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ABSTRACT

Analysis of regional climate simulation to evaluate the ability of Coordinated Regional Climate Downscaling
Experiment in South Asia (CORDEX-South Asia) to simulate climate variability and extremes, and capture
temperature and precipitation climatology over Nepal is analysed. The analysis of regional climate models
(RCMs) combine three-step sequential climate model selection procedure which involved selection of climate
models for two representative concentration pathways (RCP) 4.5 and 8.5 based on (i) range of projected
changes in climatic means, (ii) range of projected change in climatic extremes, and (iif) climate model skill to
simulate past climate. Climatology of the study area have been assessed against the gridded observational
dataset: Asian Precipitation-Highly Resolved Observational Data Integration Towards the Evaluation of Water
Resources (APHRODITE). Changes in climate are analysed between 1976-2005 and 2071-2100 for RCP 4.5
and RCP 8.5. Thus finalized RCMs are further bias-corrected through empirical quantile mapping technique.
Moreover, HBV Light model is set up for West Rapti Basin in Nepal, and future flows are simulated with- and
without-bias corrected RCMs. Finally, extreme low flow and high flows have been analysed based on frequency
distribution of daily stream flows.

Results show that the RCMs show a wide variation among themselves and individually over time in simulating
temperature and precipitation distribution over the study region. It indicates the inability of RCMs to simulate
regional climate, and uncertainty in climate projections. Results on comparison of historical simulations by
RCMs with APHRODITE for 1976-2005 show under-estimation of mean annual temperature cycle which
range from 0.2 °C to 7.6 °C. However, precipitation is over-estimated by all models, except for ICHEC-EC-
EARTH. Bias-corrected RCM simulations indicate towards rise of annual average temperature by 1.4 — 2.3 °C
for RCP 4.5, and by 3 — 3.9 °C for RCP 8.5 by the end of the century. Similarly, annual average precipitation is
likely to increase by 109 mm to 414 mm for RCP 4.5, and by 337 mm to 488 mm for RCP 8.5 in future period.

Temporal shift of peak runoff generation is observed from August to July, based on bias-corrected projections
for both RCPs. Overall decrease in mean monthly stream flows has been observed during monsoon while there
is increase in low flows. However, frequency distribution of high flows indicate towards marked increase for
discharge values greater than 990 cubic meter per second, while occurrence of low flows also shows increment
in future.

Keywords: CORDEX South Asia, RCM, RCP, bias correction, HBV Light model
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Projection of Future Stream Flow And Their Uncertainty Over West Rapti Basin, Nepal

1. INTRODUCTION

This chapter provides an introduction to the research. Background and relevance to the research is
discussed in section 1.1 along with past relevant researches. Problem statement and existing research
gaps are discussed in section 1.2 and section 1.3 respectively. Research objective, research questions
and hypothesis for this research are presented in section 1.4, section 1.5 and section 1.6 respectively.

1.1 Background and Relevance

Water is indispensable for all forms of life (Bates, Kundzewicz, Wu, & Palutikof, 2008). Water
resources is a boon to survival and development of the society, yet nuisance at times. Availability and
sustainable management of water resources defines social and economic development (Gohar &
Cashman, 2010), yet extreme meteorological and hydrological events all may lead to major disasters
and result in heavy social and economic losses, and even severe health consequences (Basin, Tian,
Zhao, Li, & Tian, 2011). Global fresh water system is under immense pressure due to anthropogenic
activities, mainly global change and climate change.

Climate change has further exacerbated the impact on water resources regarding its availability and
distribution spatially and temporally (Bae, Jung, & Lettenmaier, 2011). Despite the levels of uncertainty
associated with the magnitude and direction of climate variability and change, it is unequivocal —
“observational records and climate projections provide abundant evidence that freshwater resources
are vulnerable and have the potential to be strongly impacted by climate change, with wide-ranging
consequences for human societies and ecosystems” (Bates et al., 2008). It is very likely to alter the
quality and quantity of water reserves globally in terms of availability, distribution, agricultural
activities, and human and ecosystem functions. Other effects include magnitude and timing of runoff,
frequency and intensity of floods and droughts, rainfall patterns, and extreme weather events (Jiang et
al., 2007). Distinguishing characteristics of studies carried out to assess impact of climate change on
water resources is tabulated in Table 1.

The common practice for assessing the impacts of climate change on water resources is to first project
future climate provided by general circulation models (GCMs). The spatial resolution of GCMs is too
coarse (~250 km) to represent regional climate variations, and topographic processes at the scales (20-
50 km) required for water resources impact assessment (Wilby et al., 2000); (Minville & Leconte, 2008).
Thus outputs from GCMs are downscaled from global to regional scale using empirical-statistical
downscaling methods or for simulating sub-GCM grid scale climate features dynamically for regional
climate models (RCMs) simulations. Statistical methods are more straightforward than dynamical
downscaling but tend to underestimate variance and pootly represent extreme events because of partly
relationship between regional and local climate variability, and large scale climate variations, and thus
statistical techniques like regression methods tend to under-predict climatic variability (Fowler,
Blenkinsop, & Tebaldi, 2007). In regions with complex topography, the dynamical downscaling of

1| Page



Projection of Future Stream Flow And Their Uncertainty Over West Rapti Basin, Nepal

GCM simulations has a unique importance in addressing precipitation due to orography as it
incorporates model physics rather than statistical relationship. However, studies have showed that
existing approaches have difficulty in downscaling in mountainous terrain (Samuelsson et al., 2011).
Finally, the outputs of downscaling is further used to assess future climatic changes, and run
hydrological models for climate change impact studies.

Selection of climate models are often based on simply averaging all model simulated climate variables
with available data, generally examining only the mean climate. This particularly results into equal
weighting to all the models as models that poorly simulates the area of interest are equally weighted
with those that closely simulates compared to observation data. Another approach uses metrics of
model skill to prequalify models based on their ability to simulate climatological variables of interest
from the entire pool of available models (Pierce, Barnett, Santer, & Gleckler, 2009).

Researchers developed hydrological models to describe dynamic and non-linear transformation of
precipitation into streamflow via processes such as surface, sub-surface and groundwater flows,
infiltration, interception, evaporation, transpiration, snowmelt, etc. Purpose of the study and model
availability largely determines the choice of a model (Xu, 1999). Arnell, 1992 and Gleick, 1986 found
that monthly water balance models are useful in assessing water resource management in a regional
scale to identify the hydrologic consequences of changes in temperature, precipitation and other
climatic variables. Conceptual lumped-parameter models are widely used for detailed assessments of
surface flow, and also has been used by many researchers to assess the impact of climate change
(Bastola, Murphy, & Sweeney, 2011). Similarly, process based distributed parameter models are needed
to simulate spatial patterns of hydrologic response (Kour, Patel, & Krishna, 2016).

