN90] have insignifi-

cant relationships under historical and projected scenarios. TN10 is highly correlated
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with FD0 and ID0 is highly correlated with TX10 and their Kendall coefficient values

are larger than 0.50 and are significant in all scenarios.
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Table 4.18: The Kendall coefficients τ between temperature extremes for observed and projected (2021–2100) scenarios.

Extremes Observed

ESM2G ESM2M CM3

RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5 RCP2.6 RCP4.5 RCP8.5

[TX90, TN90] 0.199 -0.043 -0.065 -0.024 0.111 0.101 0.168 -0.172 -0.016 -0.092

[TN10, TN90] -0.315 -0.035 -0.16 -0.274 -0.059 -0.157 -0.292 -0.027 -0.199 -0.442

[TX10, TN10] 0.216 0.041 0.1 0.363 0.061 0.303 0.477 0.136 0.358 0.585

[ID0, FD0] 0.162 -0.004 0.034 0.199 -0.053 0.213 0.292 0.166 0.201 0.437

[TX10, FD0] 0.276 0.05 0.116 0.391 0.046 0.29 0.489 0.149 0.341 0.573

[TN10, FD0] 0.893 0.799 0.835 0.902 0.809 0.828 0.899 0.848 0.888 0.928

[ID0, TX10] 0.761 0.624 0.646 0.697 0.624 0.604 0.657 0.727 0.632 0.722
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The marginal distribution of univariate temperature extreme indices also analyzed

for 5-year (T5) and 10-year (T10) return periods. The comparison of T5 and T10 tem-

perature extremes between observed and projected scenarios are analyzed. The return

period (T5 and T10) of discrete variables (FD0 and TN10) are slightly increased in

projected scenarios, while return period of remaining variables decrease for both T5

and T10 return periods when compared to the observed. In case of bivariate analysis

of temperature extremes, 5 and 10 years return periods are selected because, as return

periods increase the uncertainties and biases are large, so it is less confident to inter-

preting the change in climate extremes (Li et al., 2015), also similar results obtained in

bivariate analysis of precipitation extreme case, which is discussed in above section.

The Kendall coefficients (τ) and marginal distribution with their joint distribution are

analyzed and selected the best fit copula to estimate the joint distribution (for method-

ology see section 4.4.3). Additionally, the statistical distances are calculated to analyze

the structural dependency and distances between two precipitation extremes are shown

in Table 4.19.
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Table 4.19: Statistical distances of bivariate [ID0, TX10] and [FD0, TN10] Gaussian copulas.

Statistical Distances

Distances for [ID0, TX10] Distances for [FD0, TN10]

D(2M RCP2.6,

2M RCP4.5)

D(2M RCP4.5,

Observed)

D(2M RCP2.6,

2M RCP4.5)

D(2M RCP4.5,

Observed)

Fisher-Rao 0.246 0.513 0.458 0.786

KL(Σ1||Σ2) 0.031 0.168 0.131 0.463

Jeffreys 0.056 0.274 0.217 0.684

Bhattacharyya 0.007 0.032 0.026 0.074

Wasserstein (W2) 0.132 0.219 0.169 0.183
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4.4.4.1 Joint distribution and joint return-periods of observed (1979-2005)

temperature extreme combinations

Spatial distribution of joint return periods over the North Sikkim during 1979–2005

are studied to understand the past behavior of joint return periods shown in Figure

4.28. The joint return periods of each sub-basins are estimated and interpolated using

inverse distance weighted (IDW) technique across region. The 5-year joint return period

of [TX90, TN90] is ranging from 12 to 19 years, indicates that the warming event TX90

(warmer days) and TN90 (warmer nights) exceed their T5 values in one year, which may

occur every 12 to 19 year in most part of the study region (Figure 4.28). These results

indicates that the occurrence of warmer days and nights in the same year. The upper

(sub-basin 1) and lower (sub-basin 7) part of the Teesta River, the joint return period

of T5 [TX90, TN90] is relatively less, which suggesting that the occurrence warmer

days and nights are in higher probability. The 10-year joint return period of [TX90,

TN90] is ranging from 35 to 65 year over the region. The occurrence of warmer days

and nights over the sub-basin 7 are in high probability as compare to other sub-basins

(Figure 4.28).

In Figure 4.28, T5 [TN10, TN90] mainly ranging from 45 to 87 years which indicates

the cool nights and warm nights may exceed their 5-year values in the same year. The

co-occurrence of cool nights and warm nights in same years in the sub-basin 7 is in low

probability. While, in T10 [TN10, TN90] ranging from 257-894 years which are much

higher, implying that it’s almost impossible to occur over the sub-basin 1. The T5

[TX10, TN10], T5 [ID0, FD0] and T5 [TX10, FD0] over the region are quite low, and

ranging from 9 to 15, 9 to 20 and 9 to 14 years, respectively. The co-occurrence of these

events in sub-basin 7 (about 9 years) are in high probability in same year. Similarly,
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the T10 [TX10, TN10], T10 [ID0, FD0] and T10 [TX10, FD0] are ranging from 21 to

54, 22 to 85 and 20 to 51 years, respectively, and having low probability (Figure 4.28).

The 5-year joint return period of [TN10, FD0] is ranges from 5 to 6 years and of [ID0,

FD0] is from 5 to 7 years (Figure 4.28). This results indicating that the over the area

having high probability to occur cool nights and frost days in same year. Same as the

10-year joint return period is ranges from 12 to 14 years and 12 to 17 years for [TN10,

FD0] and [ID0, FD0], respectively (Figure 4.28).
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Figure 4.28: The spatial distribution of observed Joint return period (T5 and T10) for
temperature extremes during 1979-2005.
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4.4.4.2 The change in joint return period of temperature extremes during

2021-2100

The spatial and temporal changes in joint behaviors of temperature extremes can be

represented by the spatio-temporal change in joint return period of same. The spa-

tial patterns of change in joint return period are quite similar for GCM scenarios with

different ranges. The variations in change in return period for projected temperature

extremes from historical duration (1979-2005) are estimated. Figures 4.29 to 4.34 show

the spatial variation of change in joint return periods of temperature extremes for 5

and 10-year marginal during 2021-2100 with the base line period of 1979-2005.

The 5-year change in return period of [TX90, TN90], [TX10, TN10], [ID0, FD0], [TX10,

FD0], [TN10, FD0] and [ID0, TX10] for all scenarios are increasing over the whole study

area, which are representing that the co-occurrences of extremes exceeding their 5-year

values in the same year decrease shown in Figure 4.29. T5 [TN10, TN90] in the major-

ity of scenarios decreasing, indicates that the co-occurrences of cool nights and warmer

nights exceeding their 5-year values in same year increase (Figure 4.29, 4.30 and 4.31).

T5 [TX90, TN90] is increase with the ranges of 42 to 117%, 28 to 150% and 52 to 138%

for RCP2.6, RCP4.5 and RCP8.5 of ESM2G model. The increasing percentage change

in return period of 5-year, indicating the decrease in co-occurrence of warmer days and

nights exceeding their 5-year values in the same year during 2021-2100. Similar patterns

are found under ESM2M and CM3 scenarios during 2021-2100, but RCP scenarios of

CM3 projecting much higher range of percentage change in return period than ESM2G

and ESM2M models shown in Figure 4.31. Figures 4.30 and 4.31 show the percentage

change in return period for ESM2M and CM3 with their RCP scenarios, respectively.

Highest percentage change obtained in the high elevated zones under the RCP2.6 and
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RCP8.5, whereas in RCP4.5 lowest percentage change in same.

During 2021-2100, T5 [TN10, TN90] is decrease in all RCP scenarios with the range of

26 to 95%, 30 to 95 and 19 to 95% for ESM2G RCP2.6, RCP4.5 and RCP8.5 scenarios,

respectively. This implies that the occurrence of cool and warmer nights exceeds their

5-year values increase (Figure 4.29). The change in T5 [TN10, TN90] under ESM2M

and CM3 RCPs are almost same with different percentage changes. Under the RCP8.5

of CM3, change in T5 [TN10, TN90] in sub-basins 5 and 6 is increased by 2 and 7%,

respectively (Figure 4.31). The percentage change in T5 [TX10, TN10] is increased by

54 to 159% for RCP2.6, 61 to 167% for RCP4.5 and 19 to 103% for RCP8.5 of ESM2G

(Figure 4.29). Similar pattern have been observed in RCP scenarios of ESM2M and

CM3, but RCP8.5 of CM3 is decreased over the region except sub-basins 5 and 7 shown

in Figure 4.31. This implies that the chance of occurrence of cool days and nights is

increased over the whole region in same year except sub-basins 5 and 7 under the CM3

RCP8.5 scenario.

Similarly, The 5-year percentage change in return period of [ID0, FD0], [TX10, FD0],

[TN10, FD0] and [ID0, TX10] are increased for almost all RCP scenarios. This suggests

that the occurrence of ice and frost days, cool and frost days, cool nights and frost days

and ice and cool days are decrease in same year. Under the CM3 RCP8.5 scenario,

5-year change in return period of [ID0, FD0] in sub-basins 4 and 6, of [TX10, FD0] in

sub-basins 3, 4 and 6 and of [TN10, FD0] in sub-basin 6 are decrease.

The percentage change in 10-year return period of [TX90, TN90], [TN10, TN90], [TX10,

TN10], [ID0, FD0], [TX10, FD0], [TN10, FD0] and [ID0, TX10] during projected sce-

narios are showing similar spatial pattern as 5-year percentage change in return period.

The spatial distribution of changing rate (%) of 10-year during 2021-2100 for ESM2G,
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ESM2M and CM3 models with their RCP scenarios as shown in Figures 4.31, 4.32 and

4.33, respectively. The 10-year percentage change in return period shows the enormous

percentage increase for seventh sub-basin for T10 [TX10, TN10], T10 [ID0, FD0], T10

[TX10, FD0], indicates that the co-occurrence of cool days and nights, ice and frost

days and cool and frost days exceeding their 10-year value decrease in same year.

Figure 4.29: The spatial distribution of changing rates (%) of T5 of temperature extreme
combinations during 2021–2100 under ESM2G with their RCPs.
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Figure 4.30: The spatial distribution of changing rates (%) of T5 of temperature extreme
combinations during 2021–2100 under ESM2M with their RCPs.
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Figure 4.31: The spatial distribution of changing rates (%) of T5 of temperature extreme
combinations during 2021–2100 under CM3 with their RCPs.
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Figure 4.32: The spatial distribution of changing rates (%) of T10 of temperature
extreme combinations during 2021–2100 under ESM2G with their RCPs.
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Figure 4.33: The spatial distribution of changing rates (%) of T10 of temperature
extreme combinations during 2021–2100 under ESM2M with their RCPs.
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Figure 4.34: The spatial distribution of changing rates (%) of T10 of temperature
extreme combinations during 2021–2100 under CM3 with their RCPs.

4.5 Summary and Conclusions

This chapter presets the assessment of climate extremes over the upper Teesta River

basin induced by climate change. To accomplish this research work, firstly, the impact

of climate change was analyzed by predicting the meteorological variables (precipita-
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tion and temperature) using CMIP5 GCMs with their RCP scenarios. Then the joint

probabilistic behaviors of climate extremes were investigated using parametric copula.