2| Page
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Projection of Future Stream Flow And Their Uncertainty Over West Rapti Basin, Nepal

1.2. Problem Statement

A large number of climate models are available today and indicates the need to inter-compare model
performance such as shown in Coupled Model Inter-comparison Project Phase 3 (CMIP3) in 2007
(25 different GCMs) whereas CMIP5 archive in 2013 contains around 61 different GCMs. However,
detailed climate change impact studies cannot include all these projections (Lutz et al., 2016). The
general approach is to select one climate model or small ensemble of climate models for assessment
while the selection of these models itself is not straightforward and depends on multiple criteria.

Ghimire, Choudhary, & Dimri, 2015 assessed the performance of 11 CORDEX South Asia
experiments to evaluate their ability in capturing and characterizing the precipitation climatology, and
concluded that the experiments showed wide variation in capturing precipitation over time and space.
Although RCMs are increasingly being used for hydrological studies as they transfer large-scale
information from GCMs (~250 km) to RCM scales (20-50 km) which are closer to catchment scale,
RCMs simulated hydrological components do not often agree with streamflow observations. RCM
simulated climate variables such as temperature and precipitation also show significant biases
(Teutschbein & Seibert, 2010) possibly due to imperfect conceptualization, discretization and spatial
averaging with grid cells.

The climate projection uncertainties and downscaling uncertainties have been extensively explored,
however little attention is given on the uncertainties stemming from hydrologic model parameters and
structures. Equifinality of model parameter sets, quality and quantity of available observation data
used for parameter estimation, and the choice of model calibration period leads to uncertainties of
hydrological model parameters (Bae et al., 2011). Jiang et al., 2007 compared the hydrological impact
of climate change using six hydrological models in Dongjian basin, South China and came out with
large differences in model predicted runoff using the same alternative climates as input to the models.

Hingray, Mezghani, and Buishand (2008) concluded that the uncertainty resulting from climate model
is larger than uncertainty associated with hydrological model, and contributes the largest part to the
total impact-prediction uncertainty for mean and low hydrological impact-climate change scenario.
Similarly Minville & Leconte, 2008 also concluded that the largest uncertainty comes from the choice
of GCM in assessing impact of climate change on hydrology. Finger, Heinrich, Gobiet, & Bauder,
2012 had also similar remarks that largest fraction of uncertainty was propagated to the end-result by
climate model uncertainty. Other studies show that hydrological model structure introduces a large
uncertainty on both average monthly discharge and the extremes peak and low flow predictions under
high impact climate change scenarios (Bastola, Murphy, & Sweeney, 2011; Bae et al., 2011; Dams,
Nossent, Senbeta, Willems, & Batelaan, 2015).

1.3. Research Gap

Lutz et al., 2016 presented three step sequential GCM selection procedure for major river basins of
South Asia. Rajbhandari, Shrestha, Nepal, & Wahid, 2016 studies climate projections over Koshi river
basin applying delta approach as bias correction method on eight CMIP5 GCMs. Yet, the spatial
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resolution used in these researches (~250 km) is too coarse to identify climate variations at scales
required for environmental impact assessments, that is, 20-50 km (Wilby et al., 2000).

Ghimire et al., 2015 assessed the performance of CORDEX South Asia experiments for monsoonal
precipitation over the Himalayan region, mainly, based on mean precipitation climatology over the
region. Monthly, seasonal or longer averages obscure daily extremes in time series data while the daily
information has a direct impact on human activities. Moreover, statistics like monthly or seasonal
mean and standard deviation do not allow for a comparison of the entire data distribution on time
scales of days (Perkins, Pitman, Holbrook, & McAneney, 2007) as daily extremes are averaged. Thus
RCM simulations or the ensemble of RCMs with daily information should be used after bias
corrections (Teutschbein & Seibert, 2010).

Very few researches (Perera et al., 2013, 2014) have been carried out over West Rapti river basin
considering the climate projections and hydrological impact. Using bias corrected high resolution
AGCM (20 km x 20 km) seems to offer promising representation of various micro-physical processes,
however, the uncertainty associated with model parameters and internal model processes cannot be
neglected.

1.4. Research Objective

The objective of this research is to assess uncertainty in streamflow estimates for a mountainous basin

of regional scale in Nepal by uncertainty of climate change projections originating from a selection of
downscaled Regional Climate Models (RCMs).

In this study, performance of different RCMs will be evaluated by use of gridded counterparts from
the APHRODITE database to assess uncertainty by spread of RCM projections. Such spread results
from use of different RCMs that are driven by specific initial conditions and lateral boundary forcing
when downscaled from GCMs. The specific objectives of the research are outlined below:

e Compare and analyse spread of projections among CORDEX South Asia experiments
e Hvaluate the effect of bias correction on RCM simulated precipitation and temperature
e Compare hydrological model simulated streamflow values with — and without — bias correction

e Assess uncertainty of simulated extreme streamflow events by RCM projections

1.5. Research Questions

1. What is the most appropriate set of RCMs that represent past climate, extreme climatic
conditions and projected futures?

This research question attempts to test the performance of RCMs over Nepal, and to identify
set of RCMs, which closely simulate present and near-past climate and climatic extremes.
Moreover, it is difficult to choose single best model by considering aspects of RCM model
initialization. Hence, inclusion of all possible futures originating from different driving GCMs
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is attempted here. These factors will help to assess the uncertainty originating from the spread
of climate models’ projections given by different RCMs.

2. How does the hydrological model perform for different RCMs, and bias corrected RCM
simulations?

Uncertainties related to climate change scenarios, and bias correction will be dealt with to
understand the contribution of RCMs and bias correction to the overall uncertainty of the
climate change induced impact assessment.

3. What are the impacts of predicted change in climate on peak and extreme low stream flows?

This research question aims to evaluate the impact on peak and extreme low flows under
medium and high impact-climate change scenarios.

1.6. Hypothesis

Spread of climate projections due to different RCMs driven by different GCMs leads to larger
uncertainty in assessing impact of climate change on water resources.
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2. STUDY AREA AND DATA

In section 2.1, study area is described separately for the whole Nepal as uncertainties in regional climate
models has been studied for the entire country in section 2.1.1, and particular watershed information
is discussed in section 2.1.2 with emphasis on hydrological impact of climate uncertainties. Available
datasets for RCMs and observations are discussed in section 2.2.

2.1, Study Area

2.1.1. Nepal

Nepal has wide variation of climates from subtropical in the south, warm and cool in the hills, and
cold in the mountains within a horizontal distance of less than 200 km. The remarkable differences in
climatic conditions are primarily related to the enormous range of elevation within a short north-south
distance. Generally, there are four seasons in Nepal: summer monsoon (June-September), post-
monsoon (October-November), winter (December-February) and pre-monsoon (March-May). The
climate at macro-level is dominated by the summer monsoon and topography plays an important role
in creating meso- and micro-level differences. Hence, there are marked temporal and spatial vatiations
in precipitation. The average area-weighted annual precipitation for Nepal is about 1,630 mm. More
than 80% of the total annual precipitation occurs during the summer months. In extreme cases, up to
37% of the mean annual precipitation occurs within 24 hours. Mean annual precipitation ranges from
only 163 mm in Lomangthang (Mustang) located in the trans-Himalayan zone north of the Higher
Himalayan ranges, to more 5,000 mm in Lumle (Kaski) located in the southern part of the higher
Himalayan ranges (Chalise & Khanal, 2001).

2.1.2. West Rapti River Basin

The West Rapti River (WRR) basin beholds immense importance concerning its significance in water
supply for agriculture, irrigation, and domestic usage to the West Terai region of Nepal (Figure 1).
Geographically, the study area extends from 27°56'50" to 28°02'30" North latitudes and 81°45'00" to
81°40'00" East longitudes. The length of main stream channel is 257 km. Originating from the
Mahabharat range (middle mountains of about 3000 m altitude) of Nepal, it enters the lowlands and
finally drains to Ghagra (Karnali) river, a tributary of Ganges River in India. Jhimruk River, Mari River,
Arun River, Lungri River, Sit River, Dunduwa River, Sotiya and Gandheli rivulets are the main
tributaries. The river is named West Rapti River at the downstream of confluence of Jhimruk and Mari
rivers. Ground water and monsoon precipitation are the main contributors for water budget of river
(Gautam & Phaiju, 2013).
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Study Area
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Figure 1 West Rapti River basin with hydro-meteorological stations and elevation information
(Talchabhadel & Sharma, 2014)

Temperate climate prevails in the upper part of WRR basin while lower basin including Banke district
has tropical to sub-tropical climate. . The period from March to May is hot and dry, June to August is
hot and humid, September to October is pleasant, and November to February is cool and foggy with
occasional rainfall due to westetly winds. In summer, the temperature reaches as high as 45 "C
upstream while in winter, it falls below 2 "C downstream. Summer monsoon rainfall extends from
June till September, and the basin receives about 80 percent of the total annual precipitation during
monsoon only. The annual mean precipitation of the basin is about 1500 mm. The relative humidity
ranges from 60 percent in May to above 90 percent in January (Gautam & Phaiju, 2013).

2.2. Datasets

2.2.1. CORDEX and its experiments

Coordinated Regional Climate Downscaling Experiment (CORDEX) program was set up under the
support of World Climate Research Program (WCRP) to bring forth regional climate change scenarios
globally. CORDEX South Asia constitutes of twelve different suites of experiment, and are available
with the combination of different RCMs that are driven by different Global Climate Models (GCMs)
initial and boundary forcing as shown in Table 2. RCMs information and output was obtained from
CCCR website (bzp:/ [ ccer.tropmet.res.in/ home/ aboutus.jsp). Information on meteorological variables like

daily maximum temperature (Tmax), daily minimum temperature (Tmin), daily mean temperature (T'mean)
and precipitation (pt) are available at a hotizontal resolution of 0.44 * (~50 km) spatial resolution with
daily or monthly temporal resolution.
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As mentioned in section 1.3 on the necessity of daily data to analyze the entire distribution of simulated
variables, only RCMs with daily data was selected. In CORDEX South Asia experiments, only 7 out
of 12 RCMs have daily data with historical, RCP 4.5 and RCP 8.5 information namely RCA4
(ICHEC), CCAM (ACCESS), CCAM (CNRM), CCAM (CCSM), CCAM (MPI), CCAM
(BCCR), and REMO 2009 (MPI). Hence, the study will focus on only these seven RCMs with
historical or baseline period as 1976-2005 and future period as 2071-2100.

2.2.2. Observation Dataset

As in-sitn station data suffers from poor spatial coverage and non-uniform distribution, use of daily
gridded precipitation and temperature data are ever increasing to validate simulation of numerical
models or satellite based products. Several such products exist like Asian Precipitation —Highly-
Resolved Observational Daily Integration Towards Evaluation of Water Resources (APHRODITE),
Global Precipitation Climatology Centre (GPCC), and Climatic Research Unit (CRU). Andermann,
Bonnet, & Gloaguen, 2011 evaluated five different gridded precipitation data sets for Nepal, and
found that APHRODITE offers the best precipitation estimates when compared to independent
ground observations. Moreover, APHRODITE was capable to deliver adequate temporal variability
at monthly and annual scale compared to other similar products, and authors further concluded that
the product is appropriate for hydrological budget and discharge analysis.

APHRODITE’s Water Resources data for monsoon Asia (60° - 150°E, 15° - 55°N) consists of daily
gridded precipitation data (version V1101) for the period 1951 to 2007, and temperature data (version
V1101R2) for the period 1961-2007 available at both 0.25 * and 0.5 * resolutions. These high resolution
daily gridded datasets are outcomes of data collected from 5,000 — 12,000 stations (about two times
more coverage than GPCC), with substantial improvement in depiction of areal distribution and
variability of precipitation around the Himalaya compared to other available products (Yatagai et al.,
2012). Therefore, APHRODITE climatic datasets were used to validate the historical outcomes of
RCMs including input to the hydrological model.

Under Department of Hydrology and Meteorology (DHM), Government of Nepal, there are four
hydrological stations at Kusum, Jalkundi, Bagasoti and Mari (Nayagaon). All the stations have real
time telemetric system installed for water level measurement except for Bagasoti (real time rainfall
measurement). The catchment area of the basins of Cherneta, Nayagaon, Bagasoti and Kusum gauging
stations are 644 km?, 1980 km®, 3380 km® and 5200 km? respectively (Talchabhadel & Sharma, 2014).
Except for Kusum, stations have more than 30 years of record of daily runoff information. Kusum
station is at the lowest point of downstream with historical discharge information available from 2003
A.D. Since the records are not enough to evaluate climate change studies, station namely Jalkundi is
used for this study with discharge information available from 1964 A.D. The hydrological information
from this station was used during calibration and validation of hydrological model to match the model
simulated discharge values.