The projected precipitation and temperatures with its extremes are increasing over the

Teesta River basin. The heavy and very heavy precipitation days are increased, while

number of wet days and CWD are decreased with less dry spell (CDD). The joint re-

turn periods of precipitation extreme combinations [CWD, CDD] and [WD, SD] are

decreased, indicating that the co-occurrence of floods and droughts as well as floods

is more frequent in the same year in future. Additionally, the minimum temperature

indices are more pronounced than maximum temperature indices. The joint return pe-

riod temperature extremes are increased during 2021-2100 except [TN10, TN90]. This

implies that the co-occurrence of temperature extreme combination [TN10, TN90] in

terms of cool nights and warmer nights are more frequent in the same year in future

and other extreme combinations are less frequent over the region.

In all cases, the 2nd combination (GCM grid-point combination) is the more effective

combinations than other combination, which shows the significant results as compare

to other combinations. This implies that the effects of wind circulation from Bay of

Bengal are more predominant over the Sikkim Himalayan environment.
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CHAPTER 5

Hydrological Modeling and Relative Contribution

5.1 General

In this chapter, initially hydrological modeling has been presented. The MIKE11

rainfall-runoff edition Nedbor Afstromnings Model (NAM) has been used as hydro-

logical model to assess the main water balance components over the hilly catchment

of Teesta River. Hydrologic modeling for the watershed is important for analysis of

the hydrological processes of flood forecasting and water resources management (Sham-

sudin and Hashim, 2002). For the hilly catchment, the distributed hydrological models

are not appropriate because of lack of hydrological and hydro-meteorological dataset

(Wang et al., 2016). Therefore, a lumped and conceptual model would we useful for

rainfall-runoff simulation. This model was originally developed by the Department of

Hydrodynamics and Water Resources of the Technical University of Denmark. The

hydrological model (MIKE11 NAM) is a lumped conceptual rainfall-runoff model used

to simulates the overland flow and base flow to describe the hydrological cycle of wa-

tershed using a set of mathematical equations (Shamsudin and Hashim, 2002; De Paiva

et al., 2013). Due to being a lumped model, this considers each catchment as a unit,
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therefore the average values of parameters are consider for entire catchment. The sim-

ulated water balance components are the function of four different soil moisture stages

namely; surface zone storage, root zone storage, ground water storage and snow melt

storage. Snowmelt storage is only used where catchment area comes under glacier-faded

zone (Wang et al., 2016). Some of the model parameters can be evaluated based on the

physical catchment dataset, but the final product must be evaluated by calibration with

observed hydrological time series (Madsen, 2000). The projected water balance com-

ponents have been estimated for the time period of 2006-2100 based on the projected

precipitation and temperature dataset using CMIP5 GCMs and their RCP scenarios.

Global observations have verified that the considerable changes of catchment hydrolog-

ical regimes are influenced by integrated consequences of climate variability and land

use/cover changes induced by human interactions (Gao et al., 2016; Wu et al., 2017).

Vorosmarty et al. (2000) have analyzed that the demand of water resources has rapidly

increased with population growth, whereas global and local water resources have simul-

taneously decreased. Thus, the spatial and temporal variability of hydrological cycle

is the one of the most key controlling factor to assess the water balance variability

(Yang et al., 2007). The diminishing water supply and variability in the dynamics

of hydrological cycle prove the sensitiveness of river basins in India to climate and

LULC change. Therefore it is important to analyze the contribution of climate and

anthropogenic activities to changes in runoff generation (Jiang et al., 2015). There are

number of global and regional land surface models to assess the water balance such as

hydrological modeling, statistical methods and Budyko framework. Among of them the

Budyko framework is the robust approach to evaluate the water-energy balance, which

links the land surface and climatic factors to characterize the water cycles at catch-
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ment scales (Williams et al., 2012; Xu et al., 2013). Therefore, the Budyko framework

is used to assess the relative contribution of climatic factors (precipitation, snow-ratio

and evapotranspiration) to runoff changes for different scenarios.

5.2 Hydrological Modeling – MIKE11 NAM

The hydrological model (MIKE11 NAM) a deterministic, lumped and conceptual rainfall-

runoff model, simulating the overland flow, interflow and base flow component of catch-

ment runoff as function of soil moisture in four storages. Model includes a number of

optional extensions, including an advanced snow-melt routing and a separate descrip-

tion of hydrology within the irrigated areas. The physical processes involved for runoff

simulation in the MIKE11 NAM model, the structure of model is shown in Figure 5.1.

The model considers each catchment as single unit, thus the variable and parameters

are taken as average value for entire catchment. It has a set of linked mathematical

relationship to understand the performance of the different zones of the hydrological cy-

cle. The simulation of model is done with four different soil moisture functions namely;

surface zone storage, root zone storage, ground water storage and snowmelt storage.

Snowmelt storage is only used where snowmelt contributes considerably to runoff of

catchment area (Wang et al., 2016). The other three storages such as surface zone stor-

age shows vegetation and near surface soil, root zone storage represents the moisture in

root zone above which overland flow is generated and ground water storage represents

moisture in root zone above which groundwater is generated.
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Figure 5.1: Structure of MIKE11 NAM Model

5.2.1 Model Development

MIKE 11 NAM model was applied to the Teesta River catchment (up to Chugthang),

for calibration of model precipitation, potential evaporation and mean temperature

datasets were used. During calibration total nine parameters are auto calibrated and

obtained optimum values. These optimized parameters are used to estimate the runoff

within the catchment. NAM considers (as default) nine parameters automatically, ac-

counting the surface zone storage, root zone storage and ground water storage. Addi-

tionally, nine parameters are auto calibrated and these parameters are listed below as
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suggested by DHI (DHI, 2009).

1. Maximum water content in surface storage (Umax), represents the cumula-

tive total wate content of the interception storage (on vegetation) and upper soil

layers storage.

2. Maximum water content in root zone storage (Lmax), indicates the maxi-

mum soil moisture content in the root zone, available for transpiration in vegeta-

tion.

3. Overland flow runoff coefficient (CQOF), determines the division of excess

rainfall between overland flow and infiltration.

4. Time constant for routing interflow(CKIF), determines the amount of inter-

flow, decreases with higher time constants.

5. Time constants for routing overland flow (CK1, CK2), represents the shape

of the hydrograph peaks. The routing is done by two-linear series reservoirs for

same time constant (CK1, CK2). Where, high sharp peaks are obtained at shorter

time constant and low peak at longer time constant.

6. Root zone threshold value for overland flow (TOF), determines the relative

moisture content in root zone (L/Lmax) above which overland flow generated. The

impact of TOF can be realize during rainy season, where an increase in parameter

values will delay the start of runoff.

7. Root zone threshold value for overland flow (TIF), determines the relative

moisture content in root zone (L/Lmax) above which overland flow generated.

8. Time constant for routing base flow(CKBF), this constant can be determine
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from the hydrograph recession during dry season. The shape of the measured

recession changes to a slower recession after some time is rarely.

9. Root zone threshold value for groundwater recharge, (TG), determines

the relative moisture content in root zone (L/Lmax) above which ground water

recharge generated. There is less recharge to the groundwater with increase in

TG values.

Further defaults ranges of these nine parameters (DHI, 2009) are shown in Table 5.1,

which shows the parameter upper and lower range with their units.

Table 5.1: Default parameters ranges of MIKE11 NAM Model

S. No. Parameters Lower Range Upper Range Unit

1. Umax 10 20 mm

2. Lmax 100 300 mm

3. CQOF 0.1 1.0 -

4. CKIF 200 1000 hours

5. CK1, CK2 10 50 hours

6. TOF 0 0.99 -

7. TIF 0 0.99 -

8. CKBF 1000 4000 hours

9. TG 0 0.99 -

5.2.2 Basic Component of MIKE11 NAM Model

To represent the various phases of hydrological cycle, the component of NAM model

represented in terms of mathematically functions as follow:
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1. Evaporation: The demands of evaporation (Ea) are fulfilled from the surface ca-

pacity at the potential rate. The moisture content (U) in surface capacity is rarely

less as compare to requirements, and the remaining moisture is extracted back by

the lower zone at an actual rate Ea, where Ea is potential evapotranspiration and

it varies with relative soil moisture as:


L U ≥ E

U+L/(Lmax (E-U) otherwise

(5.1)

2. Overland Flow: At certain limit when the surface storage spills (U >Umax), the

excess water flow as overland flow and also infiltrate. Overland flow (QOF) is the

part of net rainfall, which is corresponds to the net rainfall (Pn) and relative soil

moisture content (L/Lmax) at the lower zone storage. This happens only when

the saturated fraction of the lower zone exceeds threshold value.
CQOFPn[L/Lmax -TOF] L/Lmax >TOF

0 otherwise

(5.2)

3. Interflow: Interflow QIF is directly related to U and relative lower zone soil mois-

ture. The QIF occurs when lower zone saturation fraction exceeds the threshold

value. The interflow is available water to upper zone storage to keep it interflow.


CQIF [(L/Lmax-TIF)/(1-TIF)] L/Lmax >TIF

0 otherwise

(5.3)

4. Interflow and Overland Flow Routing:The interflow is directly related to

two linear reservoirs for same time constant CK12. This is also based on the

same idea with variable time constant. The time constants (CK) are modified as
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mathematical equation, which holds a linear response of nearly surface flow and

kinematic response of above surface flow.


CK12 OF >OFmin

CK12[OF/OFmin]−β otherwise

(5.4)

Where, OF is overland flow (mm/hr) and β =0.4.

5. Groundwater Recharge: The groundwater recharge depends upon the soil

moisture content in the root zone storage. It is related to the infiltrating to the

lower zone, it occurs when the saturated fraction exceeds the threshold value.


I[L/Lmax-TG/(1-TG)] L/Lmax >TG

0 otherwise

(5.5)

In the present study, calibration was carried out using in-built calibration function

to set the model parameters. The evaluation of model performance is done based on

the root-mean-square error (RMSE) between the observed and forecasted values and

Efficiency index as suggested by (Nash and Sutcliffe 1970).

RMSE =

√∑n
t=1(Q

o
t −Qst )2
n

(5.6)

Efficiency Index(EI) = 1−
∑n

t=1(Q
o
t −Qst )2∑n

t=1(Q
o
t −Qo)2

(5.7)

The ranges of nine default parameters are used to calibrate the model, than cali-

brated model generates the optimized values of default parameters based on the RMSE

and EI as shown in Table 5.2. Further, calibrated model used to generate the histor-

ical stream flow during 1991 to 2005 as shown in Figure 5.2. From the Table 5.2, it
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is observed that the maximum water content in surface storage (Umax) within the top

few centimeter which is 18.9 mm and the lower zone representing the maximum water

content in root zone storage (Lmax) is 286 mm. The time series is divided into two part

for calibration (1991-2000) and validation (2001-2005), the calibration and validation

results are shown in Figure 5.2. The calibration and validation result shows at daily

time scale.

Table 5.2: Optimized parameters using auto-calibration in MIKE11 NAM model

S. No. Parameters Unit Optimized value

1. Umax mm 18.9

2. Lmax mm 286

3. CQOF - 0.721

4. CKIF hours 839.8

5. CK1, CK2 hours 25.8

6. TOF - 0.309

7. TIF - 0.199

8. CKBF hours 11648

9. TG - 0.437

After auto calibration, the optimized parameters are used to simulate the projected

streamflow for the time period of 2006-2100. The different projected GCM grid-point

combination’s precipitation and temperature datasets are used to project stream flow

over the Teesta River catchment. The projected stream flow shows the significant in-

crease during 2006-2100 for all projected scenarios (Figures 5.3-5.9). Figures 5.3 to
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Figure 5.2: Calibration and validation results of MIKE11 NAM model.