Graphical plot of observed discharge from station Jalkundi along with gridded average temperature
and precipitation values for the study basin from APHRODITE, and potential evapo-transpiration
computed using Hamon’s method is shown in Figure 2. Maximum average daily precipitation for the
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basin is about 98 mm, yet, precipitation as high as 392 mm has be observed in the study area at daily
time scale. Similarly, area-averaged temperature extends from 8 °C to 31 °C with average temperature
of about 21 "C. Discharge at Jalkundi station has vatied from as low as 1.11 cubic meter per second
to 7196 cubic meter per second. The average discharge at the station is about 142 cubic meter per
second. Potential evapo-transpiration computed using Hamon’s approach with area-averaged
temperature varies from 1.8 millimeter per day to 5.6 millimeter per day with average value of 1.84
millimeter per day.
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Figure 2 Graph showing observed discharge and precipitation, and computed potential evapo-
transpiration
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3. METHODOLOGY

This chapter discusses on the steps taken to accomplish the objective of this study. A synopsis of
the research method is presented in Figure 3. This study is accomplished in five sequential steps
with selection of representative concentration pathways (section 3.1), selection of representative
regional climate models (section 3.2), bias correction (section 3.3), hydrological modelling (section
3.4) and extreme value analysis technique (section 3.5).

3.1. Selection of Representative Concentration Pathways (RCPs)

RCPs represent a set of four new pathways greenhouse gas (GHG) emission scenarios as a basis
for long-term and near-term modeling experiments for the climate modeling community. These
RCPs were developed considering different forcing agents like socio-economic scenarios, land use
& cover data, emission data, and climate data. The four RCPs together span the range of year 2100
with radiative forcing values from 2.6 to 8.5 W/m?* as presented in Table 3 (van Vuuren et al.,
2011). Net effect of all anthropogenic GHGs and other forcing agents (except for land use —
albedo, dust and nitrate acrosol forcing) are included in radiative forcing values. RCP 4.5 and RCP
8.5 are selected for this study to represent possible future by 2100 under medium stabilization and
very high baseline emission scenarios respectively.

Table 3 Overview of RCPs

Description

RCP 8.5 Rising radiative forcing pathway leading to 8.5
W/m2 (~1370 ppm CO2 eq) by 2100.

RCP 6 Stabilization without overshoot pathway to 6
W/m2 (~850 ppm CO?2 eq) at stabilization after
2100

RCP 4.5 Stabilization without overshoot pathway to 4.5
W/m2 (~650 ppm CO2 eq) at stabilization after
2100

RCP 2.6 Peak in radiative forcing at ~3 W/m2 (~490
ppm CO2 eq) before 2100 and then decline (the
selected pathway declines to 2.6 W/m2 by 2100).

Source: van Vuuren et al., 2011

3.2. Selection of Regional Climate Models (RCMs)

A regional climate model (RCM) is a numerical climate prediction model forced by specified lateral
and ocean conditions from a general circulation model (GCM) or observation-based dataset
(reanalysis) that simulates atmospheric and land surface processes, while accounting for high-
resolution topographical data, land-sea contrasts, surface characteristics, and other components of
the Earth-system (http://glossary.ametsoc.org/wiki/Regional climate model). As these RCM
technique uses initial conditions, time-dependent lateral meteorological conditions and surface
boundary conditions from GCMs, each RCM is likely to simulate different dynamically refined
mesoscale climate features, reflecting the inherent and methodological uncertainties in climate
modeling (Teichmann et al., 2013). Uncertainty in projections of climate has been reported by
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several authors in South Asia and around the globe (Finger et al., 2012; Nepal, 2012; Syed, Igbal,
Syed, & Rasul, 2014; Ghimire et al., 2015; Alemseged & Tom, 2015; Rajbhandari et al., 2010).

To create further trustworthiness to climate change assessment, it is common to inter-compare
projections from different RCMs. The method involves a three step sequential climate model
selection procedure to develop representative climate projections among different RCMs for each
RCP 4.5 and RCP 8.5 as proposed by Lutz et al., 2016.

Over the past decades, climate models have undergone major changes by substantial improvements
to resolution, computations methods, parameterizations, and by considering additional processes
like interactive aerosols in simulating many aspects of present climate. However, several limitations
remain that mainly relate to representing clouds, which lead to uncertainties in the magnitude and
timing, as well as regional details of predicted climate change (Randall et al., 2007) (Flato et al,,
2013). Besides, RCPs are not final, fully integrated scenarios which means they do not represent a
complete package of socio-economic, emission and climate projections (van Vuuren et al., 2011).
Moreover, several systematic and random errors may originate due to imperfect conceptualization,
discretization and spatial averaging within grid cells, and could result into models prediction with
unusual and unrealistic large climate changes (i.e. outliers) (Hunt, 2007).

Considering the existing limitations of RCMs and RCPs, climate corners were defined based on
temperature and precipitation, assuming that it would serve as a tool to address all possible climates.
By the definition of extreme events that are in the outermost ten percent of the RCM simulation

sample set, outliers were ignored from data analysis following /b#ps:/ /www.nede.noaa.gov/ climate-
information/ extreme-events. Thus, 10" and 90" percentile values were considered to set a plausible

range of model outputs to represent variability of the phenomenon of interest while outliers in
model simulations are ignored. Four corners of the climate spectrum were proposed in this study
to represent plausible future climates. Once all the CORDEX experiments are brought under
common data format and same resolution, 10™ and 90™ percentile values for relative changes in
mean air temperature (AT) and annual precipitation sum (AP) between 1976 - 2005 (baseline
petiod) and 2071 — 2100 (future period) are computed. Four corners of the spectrum of projections
for temperature and precipitation change representing climates were defined based on these 10®
and 90" percentile values. The tenth percentile value for AT and tenth percentile value for AP
represents ‘cold, dry’ corner of the spectrum while tenth percentile value for AT and 90" percentile
value for AP denotes ‘cold, wet’ corner. Similarly 90 percentile value for AT and tenth percentile
value for AP represents ‘warm, dry’ corner, and 90™ percentile value for AT and 90 percentile
value for AP denotes ‘warm, wet’ corner of the spectrum (Table 4).

Table 4 Definition of climate corners

Criteria Climate Corners
10™ percentile value for AT & 90™ percentile value for AP cold, wet

10" percentile value for AT & 10™ percentile value AP cold, dry

90™ percentile value for AT & 90™ percentile value for AP warm, wet

90™ percentile value for AT & 10™ percentile value AP warm, dry
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3.2.1. Selection of RCMs based on changes in climatic means

This step involving selection of RCMs is the first step of the three steps sequential-climate model-
selection procedure, This step involved the selection of representative RCMs based on RCM
simulated historical and future projections only, and it did not include any method of comparing
the model simulated datasets with observations. This approach was considered with an attempt to
represent projections of all RCMs that are subject to selected initial and boundary conditions. In
addition, selecting a projection that best represents the future climate is rather subjective unless
effects of initial and boundary condition are well defined to create plausibility of RCM model
outcomes (i.e. climate projections). For this reason, it is common to consider multiple RCM runs
by different initialization and different driving GCMs.