5.9 represent the annual streamflow for the duration of 2006-2100 for different GCM

scenarios and combinations. The projected streamflow have increased in the 21st cen-

tury with the range of 8.51 to 22.63 m3/s for RCP 2.6 scenario, 9.25 to 21.85m3/sfor

RCP4.5 scenarios and 6.16 to 27.01m3/s for RCP8.5 scenarios as compare to reference

base period of 1991-2005. The average observed annual streamflow during 1991-2005 at

Chugthang gauge station is about 132.36 m3/s. The result shows that the maximum

increase in streamflow is about 20.41% and minimum increase is about 4.64%. The

maximum change was found in the 2nd combination and minimum change was found

in the 6th combinations of RCP 8.5 scenarios.

Form the analysis it is found that the after 2050s the projected streamflow have in-

creased rapidly. The quantification results of during 2006-2050, the streamflow have in-

creased except combinations (2nd, 3rd, 4th, 5th, 6th and 7th) of ESM2M under RCP8.5
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scenario with reference to historical period (1991-2005). Whereas, during 2051-2100, all

the scenarios and combinations showed the increase in stream flow. The change during

2006-2050, ranged from 4.42 to 23.17 m3/s for RCP2.6, 3.73 to 16.11 m3/s for RCP4.5

and -10.12 to 14.03 m3/s for RCP8.5 scenario. Further, the ranges of streamflow dur-

ing 2051-2100 are 8.59 to 22.14 m3/s, 10.47 to 30.88 m3/s and 13.08 to 38.70 m3/s for

RCP2.6, RCP4.5 and RCP8.5 scenario. These changes are obtained from the difference

among historical (1991-2005) and projected scenarios.

Additionally, the streamflow changes have been calculated for the projected streamflow

scenarios to check the change in magnitude. The projected time series is divided into

two inter-decadal time series viz. 2006-2050 and 2051-2100. The change in stream

flow during between these inter-decal times steps have shown in Table 5.3. The result

clearly indicates that the projected stream flow after 2050s (2051-2100) would have

higher magnitude than before 2050s (2006-2050) except some of the combinations (2nd,

4th and 6th) as shown in Table 5.3. The ESM2M model result projecting higher range

as compare to other two models for all RCP scenarios.
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Table 5.3: Change in Streamflow amount at Chungthang between two intra-decades
(2006-2050) and (2051-2100) for CMIP5 GCMs and their RCPs, where C’s are combi-
nation.

Scenario
Combination

C1 C2 C3 C4 C5 C6 C7

ESM2G

RCP2.6 1.35 -1.03 2.38 1.07 2.51 0.04 2.28

RCP4.5 6.71 11.62 5.11 4.46 5.66 10.06 4.27

RCP8.5 12.52 24.66 10.99 10.26 10.60 18.78 10.96

ESM2M

RCP2.6 10.12 7.94 10.28 10.12 11.16 7.58 12.32

RCP4.5 17.54 23.35 19.05 17.59 18.55 18.77 21.77

RCP8.5 22.43 37.51 26.87 26.19 24.71 30.92 26.98

CM3

RCP2.6 0.50 0.83 0.03 -0.62 0.18 -1.21 0.16

RCP4.5 4.92 10.05 5.29 2.26 3.82 6.48 2.59

RCP8.5 10.15 25.23 11.00 9.04 9.49 22.30 9.50

Figure 5.3: Projected streamflow of all scenarios for first GCM grid-point combination
(C1) at Chugthang.
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Figure 5.4: Projected streamflow of all scenarios for second GCM grid-point combina-
tion (C2) at Chugthang.

Figure 5.5: Projected streamflow of all scenarios for third GCM grid-point combination
(C3) at Chugthang.
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Figure 5.6: Projected streamflow of all scenarios for fourth GCM grid-point combination
(C4) at Chugthang.

Figure 5.7: Projected streamflow of all scenarios for fifth GCM grid-point combination
(C5) at Chugthang.
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Figure 5.8: Projected streamflow of all scenarios for sixth GCM grid-point combination
(C6) at Chugthang.

Figure 5.9: Projected streamflow of all scenarios for seventh GCM grid-point combina-
tion (C7) at Chugthang.
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5.3 Relative Contribution of Climate Variables to Runoff

As per the IPCC AR5, the global air temperature has increased in last 20th cen-

tury. This warmer climate may lead to less precipitation falling as snow in cold region

(Berghuijs et al. 2014). Thus the change in precipitation may exert a great influence in

the available water resources, especially in the snowmelt dominated runoff catchments

where more than one-sixth of the world’s population lives (Barnett et al. 2005). An

increasing in temperature and decrease in precipitation as snowfall can alter available

water resources as change in runoff for example earlier peak in spring season and de-

crease in summer-autumn runoff for a total annual precipitation over the region (Zhang

et al. 2015). This implies that the change in precipitation due to global warming can

alter the temporal distribution of intra-annual runoff, resulting increasing possibility of

spring flood disasters and water crises in summer (Allamano et al. 2009; Zhang et al.

2015). The shift in state of precipitation on mean annual runoff are the important fac-

tors that controls the available water resources (Zhang et al. 2015). This study focused

to understand the relationship between climate variables (snow-ratio, precipitation and

evapotranspiration) and mean annual runoff variation induces by climate change.

The main focus of this study is to understand the effect of climate variables (snow-

ratio, precipitation and evapotranspiration) on annual runoff using Budyko framework

under changing climate. Budyko suggested a framework, which is useful to assess the

long term change in annual runoff due to different climate variables (Budyko, 1974).

In order the address the problem, historical (1982-2005) and projected CMIP5 GCMs

dataset are used. The overall methodology framework of relative contribution of climate

variables over the long term annual runoff changes has been shown in Figure 5.10.
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Figure 5.10: Flow chart of relative contribution of climate variables to annual runoff
changes.

Due to unavailability of precipitation type at any meteorological stations, the rela-

tionship based on the threshold temperature used to categorize the precipitation type

e.g. if the temperature for a day is below zero and precipitation occurs that means

precipitation occurs as snow else rainfall.


snowfall Td <0

rainfall, Td >0

(5.8)

Where, Td is the daily mean temperature

The daily evapotranspiration was estimated based on the Penman-Monteith FAO equa-

tion (Allen et al. 1998) and Hamon’s equation (Hamon 1960) and compared.

Penman-Monteith Equation

0.408∆(Rn −G) + γ 900
T+273Uz(es − ea)

∆ + γ(1 + 0.34U2)
(5.9)
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Where, ETo = Reference evapotranspiration [mm/day], Rn = Net radiation at

the crop surface [MJm−2day−1], G = Soil heat flux density [MJm−2day−1], T =

Mean daily temperature (◦C), U2 = Wind speed at 2m height [ms−1], es and ea =

Saturation and actual vapour pressure [kPa], ∆ = Slope vapour pressure curve [kPa◦C],

g = Psychometric constant [kPa◦C]. All these dataset are collected from Food and

Agriculture Organization (FAO) and some of them are calculated using FAO equations

such as es, ea, ∆, Rn.

Hamon’s equation

Ep = α.d.D2ρw (5.10)

where,α is the adjustment factor, d is the number of days in a month, D is the mean

monthly hours of daylight in units of 12 h and ρw is a saturation water vapor density,

calculate as:

ρw = 0.0495e0.062T (5.11)

where, T is the monthly mean temperature in ◦C. The value of α (Hamon’s equation)

was adjusted, which is calibrated by minimizing the difference between two mean annual

Ep values (1982-2005) estimated by Penman–FAO and Hamon’s equation for catchment.

The future monthly precipitation, temperature and snowfall outputs are extracted from

CMIP5 GCM scenarios and future Ep values are calculated using Hamon’s equation with

adjusted α (adjustment factor).

5.3.1 Snow-Ratio

The snow-ratio (rs) was calculate as the ratio of mean annual snowfall amount to mean

annual precipitation, which can eliminate the influence of phase difference originating
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from the snow accumulation and melting in different years (Zhang et al., 2015).

snowratio(rs) =
Totalannualsnowfall

Totalannualprecipitaiton
(5.12)

5.3.2 Inclusion of Snow-Ratio in the Budyko Framework

The assessment of catchment factors such as vegetation type and cover, soil type and

topography essential to estimate the mean annual water–energy balance equation under

general conditions using mathematical expression. Choudhury’s equation provides the

theoretical solution to calculate the synthesis parameter (n) which represents the effects

of the catchment factors such as vegetation type and cover, soil type and topography

(Zhang et al. 2015).

1− Q

p
=
[
1−n +

(Ep
p

)−n]−1/n
(5.13)

Where n is a synthesis parameter, Q/P is the runoff index and Ep/P is the dryness

index.

When snowfall is considered, in the equation 5.13 there may be some differences

in energy and water terms. The water–energy balance in form of above equation with

consideration of snow can be rewritten as follows:

1− Q

p
=
[
(1− rs)−n +

(Ep
p

)−n]−1/n
(5.14)

Where, rs is the snow-ratio.

Observed long term discharge (Q), precipitation (P ), snow-ratio (rs) and potential

evaporation (Ep) during 1982-2005 are used to calculate the synthesis parameter (n).

The value of n can be calculated based on the vegetation type and cover, soil type and

topography. Firstly, we have divided past (1982-2005) data in two parts (1982-1993
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and 1994-2005) and checked; is there significant change in n value? Result shows the no

significant difference in n value. Based on the historical dataset, the n value is chosen as

constant for projected scenarios. In this research work we have not project the LULC

and topographical changes for future. Thus, the calculated n value is used as constant

value for future scenarios because there is no significant change (in n values) in the

historical time.

5.3.3 Attribution of runoff change

The Choudhury’s equation again used to calculate the projected discharge due to change

in climate factors (P, Ep, rs). Furthermore, this will provide a theoretical tool to

attribute the mean annual runoff change to climate variability, especially the snow

ratio change. We reorganize Equation 5.14 and differentiate it to calculate change in

Q due to changes in climate factors (P, Ep, rs) and catchment characteristic (n). The

first order of equation 5.14.

dQ =
δQ

δP
dP +

δQ

δEp
dEp +

δQ

δrs
drs +

δQ

δn
dn+ (5.15)

Where,

δQ

δP
= 1− P −Q

P

Enp
[P (1− rs)]n + Enp

(5.16)

δQ

δEp
= −P −Q

Ep

[P (1− rs)]n

[P (1− rs)]n + Enp
(5.17)

δQ

δrs
=
P −Q
1− rs

Enp
[P (1− rs)]n + Enp

(5.18)
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δQ

δn
= −P −Q

n

(
ln[Pn(1− rs)n + Enp ]

n
−

[P (1− rs)]nln[P (1− rs)] + +Enp ln(Ep)

[Pn(1− rs)n + Enp ]

)
(5.19)

The runoff changes can be estimated between pre and post period due to climatic

factors (P, Ep, rs) and catchment characteristic (n) , respectively. The relative contri-

bution of snow ratio variation to annual runoff change ηrs , is defined as:

ηrs =
∆Qrs
∆Q

.
|∆Q|
Q1

= sign(∆Q).

δQ
δrs

∆rs

Q1
(5.20)

Similarly, the relative contribution of precipitation evapotranspiration variation to an-

nual change can be calculated as:

ηp =
∆Qp

∆Q
.
|∆Q|
Q1

= sign(∆Q).
δQ
δP ∆P

Q1
(5.21)

ηEp =
∆QEp

∆Q
.
|∆Q|
Q1

= sign(∆Q).

δQ
δEp

∆Ep

Q1
(5.22)

Where, ∆Q = Q2 − Q1,∆rs = rs2 − rs1,∆P = P2 − P1and∆Ep = Ep2 − Ep1 Using

equation 5.7, we have calculated the specific catchment parameter n which is about 0.898

for the Teesta River catchment for historical observations. The change in mean annual

runoff and precipitation is calculated as the difference between the period of 1982-1993

and 1994-2005, which is decreased about 12.51m3/s and 6.5 mm, respectively during

1994-2005 with respect to 1982-1993. While, the snow ratio is increased by 0.05 during

1994-2005 with respect to 1982-1993. The estimated specific catchment parameter n

= 0.898 is considered for projected scenarios to analyze the discharge using equation

5.7. The change in the snow ratio is also analyzed, which is decreased by 0.038 to

0.096 during 2020-2060 with respect to historical 1982-2005. Figure 5.11 shows the
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annual snow-ratio trend for different scenarios and combinations, which indicated that

the snow-ratio is continuously decreasing during 21st century. The change in runoff

during 2020-2060 is increased by 8 to 18% for RCP2.6, 10 to 15% for RCP4.5 and 2

to 15% of ESM2M, ESM2G and CM3 GCMs respectively, with related to historical

(1982-2005) time scale. The precipitation is also increased by 44 to 354 mm during

2020-2060 with the baseline period of 1982-2005.
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Figure 5.11: Annual projected snow-ratio trends over the study area for three GCMs
and their RCP scenarios for all combinations, where C’s are combination.

Furthermore, the relative contribution of snow-ratio, precipitation and evapotran-

spiration to the annual runoff changes for observed and projected scenarios. Table 5.4

shows the percentage relative contribution of climate variables (P, Ep and rs) to an-
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nual runoff changes for different scenarios for different scenarios and all combinations

generated from GCM grid-points (see chapter 4).

Table 5.4: Percentage relative contribution of snow ratio, precipitation and evapotran-
spiration variation to annual runoff change, where C’s are GCM grid-point combina-
tions.

Scenarios
Relative change (%) in annual runoff due to climate factors

Snow-ratio (rs) Precipitation (P) Evapo-transpiration (Ep)

Observed -0.96 0.33 1.36

C1

ESM2G

RCP2.6 -1.00 10.24 0.21

RCP4.5 -0.96 9.56 0.24

RCP8.5 -0.77 6.94 0.39

ESM2M

RCP2.6 -0.98 11.34 0.18

RCP4.5 -0.98 8.62 0.24

RCP8.5 -0.83 6.39 0.37

CM3

RCP2.6 -1.08 8.41 0.08

RCP4.5 -0.92 9.10 0.20

RCP8.5 -0.71 4.75 0.31

C2

ESM2G

RCP2.6 -1.04 17.78 -0.02

RCP4.5 -1.02 16.23 0.06

RCP8.5 -0.91 12.35 0.23

ESM2M

RCP2.6 -1.05 19.33 0.00

RCP4.5 -1.91 17.03 0.13
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RCP8.5 -0.89 15.24 0.24

CM3

RCP2.6 -1.08 9.21 0.16

RCP4.5 -0.81 11.65 0.25

RCP8.5 -0.98 2.33 0.30

C3

ESM2G

RCP2.6 -0.98 8.76 0.12

RCP4.5 -0.96 8.35 0.15

RCP8.5 -0.82 6.31 0.30

ESM2M

RCP2.6 -1.00 8.94 0.14

RCP4.5 -0.98 8.89 0.21

RCP8.5 -0.88 5.48 0.31

CM3

RCP2.6 -1.16 8.94 0.13

RCP4.5 -1.02 8.63 0.23

RCP8.5 -0.98 2.76 0.38

C4

ESM2G

RCP2.6 -1.04 9.95 0.14

RCP4.5 -0.96 9.35 0.16

RCP8.5 -0.84 6.96 0.32

ESM2M

RCP2.6 -1.08 8.74 0.17

RCP4.5 -1.00 8.68 0.22

RCP8.5 -0.84 5.12 0.31

CM3

RCP2.6 -1.10 8.86 0.14

RCP4.5 -1.04 8.85 0.24
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RCP8.5 -0.90 2.85 0.35

C5

ESM2G

RCP2.6 -1.06 7.57 0.13

RCP4.5 -1.00 8.57 0.16

RCP8.5 -0.84 6.28 0.30

ESM2M

RCP2.6 -1.04 8.34 0.12

RCP4.5 -1.02 7.48 0.20

RCP8.5 -0.86 4.85 0.28

CM3

RCP2.6 -1.08 8.86 0.13

RCP4.5 -1.00 8.70 0.24

RCP8.5 -0.94 2.79 0.40

C6

ESM2G

RCP2.6 -1.00 16.40 0.02

RCP4.5 -0.94 14.41 0.11

RCP8.5 -0.86 8.60 0.28

ESM2M

RCP2.6 -1.04 16.03 0.03

RCP4.5 -0.88 13.07 0.11

RCP8.5 -0.92 9.13 0.30

CM3

RCP2.6 -1.08 7.88 0.15

RCP4.5 -0.96 8.37 0.25

RCP8.5 -1.15 9.23 0.28

C7

ESM2G

RCP2.6 -1.02 7.41 0.12
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RCP4.5 -1.00 7.34 0.19

RCP8.5 -0.82 5.23 0.31

ESM2M

RCP2.6 -1.06 9.71 0.19

RCP4.5 -0.98 8.19 0.20

RCP8.5 -0.84 3.65 0.31

CM3

RCP2.6 -1.10 9.21 0.16

RCP4.5 -1.04 9.11 0.24

RCP8.5 -0.96 3.05 0.38

From the results, it is clearly showed that snow-ratio and evapotranspiration are not

the main factor those affecting the runoff changes, whereas precipitation is the major

factor that affects the runoff changes with the ranges of 2 to 19% for different scenarios

as shown in Table 5.4. The changes in runoff due to snow-ratio and evapotranspiration

are ranged from -0.071 to -1.91% and -0.02 to 0.39% for different scenarios, respectively.

The maximum projection changes have been found in 2nd combination. As the possi-

ble warming climate quantifies that the change in annual runoff resulting from snow

ratio is negative, as the snow ratio decreased during 2020-2060 relative to 1982-2005.

This implies that, precipitation is less likely to occur as snowfall. A shift from snowfall

towards rainfall over the region is considered not to influence the annual runoff signifi-

cantly. Similar results found by other researchers for snow-dominated regions (Barnett

et al., 2005; Berghuijs et al., 2014). Here, clearly shown that the annual runoff is likely

to reduce over the catchment that has significant reduction in precipitation falling as

snowfall.
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5.4 Summary and Conclusions

This chapter presented the hydrological response over the study area using hydrologi-

cal modeling and impact on runoff changes due to climate variables. For hydrological

modeling MIKE11 NAM model and for relative contribution Budyko framework have

been used. The result indicates that the projected streamflow have increased for all

scenarios and snow-ratio has decreased over the Teesta River catchment. The stream-

flow have increased after 2050 with faster rate as compare to before 2050. Precipitation

is the major factor for runoff changes, but due to snow-ratio slight decrease in runoff

has been observed. In addition, the precipitation is less likely to occur as snow over the

catchment.
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CHAPTER 6

Glacial Lake Identification and Glacial Lake Outburst

Floods Dynamics

6.1 General Overview

This chapter covers the glacial lake identification using remoter sensing application

and insights of glacial lake outburst floods (GLOFs) dynamics using hydrodynamic

modeling over the Teesta River catchment. To characterize the glacial lake, spatial and

temporal LANDSAT remote sensing images are used. There are several limitations in

using remote sensing satellite dataset for mapping, therefore the field data is integrated

to improve the remote sensing applications. For clear identification of glacial lakes,

satellite images should be cloud free and least snow cover (Jain et al., 2012). If cloud

cover is present, so removals of clouds from satellite images (atmospheric correction) are

essential for glacial lake mapping. Once the corrections are made, the accurate glacial

lakes can be mapped.

The global climate change is the one of the important key factor in retreating and

shrinking of glaciers all around the world, and Himalayan region is no exception. The
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modified glaciated environment can cause the formation of glacial lakes and expansion

of their size (Ives et al., 2010). In mountain regions, the glacial lakes are an indicator

of hazards in terms of GLOF because of their instability and forming at snow of the

retreating glaciers (Gardelle et al., 2011). Therefore, the assessment of GLOF dynamics

using hydrodynamic modeling is essential to overcome the hazards from these events.

Hydrodynamic modeling can be an important tool to minimize the losses; as it provides

the spatial and temporal variation of flow, water depth, velocity and water level etc. In

this study, MIKE11 HD hydrodynamic modeling tool was used for GLOF dynamics.

6.2 Inventory of Glacial Lakes

The Teesta River basin covers the snow and glaciers especially at the upstream portion.

In the Sikkim Himalaya, a number of glacial lakes at glacier snout are dammed by loose

and friable debris. These glacial lakes are an indirect indicator of retreating of glacier

and present hazard to downstream locations (Gardelle et al., 2011), but not all glacial

lakes are unstable to outburst disastrously. Due to the changing climate, many glaciers

are retreating around the world and forming new glacial lakes and increasing existing

glacial lakes size. The new formation of moraine-dammed glacial lakes and GLOFs are

major concern in the hilly catchments (Kulkarni, 2007). Thus, there is an argent need

to carry out a detail glacier lake inventory, to monitor the current status of the glacial

lakes, for the sustainable water management and to prevent these region from severe

flash flood hazards.

The glacial lake data base is essential to identify the potentially dangerous lakes.

The detailed field and remotely senesced survey of individual glacial lake would be useful

to quantify parameters (mean depth, potential flood volume in contact with retreating
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glacier etc.). But, in the Himalayan region it is not possible to assess all the glacial

lakes because some glacial lakes are not reachable/ not assessable for field investigation.

Therefore, remote sensing techniques are the best solution to explore each glacial lakes

to reduce the hazardous events occurring over the Himalayan region (Worni et al.,

2013). Sometimes remote sensing based extraction of glacial lakes sometimes fails, if

the glacial lakes are covered by ice, under mountain shadows and cloud contamination.

Thus, the cloud free satellite images are selected during melt time periods (during

October/November) when the cloud cover is less than 10%. In this study, LANDSAT

imageries were obtained for the years 1990, 2000, 2010 and 2014.

6.2.1 Image Rectification

Before extraction of glacial lakes, the remote sensing images should be free from cloud

and haze for better interpretation. The top of atmospheric correction is required for

removal of cloud and haze. Following are the step for top of atmospheric correction:

1. Digital Number (DN) to Radiance Conversion: The following formula is

used for converting the DN values into the radiance values.

For LANDSAT ETM+

Lλ = [(LMAXλ − LMINλ)/255×DNλ] + LMINλ (6.1)

Where, Lλ = radiance in watts/(m2 * ster * 10−6 m), DN = digital number, This

formula can used for all bands of LANDSAT with different values of LMAXλ and

LMINλ.

Similarly for LANDSAT 8:

Lλ = ML Qcal +AL (6.2)
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Where, Lλ is spectral radiance in watts/(m2 ∗ srad ∗ µ m), ML and AL is Band-

specific multiplicative and additive rescaling factor taken from metadata, respec-

tively, Qcal is Quantized and calibrated standard product pixel values (DN).