The 30-year time reference period from 1976-2005 (baseline or reference period) was analyzed and
served as a reference for the future climate change simulations extending from 2071-2100 (future
period). The differences in the climatological mean values of the future to the reference time period
was used to define the climate change signals.

netCDF Operator toolkit (NCO) was used to manipulate and analyze data stored in netCDF
format based Regional Climate Model (RCM) outputs. It served multiple purpose like arithmetic
processing, attribute editing, binary operation, kitchen sinking, and record concatenating. GCM
outputs from CSIRO only contained information on daily maximum temperature (Tmax) and daily
minimum temperature (Tmin), thus NCO was utilized to compute daily mean temperature (Tmean).
Similarly, units of precipitation (pr) and temperature were brought to common unit format, and it
further required editing metadata to update the information. Similarly, each netCDF file contained
unique variable data, and it was as huge as 1 GB. Hence, the tool was used to subset the file into
study domain. Moreover, the files contained information at 5 years temporal scale. Thus, these files
were concatenated into single file for reference and future period.

Thus obtained NetCDF format datasets for Tmean and pr was rasterized using R programming
language and masked over shapefile of Nepal to obtain spatially averaged daily values of Tmean and
pr over study area, Nepal. Tmean was averaged over the entire study period to obtain climatic means
while daily pr values were accumulated to obtain total annual precipitation for each year, and further
averaged.

Differences between 10" and 90™ percentile values from the entire range of RCMs projections for
AT and AP , and the corresponding projections of AT and AP from each models are calculated to
measure the distance of the model to climate corners following Cartesian coordinate system and
Pythagoras’s theorem ( Equation 1). AT and AP for each RCMs were
plotted in x-axis and y-axis of scatterplot respectively to define each RCMs uniquely, along with
climate corners. Thus, distance between climate corners and each RCMs were computed following
Pythagoras’s theorem.

opl.pf = (1P = 271" + (17 = 771)") Hquation

Where Dp!, pf is the distance of a model (j)’s AT and AP (PJT and PjP , tespectively) to the corner
(i)’s 10th and/or 90" percentile score of AT and AP for the entire ensemble (P]T and P]-P ,

respectively).
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Lutz et al,, 2016 computed the distance between climate corners and each RCMs with the
measurement units of AT and AP as ‘C and percentage respectively. However, in this study,
coherence in the units of AT and AP was set up by computing relative changes in percentage for
both variables.

The study by Lutz and team included 94 GCMs for RCP4.5 and 69 GCMs for RCP8.5 showing
wide spread of projections, and offering greater opportunity to select representative GCMs over
climate corners. However, this study could only use seven RCMs due to limited availability of
RCMs under CORDEX South Asia, and necessity of daily data as explained in section 1.3. Thus,
RCMs were repeatedly used to calculate distance from each corner. This may result into selection
of same RCM at different corners, which is the limitation of this study. Thus, out of seven RCMs,
only five RCMs with lowest values for Dp;,p! were selected for each corner, and sorted in
ascending order. Hence, initial selection procedure leads to five model runs X four corners = 20
model runs for each RCP. In this step, five out of seven RCMs were chosen in order to maximize
the inclusion of possible RCMs in each corner while filtering these models towards single best
representative RCM in final step of selecting RCMs for each climate corners and each RCPs.

3.2.2. Refined selection of RCMs based on changes in climatic extremes

Frequency and severity of extremes largely define society’s perception of climate variability and
climate change. Thus, testing models’ ability to simulate climate variability and extremes is an
important part of model evaluation (Randall et al., 2007).

With an ultimate aim of detecting the changes in climate, Commission for Climatology (CCl) /
World Climate Research Programme (WCRP) of World Meteorological Organization, project on
Climate Variability and Predictability (CLIVAR) and Expert Team on Climate Change Detection,
Monitoring and Indices (ETCCDMI) jointly recommended 27 climate change indices primarily
focusing on extremes for climate change monitoring and detection studies. Out of these, 16 indices
are temperature related, and 11 indices are precipitation related (Zhang X and Yang F, 2004).

Among these indices, warm spell duration index (WSDI) and cold spell duration index (CSDI) were
considered for characterizing changes in air temperature extremes. WSDI is defined as number of
days each year as a sequence of 6 or more days in which the daily maximum temperature exceeds
the 90" percentile of daily maximum temperature for a 5 day running window surrounding this day
during the study period (Eq. 2). Let TIXi be the daily maximum temperature on day ! in period /

and let %90 be the calendar day 90™ percentile centred on a 5-day window (calculated using
method from Appendix D). Then the number of days per period is summed where, in intervals of
at least 6 consecutive days:-

TXij > Txin90 Equation 2

Similarly, CSDI is defined as the number of days each year as sequence of 6 or more days in
which the daily minimum temperature is below the 10" percentile of daily minimum for a 5 day
running window surround this day during the study period (Eq. 3).

Let 1M be the daily minimum temperature at day lin period J and let Txnl0 be the calendar day

10" percentile centred on a 5-day window (calculated using the method from Appendix D).
Then the number of days per period is summed where, in intervals of at least 6 consecutive days:-
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Tnij < Tninl0 Equation 3

Similarly, precipitation due to extremely wet days (R99pTOT) and consecutive dry days (CDD)
were considered to characterize changes in precipitation extremes. CDD is defined as maximum
number of consecutive days with precipitation less than 1 mm (Eq. 4). Let RRi be the daily
precipitation amount on day Lin period/ . Count the largest number of consecutive days where:

RRij <lmm Equation 4

R99pTOT is defined as annual sum of precipitation in days where daillg precipitation exceeds the
99" percentile of daily precipitation in the study period (Eq. 5). Let % be the daily
W(RR 21.0mm) ;. period / and let RRw99 be the 99

percentile of precipitation on wet days in the given period. If w represents number of wet days

precipitation amount on a wet day

in the peri\(;]d, then:

R99p; = ) RR.; where RRj > RRwn99

w=1 Equation 5

WSDI and CSDI affects the evapotranspiration while R99pTOT and CDD leads to associated
hydrological extremes like flood and drought respectively. Importance of including climatic
extremes in evaluating climate models is largely because extremes may change more than indicated
by a change in the mean values. Moreover, impact models is very likely significantly dependent on
the occurrence and frequency of extreme events.

For ‘warm, wet’ corner, WSDI and R99pTOT are considered as these indices best describe the
corner of the spectrum. Similarly, WSDI and CDD are chosen for ‘warm, dry’ corner. Moreover,
for ‘cold, wet’ corner, CSDI and R99pTOT are chosen, and for ‘cold, dry’ corner, CSDI and CDD
are considered.

Climdex.pcic.ncdf package was used to read daily Tmax, Tmin, and pr in netCDF format, and
construct the indices on annual basis for both baseline and future periods. Thus obtained extreme
indices in netCDF format were rasterized using RStudio platform, and averaged over the study
area. Furthermore, these annual (spatially averaged) indices were exported to excel to calculate
average indices for baseline and future periods, and relative changes in indices in percentage
between baseline and future period was computed.

Five RCMs initially selected based on climatic means are further refined based on their capability
for their projected changes in climatic extremes for each RCP. The indices were calculated for both
reference period and future period, and averaged over a period of 30 years. Percentual change for
the future period with respect to the baseline period gives changes in the indices. These relevant
indices were both ranked for each corner, and given scores 1-5. The model with the largest increase
in indices scored five while the smallest increase scored 1. Thus, obtained scores were further
averaged to give final score. Based on the final score for each corner, the three models with the
highest score were selected. Thus, this step led to three models X four corners = 12 model runs
for each RCP.
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3.2.3. Final selection of RCMs based on past performance

Finally, the remaining models in each corner after the refined selection were validated against
historical records from APHRODITE dataset to test performance of RCMs in simulating
contemporary climates. Calculation of skill score of temperature were done based on metric
proposed by Perkins et al., 2007. The metric calculates the cumulative minimum value of two
distributions of each binned value, thereby measures the common area between two probability
density functions (PDFs) as shown in equation 6. The skill score will equal one if a model simulates
the observed conditions perfectly which is the total sum of the probability at each bin center in a
given PDF.

Sscore = 2y minimum(Zgem, Zops) Equation 6

Where n is the number of bins used to calculate the PDF for a given region, Zren 1s the frequency
of values in a given bin from the model, and Zogs is the frequency of values in a given bin from
the observed data (Perkins et al., 2007).

RCMs and APHRODITE information in netCDF data format was converted to excel file format
for each grid. Thus, dataset of each grid for observation and RCMs was read at a time, and sorted
with the same range of values determined by range of observations. Bin size of 0.5 "C and 100 bins
were used to create probability density functions. Finally, cumulative minimum value of two
distributions at grid level was determined for all the grids to obtain Perkins skill score. Finally, these
scores were further averaged over the study domain to obtain final score for each RCMs and RCPs
refined from step 2 to obtain final representative RCM for each climate corner and RCPs.

E. Sanchez,R. Romera, M. A. Gaertner, 2009 proposed a method to score models from the
comparison of precipitation cumulative density functions (CDFs) against observed values. It

consists of five skill score factors f (i = 1, 5) considering variable behavior of precipitation of each

model j (f;}).
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Wi = fij-f2j-f3j- faj- fsj Equation 12

where A RCM j > Apps are the areas below the j RCM and APHRODITE cumulative density function

precipitation curves (equation 7), and A+ and A— are the fractional areas above (+) and below (—)
the 50th percentile (equation 8 and 9). Overbar denotes the spatial and time average and o the
standard deviation of the probability distribution function (equation 10 and 11). Values of f;;
factors around 1 indicate that the RCM is close to APHRODITE observations, and values close
to 0 mean that they are far from it. Each factor takes into account different aspects of model
probability distribution characteristics: the distribution as a whole (through the mean and the total
area), the smaller and higher precipitation amounts (50th percentile limit), and the shape of the
distribution (through the variance). The final single-weight for each RCM (W} was obtained by

multiplying five factors for the model (equation 8).

Daily precipitation information from APHRODITE and RCMs in netCDF format was rasterized,
and masked over the study area Nepal to obtain spatially averaged daily precipitation in excel
format. Later, monthly precipitation values for each year was calculated for all RCMs and
APHRODITE. From the range of datasets, maximum and minimum values were determined to
distribute the whole range of datasets into 100 bins as proposed in the method to define bin size.
Probability density functions was calculated for each bin for all RCMs and APHRODITE, and
cumulative density functions were later obtained. Thus, five factors were multiplied to obtain final
weight for the RCM.

Thus obtained skill scores for temperature and precipitation were averaged, and ranked in
ascending order. Finally, one model runs X four corners = four model runs will be used for each
RCP in hydrological impact assessment under climate change.

3.3. Bias correction

This study utilizes the RCM outputs based on dynamical downscaling of GCMs which improves
the representation of regional features in climate projections. However, local inaccuracies owing to
insufficient resolution and the uncertainties in the representation of small-scale forcing and
processes like clouds, convection, boundary layer, radiative transfer, etc exist. In general, two
straight forward corrections include adding the difference between climatological means of RCM
simulated future and baseline period to an observed baseline (delta approach). This technique is
based on an assumption that variability in climate scenario remains unchanged (Amengual, Homar,
Romero, Alonso, & Ramis, 2012). This study adopts quantile-quantile mapping transformation
(empirical quantile mapping) as it is more flexible that delta approach, and amends mean, variability,
and shape errors in simulated cumulative distribution functions (CDFs) of climatic variables.
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3.3.1. Empirical Quantile Mapping

It involves calculation of changes in CDFs of daily RCM outputs between baseline and future
period quantile by quantile. This is further rescaled based on observed CDF for the same baseline
period, and then added, quantile by quantile, to the observation dataset to obtain new calibrated
future CDFs (Amengual et al., 2012). This is expressed as

©

Difference between RCM simulated raw baseline -

period values (S¢;) and raw future period values
(Sfi) of precipitation and temperature for i" 3
quantile value of CDF is calculated (equation 13).
Thus, it offers quantile by quantile changes (4;) in
the CDFs. Here, the term ‘raw’ represents the RCM
simulated values without any bias-adjustment.

CDFs
06

04

Similarly, mean value of RCM simulated raw

baseline period (S¢) and future period values (STf)

are calculated to obtain mean changes (A) in the S g
values (equation 14). Furthermore, difference (A{) el iog
between A and A; is calculated (equation 15) to ol —f

obtain quantile by quantile changes in CDFs, and 5 . 2'0' o @

finally added to APHRODITE values (0;) quantile Te0)
by quantile to obtain bias-adjusted calibrated future values (p;) (equation 16) as shown in Figure 4.

Ai= Spi — S Equation 13 Figure 4 Graphical Sketch of Q-Q adjustment
A = .STf - S, Equation 14 Source: (Amengual et al., 2012)
Aj=A;— A Equation 15

pi=0;+ A+A]  Equation 16

Simulated CDF's for future period is calibrated by adding to the observed quantile, both mean delta
change, and individual delta changes in the corresponding quantiles.

3.4.  Hydrological Model

Hydrological models have increasing wide range of applications like water resources planning,
development and management, flood prediction, and coupled systems modeling like water quality,
hydro-ecology and climate (Pechlivanidis, Jackson, Mcintyre, & Wheater, 2011) along with future
system response modeling, for example, climate and land use changes to reproduce the water
balance of the study area. The major advantage of these models in the field of water resource
management is simulation of hydrological behavior with limited spatial and temporal information
on catchment characteristics, meteorological forcing, and land cover information.