2. Radiance to Reflectance Conversion: the radiance is converted to reflectance

using the below given formula:

For LANDSAT ETM+

ρP =
(π × Lλ × d2)

(ESUNλ × cos(θs))
(6.3)

Where, ρP = Planetary reflectance; Lλ = Spectral band radiance at the sensor’s

aperture; d = Earth-Sun distance in astronomical units (AU) from nautical hand-

book or interpolated from values; ESUNλ= Mean solar exo-atmospheric irradi-

ances for given wavelength in watts/m2/µm/ster (Markham and Barker, 1987).

Use Sun elevation angle as 45.0177078 degrees for Landsat ETM. Sun elevation

for Landsat 8 Sun elevation: 61.51233764 and Sun Azimuth as 31.886; θs = Solar

zenith angle in degrees.

Similarly for LANDSAT 8

ρ λ′ = Mρ Qcal +Aρ (6.4)

Where, ρλ
′

= Planetary reflectance without correction for solar angle; Mρ and Aρ

= Band-specific multiplicative and additive rescaling factor from the metadata,

respectively; Qcal = Quantized and calibrated standard product pixel values (DN).
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6.2.2 Glacial Lake Extraction

After image rectification, the remote sensing images are used for identification of glacial

lakes over the region. The detailed inventory of glacial lakes in North Sikkim Himalaya

was prepared using LANDSAT imageries during 1990 to 2014. For detection of glacial

lakes, LANDSAT imageries ware used with three indexes namely; Normalized Difference

Vegetation Index (NDVI), Normalized Difference Water Index (NDWI) and Normalized

Difference Turbidity Index (NDTI) have been applied with visual interpretation. The

ERDAS IMAGINE 2014 software was used for different indexes calculation.

NDV I =
(Reflectance(NIR)−Reflectance(Red))

(Reflectance(NIR) +Reflectance(Red))
(6.5)

NDWI =
(Reflectance(Green)−Reflectance(NIR))

(Reflectance(Green) +Reflectance(NIR))
(6.6)

NDTI =
(Reflectance(Red)−Reflectance(Green))

(Reflectance(Red) +Reflectance(Green))
(6.7)

Where, Green, Red and NIR represent green, red and near infrared band, respec-

tively. The NDVI is defined as the identification of vegetation cover. The NDWI is

developed to get maximum reflectance of water using green wavelengths and minimum

reflectance of NIR. The result shows the water bodies as positive values (McFeeters,

1996; Qiao et al., 2012). The NDTI is defined by (Lacaux et al., 2007) as the identi-

fication of turbid water pixel with spectral reflectance characteristics of turbid water.

This NDTI is designed to rectify the pure water feature (separate snow and water)

(Subramaniam and Saxena, 2011). Figure 6.1 shows the Flow chart of the extraction

methodology of glacier lakes over the study area.
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Total 203 numbers of glacial lakes are found having area greater than 0.01 km2,

are extracted and most of them are situated in high elevation zones i.e. 78.79% glacial

lakes exist in 4500-5500 m elevation and 12.12% glacial lakes exist in more than 5500

m elevation in the year 2014 (Table 6.1). The delineated glacial lakes are mapped over

the study are as shown in Figure 6.2.
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Figure 6.1: Glacial lake extraction methodology flow chart.

Once the glacial lakes mapped as shown in Figure 6.2, the vulnerability of glacial

lakes has been analyzed based on the area of lake (>0.05 km2), lake attached with

parental glaciers and/or at the snout of the glacier, steep slope, freeboard, poten-

tial flood volume, possible lowering height and change detection using remote sensing

193

TH-2186_146104038



Chapter 6. Glacial Lake Identification and Glacial Lake Outburst Floods Dynamics

datasets as ICIMOD suggested. Table 6.2 shows the statistics and geographical loca-

tion of glacial lake delineated from LANDSAT multispectral satellite for the years 1990,

2000, 2010 and 2014. Many glacial lakes are very small over the region so only 73 glacial

lakes having area greater than 0.05 km2 are selected for further analysis (Table 6.2).

Figure 6.2: Delineated glacial lakes over the study area.
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Table 6.1: Proportions of glacial lake counts with elevation in the North Sikkim Hi-
malayas

S. N. Elevation Range (m) No. of glacial lakes Glacial lakes (%)

1. <3500 0 0

2. 3500-4500 19 9.36

3. 4500-5500 159 78.33

4. >5500 25 12.32

Total glacial lakes 203 100

Table 6.2: Geographical locations and statistics of glacial lakes during 1990-2014 over
the selected study area.

Lake-ID Latitude Longitude
Area (km2)

1990 2000 2010 2014

GL-1 27.99 88.81 1.565 1.461 1.512 1.759

GL-2 28.01 88.71 1.325 1.132 1.139 1.152

GL-3 28.01 88.76 1.063 0.999 0.931 1.112

GL-4 28.03 88.71 1.054 1.081 1.091 1.084

GL-5 28.01 88.7 0.765 0.799 0.897 0.927

GL-6 27.9 88.78 0.59 0.286 0.325 0.299

GL-7 27.98 88.62 0.569 0.561 0.563 0.572

GL-8 27.95 88.33 0.574 0.568 0.568 0.622

GL-9 27.99 88.55 0.536 0.533 0.574 0.787

GL-10 27.91 88.2 0.562 0.664 NA NA

GL-11 28.06 88.63 0.479 0.126 0.121 0.149

GL-12 28 88.64 0.384 0.343 0.316 0.3
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GL-13 27.9 88.76 0.335 0.342 0.419 0.389

GL-14 27.94 88.78 0.341 0.119 0.132 0.121

GL-15 28.01 88.49 0.351 0.391 0.448 0.409

GL-16 27.92 88.16 0.311 NA NA NA

GL-17 27.67 88.51 0.319 0.231 0.204 0.322

GL-18 27.96 88.74 0.254 0.227 0.214 0.212

GL-19 27.95 88.31 0.24 0.357 0.374 0.332

GL-20 28.01 88.56 0.227 0.255 0.256 0.276

GL-21 28.01 88.57 0.209 0.26 0.243 0.271

GL-22 27.96 88.65 0.184 0.19 0.209 0.136

GL-23 27.96 88.36 0.181 0.166 0.183 0.179

GL-24 27.97 88.8 0.192 0.196 0.188 0.191

GL-25 27.91 88.34 0.192 NA NA NA

GL-26 27.73 88.83 0.165 0.185 0.074 0.171

GL-27 27.89 88.24 0.201 0.163 NA NA

GL-28 27.72 88.45 0.154 0.154 NA 0.149

GL-29 27.83 88.32 0.185 0.092 0.113 0.135

GL-30 28.01 88.65 0.141 0.138 0.115 0.121

GL-31 27.97 88.43 0.154 0.136 0.141 0.145

GL-32 27.76 88.48 0.143 0.087 0.128 0.184

GL-33 27.97 88.44 0.139 0.059 0.087 0.104

GL-34 27.85 88.81 0.133 0.081 0.843 0.084

GL-35 27.82 88.26 0.135 0.06 0.104 0.136
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GL-36 27.82 88.66 0.139 0.138 0.145 NA

GL-37 27.72 88.69 0.131 0.116 0.127 0.128

GL-38 27.86 88.86 0.127 0.127 0.139 0.158

GL-39 27.85 88.24 0.127 0.065 0.289 0.308

GL-40 27.84 88.8 0.122 NA NA NA

GL-41 27.98 88.79 0.121 0.091 0.097 0.074

GL-42 27.88 88.25 0.12 0.133 0.15 NA

GL-43 27.99 88.74 0.118 0.086 0.118 NA

GL-44 27.92 88.31 0.155 0.106 0.108 0.128

GL-45 27.97 88.42 0.124 0.113 0.13 0.13

GL-46 27.95 88.35 0.132 0.196 0.127 0.211

GL-47 27.97 88.59 0.118 0.119 0.112 0.112

GL-48 27.66 88.69 0.118 0.133 0.145 0.182

GL-49 27.7 88.51 0.1 0.077 NA NA

GL-50 27.75 88.69 0.125 0.092 0.11 NA

GL-51 27.92 88.67 0.123 0.102 0.107 0.104

GL-52 27.96 88.8 0.114 0.088 0.112 0.122

GL-53 27.67 88.69 0.107 NA 0.125 0.109

GL-54 27.99 88.6 0.106 0.105 NA 0.103

GL-55 27.84 88.23 0.103 0.103 0.127 0.117

GL-56 27.87 88.79 0.099 0.096 0.111 0.112

GL-57 27.82 88.45 0.089 0.076 0.083 0.079

GL-58 27.89 88.27 0.096 0.091 0.093 0.108
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GL-59 27.89 88.26 0.121 0.085 NA 0.076

GL-60 27.75 88.68 0.09 0.074 0.072 0.063

GL-61 27.95 88.22 0.092 NA NA NA

GL-62 27.87 88.64 0.079 0.079 0.095 NA

GL-63 27.7 88.72 0.09 NA 0.077 NA

GL-64 27.99 88.8 0.08 0.071 0.074 0.078

GL-65 27.88 88.26 0.08 0.091 0.086 0.112

GL-66 28 88.55 0.071 0.101 0.094 0.095

GL-67 27.94 88.27 0.075 0.071 0.063 0.092

GL-68 27.76 88.61 0.065 NA NA 0.058

GL-69 27.68 88.81 0.074 0.076 0.059 0.057

GL-70 27.77 88.85 0.078 0.062 NA 0.068

GL-71 27.85 88.5 0.081 0.063 NA 0.085

GL-72 27.83 88.42 0.066 NA NA NA

GL-73 27.94 88.27 0.064 NA NA NA

As per the temporal analysis from 1990-2014, most of the glacial lakes are increas-

ing/decreasing their size, while some of the glacial lakes are disappeared and some are

newly formed (Table 6.3). The temporal change of glacial lakes between the years and

percentage increase/decrease in 25 years from 1990 to 2014 are shown in Table 6.3.

198

TH-2186_146104038



Chapter 6. Glacial Lake Identification and Glacial Lake Outburst Floods Dynamics

Table 6.3: Temporal change of glacial lakes area between the years

Lake-ID
Temporal Change between the years (km2) Percentage (%)

increase/decrease1990-2000 2000-2010 2010-2014 1990-2014

GL-1 -0.104 0.051 0.246 0.193 12.356

GL-2 -0.193 0.007 0.013 -0.173 -13.077

GL-3 -0.064 -0.068 0.181 0.049 4.629

GL-4 0.026 0.01 -0.007 0.03 2.837

GL-5 0.034 0.098 0.029 0.161 21.056

GL-6 -0.304 0.039 -0.026 -0.291 -49.324

GL-7 -0.008 0.002 0.008 0.002 0.418

GL-8 -0.007 0 0.055 0.048 8.381

GL-9 -0.003 0.04 0.213 0.251 46.842

GL-10 0.102 Disappeared NA Disappeared NA

GL-11 -0.353 -0.005 0.028 -0.329 -68.78

GL-12 -0.042 -0.027 -0.016 -0.084 -21.931

GL-13 0.007 0.077 -0.03 0.054 16.114

GL-14 -0.222 0.013 -0.011 -0.22 -64.543

GL-15 0.04 0.057 -0.039 0.058 16.65

GL-16 Disappeared NA NA Disappeared NA

GL-17 -0.088 -0.028 0.119 0.003 0.996

GL-18 -0.027 -0.012 -0.002 -0.042 -16.497

GL-19 0.117 0.017 -0.042 0.092 38.093

GL-20 0.027 0.001 0.02 0.048 21.29
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GL-21 0.05 -0.017 0.028 0.062 29.452

GL-22 0.006 0.019 -0.073 -0.047 -25.816

GL-23 -0.014 0.017 -0.004 -0.002 -1.145

GL-24 0.005 -0.008 0.003 0 -0.056

GL-25 Disappeared NA NA Disappeared NA

GL-26 0.02 -0.112 0.098 0.006 3.85

GL-27 -0.038 Disappeared NA Disappeared NA

GL-28 -0.001 0 -0.005 -0.006 -3.813

GL-29 -0.093 0.021 0.022 -0.05 -27.092

GL-30 -0.002 -0.023 0.005 -0.02 -14.326

GL-31 -0.018 0.005 0.004 -0.009 -5.838

GL-32 -0.056 0.041 0.056 0.041 28.448

GL-33 -0.08 0.029 0.017 -0.035 -25.005

GL-34 -0.052 0.761 -0.758 -0.049 -36.629

GL-35 -0.075 0.044 0.032 0.001 0.771

GL-36 -0.001 0.007 Disappeared Disappeared NA

GL-37 -0.015 0.011 0.002 -0.002 -1.842

GL-38 0 0.011 0.02 0.031 24.78

GL-39 -0.062 0.224 0.019 0.181 142.736

GL-40 Disappeared NA NA Disappeared NA

GL-41 -0.03 0.006 -0.024 -0.047 -39.032

GL-42 0.013 0.016 Disappeared Disappeared NA

GL-43 -0.032 0.033 Disappeared Disappeared NA
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GL-44 -0.049 0.002 0.02 -0.027 -17.668

GL-45 -0.011 0.017 0 0.006 4.614

GL-46 0.064 -0.069 0.084 0.079 59.463

GL-47 0.001 -0.008 0 -0.006 -5.197

GL-48 0.015 0.013 0.037 0.064 54.414

GL-49 -0.024 Disappeared NA Disappeared NA

GL-50 -0.033 0.018 Disappeared Disappeared NA

GL-51 -0.02 0.005 -0.002 -0.018 -14.758

GL-52 -0.026 0.024 0.01 0.008 7.354

GL-53 Disappeared Formed -0.016 0.002 2.01

GL-54 -0.001 Disappeared Formed -0.002 -2.36

GL-55 0 0.024 -0.01 0.015 14.241

GL-56 -0.003 0.015 0.002 0.014 13.918

GL-57 -0.013 0.007 -0.004 -0.01 -10.902

GL-58 -0.006 0.002 0.015 0.012 12.321

GL-59 -0.036 Disappeared Formed -0.045 -37.001

GL-60 -0.016 -0.002 -0.009 -0.027 -29.947

GL-61 Disappeared NA NA Disappeared NA

GL-62 0 0.016 Disappeared Disappeared NA

GL-63 Disappeared Formed Disappeared Disappeared NA

GL-64 -0.009 0.003 0.004 -0.002 -2.069

GL-65 0.011 -0.005 0.026 0.032 39.836

GL-66 0.03 -0.008 0.001 0.024 34.105
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GL-67 -0.003 -0.009 0.029 0.017 22.92

GL-68 Disappeared NA Disappeared -0.008 -11.658

GL-69 0.002 -0.017 -0.002 -0.017 -23.069

GL-70 -0.016 Disappeared Formed -0.01 -13.28

GL-71 -0.018 Disappeared Formed 0.004 5.122

GL-72 Disappeared NA NA Disappeared NA

GL-73 Disappeared NA NA Disappeared NA

In Sikkim Himalaya, 50 glacial lakes are having surface area more than 0.1 km2, 14

glacial lakes are more than 0.3 km2 and 4 glacial lakes are more than 1 km2. The four

glacial lakes (>1 km2) are GL-1, GL2, GL-3 and GL-4 and their surface area are 1.729,

1.152, 1.112 and 1.084 km2 as shown in Table 6.2. A significant change in size of glacial

lakes is observed last twenty five years from 1990 to 2014 as shown in Table 6.3. Some

of the lakes that were present in 1990 have disappeared in 2014, however, formation of

new lakes is also noticed in the year 2014. Total 30 out of 73 and 28 out of 73 glacial

lakes are increased and decreased their size in last 25 years, respectively. The most of

the glacial lakes, with area greater than 0.2 km2 have increased, while with the area

less than 0.2 km2 have decreased from 1990 to 2014. From the analysis it is observed

that the many glacial lakes have been formed and some of them have disappeared too.

Figure 6.3 indicates that the newly formed and disappeared glacial lakes over the study

area. Based on the areal extension of glacial lakes having area greater than 0.3 km2 are

selected (14 glacial lakes) for calculation of glacial lake parameters such as mean depth

and potential flood volume. The temporal change of glacial lakes (area >0.3 km2) from

the year 1990 to 2014 are shown in Figure 6.4. Among the fourteen lakes, some of the
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glacial lakes are such as GL-1, GL-3, GL-9 and GL-17 are increased significantly in last

five years shown in Table 6.3 and Figure 6.4 with circle.

Figure 6.3: Number of lakes, disappeared (at left) and newly formed (at right) over the
study area.

Figure 6.4: Temporal change of glacial lakes (area >0.3 sq. km) from the year 1990 to
2014.
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6.3 Glacial Lake Parameters

The estimation of physical glacial lake parameters is important to evaluate the GLOF

hazards. But, over the Himalayan region it is very difficult assess all glacial lakes because

some of the lakes are situated at a place, those are not reachable/ not assessable for field

investigations. Therefore, to evaluate the GLOF hazards an index has been used which

is based on the depression angle between the surfaces of glacial lake and surrounding

terrain. The depression angle can be calculated from remotely sensed DEM. Although,

the depression angle is alternative of width-height ratio of the moraine dam (Clague

and Evans, 2000; Huggel et al., 2002; Fujita et al., 2013). This methodology is used to

calculate the potential flood volume (PFV) and lowering height (Hp) of glacial lakes

using steep lakefront area (SLA) approach, SLA is the profile of moraine inform of

glacial lake, which represents the approximate inner profile of glacial lake as suggested

by (Fujita et al., 2013) shown in Figure 6.5. The PFV is defined as the minimum

possible volume of water that could be released if the glacial lake surface lowered to

destroy the embankment of glacial lake. PFV is the multiplication of minimum value

of Hp or Dm and surface area of glacial lake (A).

PFV = min[Hp or Dm].A (6.8)

Where, Hp is the possible lowering height during glacial lake outburst (Figure 6.5),

A is surface area of glacial lake and

Dm is the mean depth of glacial lake

The mean depth (Dm) is calculated using empirical equation developed by Froehlich

204

TH-2186_146104038



Chapter 6. Glacial Lake Identification and Glacial Lake Outburst Floods Dynamics

in 1995. This empirical relation is used by many researcher such as Vuichard and

Zimmermann (1987); Fujita et al. (2009, 2013), which is mainly obtained from the

several Himalayan glacial lakes.

Dm = 55.A0.25 (6.9)

Figure 6.5: The concept of the steep lakefront area (SLA) and glacial lake characteristics

This PFV and mean depth of glacial lakes having area >0.3 km3 are calculated

and listed in Table 6.4. Four glacial lakes having PFVs greater than 10 Mm3 the lake

IDs are GL-1, GL-3, GL-8 and GL-9, the PFV values are 16.271, 19.694, 18.991 and

18.295 Mm3, respectively. These glacial lakes may vulnerable and pose to outburst.

The GL-3 having the maximum PFV and area of the lake is more than 1 km2, further it

is increasing rapidly in last five years from 2010 to 2014. PFV is indicated of potential

hazardous glacial lakes over the Himalayan region (Fujita et al., 2013). Major glacial

lakes with larger PFV value show the rapid expansion rate, this implies that the PFV

will increase over time associated with expansion of lake area.

205

TH-2186_146104038



Chapter 6. Glacial Lake Identification and Glacial Lake Outburst Floods Dynamics

Table 6.4: Glacial lake parameters and their Characteristics

Lake-ID
Area (km2) in

2014

Potential lowering

height (Hp) (m)

Mean depth

(Dm) (m)

Potential Flood

Volume (Mm3)

GL-1 1.759 9.25 63.34 16.271

GL-2 1.152 8.5 56.98 9.792

GL-3 1.112 17.71 56.479 19.694

GL-4 1.084 5.3 56.125 5.747

GL-5 0.927 10.5 53.962 9.729

GL-7 0.572 6.5 47.822 3.715

GL-8 0.622 30.51 48.853 18.991

GL-9 0.787 23.25 51.801 18.295

GL-12 0.3 15.11 40.71 4.536

GL-13 0.389 3.6 43.429 1.399

GL-15 0.409 5.47 43.993 2.239

GL-17 0.322 6.25 41.432 2.013

GL-19 0.332 3.01 41.75 0.999

GL-39 0.308 8.2 40.98 2.527

6.3.1 Validation of PFV calculation

The calculated PFV of lakes are validated through Kedarnath flood occurred on 16 and

17 June 2013 due to Chorabari Lake outburst, Uttrakhand, India. Heavy rainfall in

the Alaknanda and Bhagirathi catchments was the key reason of the disaster (Durga

Rao et al., 2014). Accordingly, pre-GLOF and post-GLOF remote sensing images were
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taken. For PFV validation only one lake has been selected (Chorabari glacial lake)

because in India only even has been occurred as GLOF. The validation results have

clearly shown that, it had an elevation profile steep lakefront area (SLA) in front of

lake, but in post GLOF event, no SLA was found. There are some deciding factors of

glacial lake outburst such as threshold value (< 10◦) of steep slope which was higher

for Chorabari Lake. It has been found that the streamlines are not same before and

after GLOF event. LANDSAT image, CARTO DEM and empirical formula used for

surface area (A), potential lowering height (Hp) and mean depth (Dm) of Chorabari

glacial lake. The SLA concept applied in the Chorabari Lake to calculate the PFV

and obtained PFV was 0.386 Mm3, which is approximately similar as observed for

Chorabari Lake during outburst (estimated about 0.4 Mm3) (Durga Rao et al., 2014).

In addition, the calculate Dm, Hp and PFV of GL-3 are also calculate by Fujita et al.,

2013 for the year 2000 and found almost similar results as we got.

6.4 Glacial Lake Outburst Flood (GLOF) Dynamics

In order to evaluate the GLOF dynamics and to identify the triggering events, detailed

field investigation is the only way to define the actual condition of moraine dammed

structure. Nevertheless, ground-based field survey is not possible for thousands of

lakes over the Himalayan glacial lakes, so the SLA concept and PFV technique used to

calculate the practical indices using remote sensing imagery and DEM (see section 6.3).

For GLOD dynamics, the glacial lake (GL-3) having surface area more than 1 km2 with

maximum PFV value is considered for further assessments.

The flood hydrograph during GLOF has been estimated using some assumptions

such as breach width which has been considered as 40, 60 and 80m, Manning’s roughness
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coefficient 0.04 considered for hilly terrain of Himalayan Rivers and side slope 0.75H:

1V for breach (Jain et al., 2012) calculation. The time of breach formation has been

calculated by Froehlich’s formula (Froehlich, 1995; Durga Rao et al., 2014; Somos-

Valenzuela et al., 2015b).

tf = 0.00254.PFV 0.53.H−0.9p (6.10)

Where, PFV is potential flood volume and Hp is potential lowering height.

Based on the assumptions for breach width and side slope, the peak discharge from

selected glacial lake are calculated and obtained peak discharges form lake are 4023.456,

5984.128 and 7993.936 m3/s for 40, 60 and 80m breach widths, respectively. The

simulated time of breach formation is about 1.41 hours calculated form equation 6.10

and total amount of water would recede within 81.83, 55.11 and 41.30 min for associated

breach widths 40m, 60m and 80m, from selected lake.