3.4.1. HBV Light Model

HBYV model has been widely used by several researchers to assess the impact of climate change on
water resources (Abdo, Fiseha, Rientjes, Gieske, & Haile, 2009; Teutschbein & Seibert, 2012;
Nigatu, 2013). HBV model named after Hydrologiska Byrans Vattenavdelning unit at the Swedish
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Meteorological and Hydrological Institute (SMHI) was first developed in 1970s. Since then, several
progresses have been made until now and its popularity is mainly due to the simple and robust
structure, and a small number of parameters. HBV model is, a semi-distributed, widely-used
conceptual model with possibility to run simulations with different time steps and several sub-
catchments and elevation zones. The model consists of different routines and simulates catchment
discharge, usually on a daily time step, based on time series of precipitation and air temperature as
well as estimates of monthly long-term potential evaporation rates (Seibert & Vis, 2012).

rain and snow evapotranspiration
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Figure 5 Structure of HBV model Source: (Seibert, 2000)

The basic-standard version of the model (with use of UZL) consists of three main modules: snow
accumulation and melt, soil moisture accounting and river routing and response modules (Figure
5). The soil moisture accounting routine, which is controlled by three parameters, computes an
index of the wetness and soil moisture storage in a catchment. Parameter FC is the maximum soil
moisture storage capacity in the basin and parameter BETA determines the relative contribution
to runoff from a millimetre of rain or snowmelt at a given soil moisture deficit while parameter LP
is a soil moisture value above which AET reaches PET, and controls the shape of the reduction
curve for potential evapotranspiration. The response routine transforms excess water from the soil
moisture routine to discharge to each sub-basin. It consists of two reservoirs connected in series
by constant percolation rate PERC. The routine has three recession coefficients, namely K0, K1
and K2, a reservoir threshold UZL, and a constant percolation rate PERC. Computed outflow
from a catchment is transformed using a triangular weighting function, the base width of which is
the calibration parameter MAXBAS. The transformed catchment response is routed with a
Muskingum routing model (Abebe, Ogden, & Pradhan, 2010). In-sit« discharge information will be
used for model calibration and validation of the model.
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3.4.2. Estimation of Potential Evapotranspiration

HBV model requires daily temperature, precipitation and potential evapo-transpiration (PET)
values as driving variables. Temperature and precipitation information are available from
APHRODITE and RCM outputs. However, PET values are to computed or derived from available
datasets. For this purpose, different methods like Thornthwaite, Hamon, Hargreaves-Samani,
Priestley-Taylor, Ture, Makkink, Penman-Monteith, etc to estimate PET exist, however, choice of
methods largely differs the results (Cruff & Thompson, 1967; Rao, Sun, Ford, & Vose, 2011).
Based on available datasets of temperature and precipitation only for calculating daily PET, and
findings by Lu, Sun, McNulty, & Arnatya, 2005 that Hamon method gives better estimate, when
only temperature data is available, this study uses Hamon method to estimate PET.

The Hamon method computes PET as a function of daily mean air temperature and hours of
sunshine (Bae et al., 2011). Solar declination (d) is calculated based on Julian day (J) of each day for
entire period (equation 17), and sunset solar angle ({)5) is determined based on Ld, and
representative latitude of the catchment (¢) as shown in equation 18. Number of hours of sunshine
for each day (w) is computed based on sunset solar angle (equation 19). Mean air temperature (T)
from APHRODITE is used to calculate saturated vapor pressure (ESAT) as in equation 20, and
thus vapor density (RHOSAT) for the given temperature (equation 21). Finally, PET is calculated
based on daytime length of sunshine and saturated vapor density, along with calibration coefficient
KPEC which is set to 1.2 as proposed by Lu et al., 2005 (equation 22).

Ld = 0.4093 + sin (22X — 1.405) Equation 17

s = acos (— tan (2;7;240) * tan d) Equation 18

= 28 Equation 19
T*12

ESAT = 6.108 x EXP (17.26939 x T / (T + 237.3)) Equation 20
RHOSAT = 216.7 x ESAT / (T + 273.3) Equation 21

PET = 0.1651 * w * RHOSAT x KPEC Equation 22

3.4.3. Model Calibration

Model calibration refers to the re-adjustment and re-calculation of parameter values to find the best
fit or in other words, it also refers to finding the optimum value of objective function (Rientjes,
2015). A numerical measure of the difference between the model simulated output and the
observed (measured) catchment output is objective function (or goodness of fit). A popular
objective function in the hydrological literature is the Nash-Sutcliffe Efficiency (NSE) criterion
(equation 10), which gives the proportion of the variance of the data explained by the model (Nash
& Sutcliffe, 1970). Moreover, Liu & Smedt, 2004 proposed NSE adapted for low flow conditions
(LNSE) and for high flow conditions (HNSE) as shown in equations 11 and 12 respectively.

n R 2
NSE =1-— l 211 (Qsim—Qobs) Equation 23

2
erl:l(Qsim_Qr%esan)
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n )= 2
LNSE =1— l lel[ln(Qslm) ln(Qobs)] 2] Equation 24
Z?zl[ln(Qobs)_ln(Q#lbesan ]

n obs L 2
HNSE =1— [ lel(Qobs"‘Qmean)(Qs;,m Qobs)

. o —ps 2 Equation 25
lel(Qobs+Qmean)(Qobs Qmean

Where Qobs is the observed stream flow [L*T"'], Qsim is the simulated stream flow [L’T"], Q"
mean 1S the mean of the observed stream flow [I.’T"'] and € is an arbitrary chosen small value to
avoid problems with nil observed or simulated discharges.
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4. RESULTS

This chapter presents the findings of the methods adopted from chapter 3. Uncertainty analysis of
choice of RCMs are discussed in section 4.1. This section further deals with the analysis of RCM
outputs based on climatic means, extreme indices, and observed datasets. Results of RCM outputs
with and without bias correction is presented in section 4.2. Uncertainty in climate projections is
discussed further in section 4.3. Results of calibrating and validating HBV model and future
projections of discharges with- and without-bias correction are discussed in section 4.4 and 4.5
respectively. Finally, the analysis of extreme low flows and high flows are presented in section 4.0.

4.1. Selection of Regional Climate Models (RCMs)

4.1.1.  Selection of RCMs based on changes in climatic means

Figure 6 shows box-whisker plot that represent the absolute changes in monthly temperature for
the future period relative to the baseline period (AT) for all RCMs and RCPs. The bars in the
middle of the boxes denote the median values, and the upper and lower boundaries of the boxes
show the 75" and 25® percentiles, respectively and the distance between those two is inter quartile
range (IQR). Cross marks denotes mean value. Whiskers represent minima and maxima changes
which are maximum 1.5 times the IQR above 75" percentile or below 25" percentile; changes
outside this range are represented as outliers (Hubert & Vandervieren, 2008). The ticks outside of
the boxes denote the maximum and minimum values of dataset.