After calculation of all glacial lake parameters and peak discharge from lake of

selected lake, GLOF simulation has been assessed using hydrodynamic model (MIKE11

HD). The overall methodology of MIKE11 HD for GLOF dynamics as shown in Figure

6.6, where peak discharge from target lake is taken as input parameter (point source).

208

TH-2186_146104038



Chapter 6. Glacial Lake Identification and Glacial Lake Outburst Floods Dynamics

Figure 6.6: Overview of methodology for GLOF dynamics

6.4.1 Hydrodynamic Modeling MIKE 11 HD

The design flood assessment is essential for flood protection measures and its vulnerabil-

ity in extreme condition. For estimation of hydraulic MIKE11 HD used to generate the

water level, velocity and flow velocity during historical (1991-2005) and projected sce-

narios (2006-2100) over the study area. The MIKE11 is developed by Danish Hydraulic

Institute (DHI), which is a 1D user-friendly dynamic modeling tool for the detailed
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design, management and operation of both simple and complex river systems. The

MIKE11 model is integrated with continuity and momentum equations (Saint-Venant),

the solution of these equations is based on an implicit finite difference scheme for one

dimensional unsteady flow simulation (Thompson et al., 2004; DHI, 2009). The fully

hydrodynamic approach in MIKE 11 system applies for the flood routing and reservoir

operation, development of rating curves, water quality and no cohesive sediment trans-

port modules. In this study, MIKE 11 is used for the analysis of discharge, water level

and water velocities with GLOF and without GLOF condition at different section of

river reach. These are some assumptions associated with MIKE 11 as:

1. Water is incompressible and homogenous.

2. Flow is one-dimensional.

3. Bottom slope of the stream is small.

4. Manning’s equation is used to describe resistance effects.

5. Flow everywhere is parallel to the bottom (e.g. wavelengths are large compared

with water depths).

In MIKE11 HD setup, several physical and hydro-meteorological datasets such as

stream channel network, catchment area boundary and projection parameter details,

cross sections (X-Sections) along the river channels, discharge time series at different

location, constant or time series water level, hydrodynamic parameters, are necessarily

required (Figure 6.6). Additionally, for GLOF simulation, the peak discharges from

glacial lake are used as point source for different associated breach widths. Firstly, cross-

sections along the river channel have been delineated by utilizing CARTOSAT DEM (30
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m spatial resolution) and Google Earth. Furthermore, numbers of cross-sections have

been drawn at different location of Teesta River using total station (survey instrument

for surface profiling) during field visit. These cross-sections are used to validate the

extracted cross-section from DEM and Google Earth. To generate the point source

discharge in MIKE 11 NAM (default module) (see chapter 5), a daily precipitation,

potential evapotranspiration and temperature datasets are required; those are generated

from CMIIP GCMs (see chapter 4). The PFV, lateral inflows, discharge-water level (Q-

h) relationship (collected from CWC) and cross-sections are used as input parameters in

MIKE11 HD. The other hydrodynamic variables such as manning roughness coefficient,

wave approximation etc. are essential to reduce the global assumptions based selection

of parameters, which can improve the computation of MIKE 11. The hydrodynamic

parameters are listed in Table 6.5. Subsequently, these inputs were used in MIKE11

HD model to simulate flood along the river reach.

The fundamental Saint-Venant equation of MIKE 11 can be written as follows:

∂Q

∂x
+
∂A

∂t
= q ContinuityEquation (6.11)

∂Q

∂t
+

∂

∂x
(∝ Q2

A
) + gA

∂h

∂x
+
n2gQQabs
AR4/3

= 0 MomentumEquation (6.12)

where Q is the discharge (m3/s); A is the cross section flow area (m2); q is the

lateral inflow (m2/s); h is the water level above a reference datum (m); x is downstream

direction (m); t is time (s); n is the Manning resistance coefficient (s/m1/3); R is the

hydraulic or resistance radius (m); g is the acceleration due to gravity (m2/s) and a is

the momentum distribution coefficient (e).
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In momentum equation the terms are defined as:

∝ Q2

A is fully dynamic wave, gA∂h
∂x is Diffusive wave and n2gQQabs

AR4/3 is kinematic wave.

The above equation can be transformed to as implicit finite difference equations

obtained from Navier-Stokes equation over a computational grid. Using implicit nu-

merical method, the main continuity and momentum equations can be solved using the

Lax-Wendroff scheme (Soleymani and Delphi, 2012) as shown in Figure 6.7:

Q1 =
Qji−1 +Qj+1

i−1 +Qji+1 +Qj+1
i

4
(6.13)

Q2 =
Qji +Qj+1

i +Qji+1 +Qj+1
i+1

4
(6.14)

Figure 6.7: Implicit scheme computation grid

Table 6.5: Hydrodynamic parameters for MIKE11 HD setup

Parameter Factor Method/Values Description

Initial

Parameters

Initial Discharge 10 cumec Discharge

Initial Depth 0.5 cm Water Level
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Wind

Factor

Depth 0.0024
Friction

parameter value

Topographical

Factor

1 Slopes

Bed Resistant

Resistance Number 15 (10-100) Manning parameter

Approach Uniform Section

Resistance

Formula

Manning n

(0.010 to

0.015s m−1/3)

/ Chezy’s Number

Wave

Approximation

Method
High Order Fully

Dynamic

Routing method

Coefficient

Values

Delta 0.6 (0.5 to 1.0)
Model stabilities

parameter

Delhs 0.01

Minimum allowable

water level differences

across a weir

Delh 0.1
Controls the

dimensions

Alpha 1
Velocity distribution

coefficient

Theta 1
Weighting factor

for momentum equation
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Eps 0.0001
Water surface slope uses

in diffusive wave equation

Dh Node 0.01 Computational coefficient

Zeta Min 0.1
Minimum head loss

coefficient

Inter

1 Max

20
Maximum number of

iterations

Nolter 1 No iterations

Max lter

Steady

100

Maximum number of

iterations for steady

condition

Froude Exp. -1
suppression term for

convective acceleration

In this study, Teesta River (Lachen and Lachung streams) is routed up to Chugth-

ang. The Teesta River flows approximately 92 km up to Chugthang through the moun-

tainous region of Sikkim Himalaya, which is has been selected for routing. Lachung

meets the Lachen River and forms Teesta at Chungthang after travelling around 25 km

length. Thus, the cross sections in every 10 km river length have been calculated using

field-based survey by using Total Station (survey instrument for surface profiling).

MIKE11 HD Model setup consists various sections such as river network linking

(Figure 6.8), river cross section and conveyance definition, boundary condition, HD

parameter setup and simulation time step. The model stability depends on the sev-

eral hydrodynamic parameters; those are used as inputs in hydrodynamic parameter
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setup file in MIKE11 HD model. Bed and flood resistance of Teesta River is defined as

the Manning’s (M) value; the resistance factor is input from one chainage to another

chainage along the river flow path. The Manning’s value is taken from the literature

review. Many hydrodynamic parameter are taken as global values as suggested in

MIKE11 documentation. The Delta and Delhs coefficients are the very sensible pa-

rameters for model stability; the optimized value of Delta (0.6) is selected after several

trial and error computations. Model run time is chosen as in minutes (1 min) because

of very steep slope of Teesta River (Figure 6.9) in which model was stable condition.

Figure 6.9 shows the longitudinal profile of Teesta River at different chainage points

along the flow path.

Figure 6.8: Teesta River stream network and cross-section details.
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Figure 6.9: Longitudinal profile of Teesta River stream at each cross sections.

MIKE11 has been calibrated with historical dataset during 1991-2005 at the outlet

of the catchment. The generated discharge from MIKE11 is compared at the gauge

location Chugthang. Based on the computed discharge and water level, discharge-

depth (Q-H) relationships are produced at the different chainage point of the river.

Q-H relations for the different chainage points are shown in Figure 6.10.
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Figure 6.10: Discharge-depth (Q-H) relationship of Teesta River at different chainage
points.

For GLOF simulation the estimated peak discharges from glacial lakes from associ-

ated breach widths are taken as point source in MIKE11 input. The selected lake has

surface area 1.112 km2, PFV 19.694 Mm3 and potential lowering height 17.71 m (Fig-

ure 6.11, Table 6.4). Model rout the flood discharge along the river reach for GLOF and

no GLOF conditions. Figure 6.11 shows the flow path of Teesta River and Chugthang

habitat area where the outburst flood will strike. During GLOF and no GLOF (NC)

the hydrodynamic parameters such as discharge, velocity and flow depth are assessed

along the river length at different chainage points as shown in Figures 6.12, 6.13, 6.14,
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respectively. The flood peak discharges at the glacial lake site is 4023.76 m3/s for 40

m, 5984.13 m3/s for 60 m and 7993.94 m3/s for 80 m and at the catchment outlet are

5488.40 m3/s for 40 m, 7455.27 m3/s for 60 m and 9469.36 m3/s for 80 m, breach widths

from the chainage where lake outburst flood strikes to outlet of catchment. Whereas,

the peaks discharge at the catchment outlet is about 1438.49 m3/s for no GLOF con-

dition. This implies that the flood peak discharge during GLOF would be much higher

as compare to no GLOF condition over the region. The peak discharge during GLOF

increases about 3 to 6 times with reference to no GLOF (Figure 6.12), which create

huge disaster at the surrounding areas. Similarly, during GLOF, the flowing velocity

varies from 5.73 to 13.34 m/s for 40 m, 6.42 to 14.61 m/s for 60 m and 6.99 to 15.38

m/s for 80 m beach widths (Figure 6.13 ). However, at no GLOF condition the flowing

velocity varies from 0.92 to 8.07 m/s. Due to steep slopes over the region and huge

discharge (during GLOF), the velocity increases about 100% as compare to no GLOF

condition. Simulation of peak discharge from the lake has revealed that the water flow

would take 1.5-2.5 hours to reach the Chungthang habitat in the region (Figure 6.11),

in case of GLOF event.

In addition, depth of the flowing water at the outlet of the catchment during normal

condition is about 5.89 m but after outburst, it could be about 10.09 m for 40 m, 11.96

m for 60 m and 13.28 m for 80 m beach widths. This implies that the flow depth would

increase more than 100% at the outlet of the catchment. This high velocities and flow

depths, it can erode banks of river and causes land slide and can intense damage as flow

with debris cover to mountain communities. This flow with debris can be extremely

destructive because they can increase in magnitude.

Figures 6.12, 6.13 and 6.14 represent the discharge, velocity and water depth at
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each chainage for a day with maximum projected discharge found for different moraine

dam breach conditions. The result presents, the discharge could increase up to 3-6

times and velocity and water depth increase more than 100% as compare to without

GLOF condition at each section of Teesta River up to Chugthang. Flowing debris cover

with high velocity and water depth can accelerate the undesirable impacts. As there

is no flat terrain for water spread (inundation), so increasing water depth will directly

affect the Teesta hydropower project near Chugthang. From this comprehensive study;

discharge, flowing velocity and water depth are the important parameters which would

provide some valuable insights into GLOF awareness, encouraging government policy

and effective plan in response to socioeconomic consequences, future climate and flash

flood scenarios. Proper management and policy is required to handle the huge amount

of water for outburst condition. At the catchment outlet, GLOF events can adversely

affect to the hydropower project located at the Chugthang (outlet) in near future.

Furthermore, the maximum velocity occurred due to GLOF could cause significant

scouring of bed as well as river banks resulting in landslides and flow carries debris

cover. The hydrodynamic modeling provides the reasonable results of GLOF events,

which bolsters up for further risk assessment.

Figure 6.11: Flow path of Teesta River and Chugthang habitat area.
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Figure 6.12: Variation of discharges along the river reach considering GLOF for 40m,
60m and 80m breach widths and no GLOF (Normal condition, NC).

Figure 6.13: Variation of flow velocities along the river reach considering GLOF for
40m, 60m and 80m breach widths and no GLOF (Normal condition, NC).
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Figure 6.14: Variation of water depths along the river reach considering GLOF for 40m,
60m and 80m breach widths and no GLOF (Normal condition, NC).

6.4.2 GLOF Hazard Consequences

Two glacier-fed rivers (Lachen and Lachung) meeting at Chugthang and forms the

Teesta River. At this junction point, the Teesta stage-III power project is located and

Chugthang is the full of habitat. In case of outburst, the area could be at risk. At the

downstream of the Teesta stage-III power project, a number of hydropower projects

are going on and some are being planned. Accordingly, proper management of huge

discharge, high velocity and depth is needed otherwise it can create deadly disaster not

only for power project but also for surrounding settlement. Also high velocity and depth

can erode banks of rivers and causes land slide and can intense damage to mountain

communities. For example - the designed reservoir level is just five meter below at

the crossing bridge near the Chugthang, during outburst, water will overflow from this

bridge and thereby it may collapse. In Teesta River catchment up to Chugthang, no

flat terrain for inundation, so the flood will directly affect to the hydropower project

and its functioning.
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6.5 Summary and Conclusions

This chapter highlights the glacier hazards in terms of glacial lakes and glacial lake

outburst flood (GLOF). The glacial lakes are delineated from the remote sensing ap-

plications and hydrodynamic modeling (MIKE11 HD) for GLOF dynamics. Total 203

>0.01 km2 glacial lakes are identified, some glacial lakes are increasing and some are de-

creasing and disappeared as well. Over the study area most of the glacial lakes situated

at the high elevation zone (>4500 m). The glacial lake having area more than 1 km2

and maximum PFV is selected for GLOF dynamics. The result highlights that, during

GLOF the peak discharge could increase about 4-6 time and flow velocity and water

depth would increase about 100% as compare to no GLOF condition. This implies, it

can create huge disaster at the downstream of Teesta River catchment.
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CHAPTER 7

Conclusions and Recommendations for Future Work

This study presents the assessment of climate extremes and glacier hazards over the

upper Teesta River basin induced by climate change. To accomplish the above objec-

tives, first, the impact of climate change was analyzed by predicting the meteorological

variables (precipitation and temperature) using CMIP5 GCMs with their RCP scenar-

ios; then the joint probabilistic behaviors of climate extremes were investigated using

parametric copula; the hydrologic modeling was then carried out to assess the present

and future change in river discharge; glacial lakes identification and temporal change

detection with its vulnerability was evaluated and finally, the hydrodynamic modeling

(MIKE11 HD) was used to assess the impact of GLOF dynamics at the downstream of

Teesta River.

7.1 Projection of Precipitation and Temperature and their

Extremes

Firstly, precipitation and temperature datasets are downscaled using SDSM over the

study area. The projected precipitation is consistently increasing and their extremes

223

TH-2186_146104038



Chapter 7. Conclusions and Recommendations for Future Work

are changing with time such as heavy and very heavy precipitation days are increased,

while number of wet days and CWD are decreased with less dry spell (CDD). The

precipitation are showing upward trends for all projected scenarios, but CM3 model

projecting much higher range as compare to ESM2G and ESM2M. The higher projection

in CM3 model may be due to consideration of only atmospheric component of land and

ocean, while ESMs consists both atmospheric and human activities component during

construction of models. This indicates the climate model having large projection than

earth system models over the Eastern Himalaya. The RCP8.5 of all three GCMs has

significant large positive change in 21st century time series as well as in monsoon and

non-monsoon time series for all combinations. The SDII, WD, R10 and R20 are showing

increasing trend in different scenarios. From the quantification, it is observed that the

heavy and very heavy precipitation days are increased, while number of wet days and

CWD are decreased with less dry spell (CDD). These increasing or decreasing trends

are dominant for high extreme events.

The temperature result exhibits that the widespread and significant warming trend

has been observed related to extreme indices especially, indices calculated from daily

temperatures. Monthly maximum temperature shows the increasing trends during win-

ter months, whereas monsoon month shows decreasing trends over the region. Similarly,

the monthly minimum temperature shows the increasing trends for all months except for

some of the combinations (2nd and 6th) of January month. Extreme indices of max-

imum temperature, Ice-day, cooler day and warmer day are decreasing continuously,

the maximum decrease in day are 2.9 days, 7.22 days and 43.71 days, respectively. Al-

though, warmest days (TXx) has increased by 1.83◦C and coldest days (TXn) decreased

by 4.83◦C. Similarly, minimum temperature extreme indices; frost days, cool nights and
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warmer nights are decreased, whereas the temperature of warmer nights has increased

and temperature of cool nights have increased. The reductions in FD0 is 11.07days,

in TN10p is 9.68 days and in TN90p 20.7 days, while, TNx increased by 1.41◦C and

TNn decreased by 3.61◦C. The result implies that the minimum temperature indices are

more pronounced than maximum temperature indices. Form the analysis, it is clearly

shown that the intensity of warming and cooling have been increased over the North

Sikkim region.

7.2 Bivariate Analysis of Precipitation and Temperature

Extremes

The precipitation and temperature extremes are analyzed spatially and temporally using

bivariate copulas. Firstly, three copulas belonging to different families such as Frank

copula belongs to Archimedean family, Plackett copula belongs to Plackett family and

Gaussian copula belongs to Elliptical family are used to select best fit copula. These

three copulas are suitable for both positively and negatively correlated variables, thus,

in this study three copulas from different families have been chosen. The changes in

joint return period of extreme combinations are analyzed for the projected scenarios

during 2021-2100.

The spatial distribution of joint return period of precipitation extreme combina-

tions for 5-year, 10-year and 20-year are almost similar during 1979-2005. The joint

return period of T[CWD,CDD], is decreased for all projected scenarios, indicating the co-

occurrence of floods and droughts are more frequent in same year over the region. The

T[WD,SD] is also decreased and other extreme combinations had no significant changes.

The decrease in joint return period of T[WD,SD], indicating the frequent co-occurrence
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of number of wet days with high precipitation intensity in the same year in future.

These changes may be due to change in marginal distributions and bivariate relations

of extremes. Under the RCP8.5 scenario, the co-occurrence of floods and droughts are

more frequent within the same year in future.

The 5 and 10-year joint return periods of temperature extremes are also spatially

similar over the region during 1979-2005. The joint return period of [TN10, TN90] is

decreased but other extreme combinations are increased for all scenarios. The decreased

value indicates the frequent co-occurrence extremes, whereas the increased value indi-

cates the less frequent co-occurrence of extremes. Under the RCP8.5 scenario, joint

return periods of some of the extreme combinations are decreased in upper part of the

region, which indicates that the cooling is more frequent in future.

From the analysis, it is observed that there are various response mechanism in

the climate system that can either be positive or negative, these effects are forcing to

change the climatic conditions e.g. glaciers and snow begin to melt due to increasing the

concentration of greenhouse gases and warm Earth’s climate. Due to warming trend,

snowmelt rate and runoff rate could be change and can alter the water resources system

over the study area.

7.3 Remote Sensing Applicability for Inventory of Glacial

Lakes

The areal expansions of glacial lake are most indispensable evidence to identify the

potential sources of GLOF risk and vulnerability. The study found a total 203 glacial

lakes having area more than 0.01 km2 and about 73 glacial lakes having are more than

0.05 km2 over the catchment. Among of the glacial lakes about 90% of glacial lakes are

226

TH-2186_146104038



Chapter 7. Conclusions and Recommendations for Future Work

situated above the 4500 m altitude. Some glacial lakes are found to be increasing in

their areal extent and some are newly formed during 1990 to 2014. Further, some lakes

are decreasing and some are getting extinct also. The reason behind these decreasing or

extinction may be climate change, glacier retreating, loss of connection from the parent

glaciers, etc. Melting of glaciers and decrease in the supply of fresh water in these

water bodies can lead to shortage of water in the main river channel. The Himalayas

are one among the young folded mountains, they are fragile. The upper Teesta River

catchment falls under the Zone- IV of the Indian seismic chart. Any high magnitude

scale of earthquake in this area and resultant avalanches or ice/glacier blocks from

parent glacier fall into the lakes can trigger the event of GLOF.

7.4 Hydrological and Hydrodynamic Modeling with GLOF

Simulation

The MIKE11 NAM rainfall runoff model was found suitable for hilly catchments e.g.

Teesta River to simulate the hydrological response of the basin to the rainfall and gen-

erating daily runoff with high degree of accuracy. The model performed well to simulate

daily runoff in good agreement with observed runoff in terms of timing, rate, volume

and shape of hydrograph. The model was automatically calibrated with nine important

parameters. The projected precipitation and temperature scenarios generated from

CMIP5 GCMs with their RCPs are used to generate the projected streamflow. The el-

evation band approach used to formulate the snowmelt component of streamflow. The

projected scenarios of streamflow showed significant increase over the study area during

the 21st century. The monthly observation of streamflow showed significant increase in

all months except July month.
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From the Budyko framework analysis, it is clearly found that the precipitation is

the major factor that affects the runoff changes, the ranged from 2 to 19% for different

scenarios. As the possible warming climate quantifies that the change in annual runoff

resulting from snow-ratio is negative, as the snow-ratio decreased during 2020-2060

relative to 1982-2005. This implies that, precipitation is less likely to occur as snowfall.

A shift from snowfall towards rainfall over the region is considered not to influence the

annual runoff significantly as compare to precipitation.

Additionally for GLOF simulation a glacial lake having surface area more than

1 km2 with maximum PFV (19.92 Mm3) is considered for Hydrodynamic modeling

(MIKE11 HD). The hydrodynamic parameters such as discharge, velocity and water

depth have been observed at each cross-section along the river reach. The discharge

could increase up to 4-6 times as compare to without GLOF condition at each section

of Teesta River up to Chugthang. Further the flowing velocity and water depth could

be almost double during outburst as compared to no GLOF situation. In case of

GLOF, the simulated peak discharge from the glacial lake would take 1.5-2.5 hours to

reach the Chugthang habitat region. The increased high velocity and water depth can

accelerate the undesirable impacts such as erosion of river banks, land slide and can

intense damage as flow with debris cover to mountain communities. Over the catchment

up to Chugthang, there is no flat terrain for water spread, so increasing water depth will

directly affect the Teesta hydropower project near Chugthang. From this comprehensive

study; discharge, flowing velocity and water depth are the important parameters which

would provide some valuable insights into GLOF awareness, encouraging government

policy and effective plan in response to socioeconomic consequences, future climate and

flash flood scenarios.
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7.5 Recommendations for Future Scope

• In this study, only three GCMs datasets have been used, but a large set of GCM

can be useful to assess the uncertainty associated with GCMs.

• Impact of non-linear dependency on joint probability behavior of climate extreme

events can also be assess using copula.

• Bivariate dependency of precipitation extremes over temperature extreme can be

assessed used copula.

• The glacial lake parameters such as depth, area and breach condition can be

estimate by field observation instead of empirical formulas for better interpretation

of vulnerability.

• Using GLOF results, the development of early flood warning system would be

more useful to reduce the hazards over the North Sikkim Himalaya.
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