Annual cyle of absolute change of temperature
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Figure 6 Whisker plot on delta air temperature for all RCMs and RCPs

Mean absolute changes in monthly temperature shows positive changes which indicates warming
of the overall climate by the end of 21 century. March, April and May represent pre-monsoon,
and monsoon extends from June till September. It indicates that pre-monsoon will be warmer than
monsoon period. Similarly, winter months (December, January and February) shows the highest
tendency towards warmer climate. It further suggests that rise of temperature in future period will
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be higher for winter compared to summer. Mean AT values are lowest for June (0.04 °C) and
highest for December (7.41 "C). Inter-quartile range (IQR) of entire months shows that there is
larger relative dispersion of the middle 50 % of AT. Moreover, IQR is smaller for the monsoon
period with higher value for the remaining months. Relative dispersion of dataset-outer range at
750 percentile to maximum is greater compared to minimum to 25% percentile, it also indicates
warmer climate towards the end of this century.

For winter, IQR is relatively small compared to the whisker range which suggest clustering of data
about the median with longer tails representing large dispersion of the relative extreme values.
December has the largest IQR for AT with minimum for August. Minimum values near to 25®
percentile shows the little difference of extremes from the remainder of the sample. Except for
January, minimum values of absolute changes of temperature have negative values, which are very
small compared to maximum values, and it ranges from -4.2 "C (May) to -0.27 °C (September).
Maximum values farther away from the 75" percentile shows marked difference of extremes from
the remainder sample. It further explains the tendency of larger changes in AT which is highest
(18.5 °C) for the month December, and lowest (3.39 "C) for the September. It further shows that
December will have largest absolute changes in temperature.

Whisker plots on AT for RCP4.5
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Figure 7 Whisker plot of AT for RCP 4.5

Changes in temperature (AT) for each of the RCMs and RCPs were further prepared as shown in
Fig 7 & 8 respectively. Mean values of AT in Figure 7 shows that all the models showed positive
changes towards warmer climate by the end of century compared to baseline period, except for
ICHEC-EC-EARTH. IQR for CCSM4 and CNRM-CM5 show very little relative dispersion of
middle 50 percent of AT, and it is highest for NorESM1. Maximum values of AT show the
overall increment of temperature which ranges from 2.15 0C (CCSM4) to 8.76 0C (NorESM1).
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Whisker plots on temperature for RCP8.5
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Figure 8 Whisker plot of AT for RCP 8.5

Figure 8 explains the whisker plot of AT for RCP8.5, and mean values of AT show warmer climate
for all RCMs. It ranges from 1.21 °C (ICHEC-EC-EARTH) to 7.37 "C (MPI-ESM-LR). Moreover,
mean values above the median further supports the warmer climate. Relative dispersion of whiskers
show the higher tendency of AT values greater than 75" percentile. NorESM1 has the largest
dispersion of the middle 50 percent of dataset with least for ICHEC-EC-EARTH.

Annual cycle of absolute change in precipitation
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Figure 9 Whisker plot of absolute change of precipitation amount for all RCMs and RCPs

Projected absolute changes in monthly precipitation (AP) between baseline (1976-2005) and future
time period (2071-2100) for all RCMs and RCPs are shown in Figure 9. Relative changes ranges
from -136 mm (May) to 191 mm (June). The figure indicates the shifting of precipitation from
monsoon to pre-monsoon months as April and May have relatively higher increment of
precipitation compared to July, August and September. Inter quartile range for summer months
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(monsoon period) shows the less changes with larger negative precipitation in future period
compared to baseline period except for July. However, whiskers towards maximum values are
longer compared to whiskers towards minimum values, and it signals towards extreme precipitation
events. During post-monsoon (October and November), not much variability in precipitation can
be observed while in winter, December seems to have increased precipitation while January and
February show little variability. In reference to Figure 6 which shows the warmer temperature in
winter, it can be concluded that winter months are very likely to suffer from drought at the end of
century.

Whisker plots on precipitation for RCP 4.5
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Figure 10 Whisker plot of absolute change of precipitation amount for RCP 4.5

Figure 10 shows the model output of each RCMs for RCP 4.5 with AP ranging from -136 mm
(MPI- ESM-LR) to191 mm (MPI-M-MPI-ESM-LR). Mean absolute changes in precipitation shows
mixed results as ACCESS1-0, MPI-ESM-LR and NorESM1-M indicate decrease in mean values
while remaining models shows increased mean changes in precipitation. Compared to temperature
results, precipitation shows greater variability as whiskers towards maximum values are higher for
ACCESS1-0, CNRM-CM5, and MPI-M-MPI-ESM-LR indicate towards heavy precipitation events
in future, while remaining models indicate towards less precipitation. NorESM1 shows the overall
decrease of precipitation including MPI-ESM-LR. ICHEC-EC-EARTH does not indicate much
change in total amount of precipitation as the median value for AP is near to zero, yet the lower
whisker also indicate towards possible drought in future.

Similarly, absolute changes in precipitation values between baseline and future period for each
RCMs were explored for RCP8.5 as shown in Figure 11. Mean values of changes in precipitation
is above zero except for MPI-M-MPI-ESM-LR, which indicates towards increase in precipitation
in future period. All RCMs show common pattern that the maximum precipitation is very likely to
increase while the minimum values are decreasing. It further confirms the likelihood of heavier
precipitation. Changes in minimum values range from - 51.49 mm (NorESM1) to -11.88 mm for
ICHEC-EC-EARTH. And, maximum values range from 34.87 mm (CCSM4) to 139.14 mm
(NorESM1). NorESM1 shows the largest variability in predicting future period based on IQR and
whiskers, while MPI-M-MPI-ESM-LR shows the least variability.
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Whisker plots on precipitation for RCP8.5
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Figure 11 Whisker plot of absolute change of precipitation amount for RCP 8.5

Distance of each RCM runs to the 10® and 90" percentile values in the corners were calculated (

Equation 1), and ranking of these models for each corner was
performed starting from the least one. Five RCMs with the least distance between each climate
corners and each RCMs were selected for further analysis to calculate the extreme indices for each
climate corners and each RCPs. The red squares in scatter plots (Figure 12 and 13) shows the
climatic corners as described in Table 4. These scatter plots explain that larger number of RCMs
are clustered around COLD, WET corner of the climate corners. The scale of distribution of AT
and AP values in RCP 4.5 and RCP 8.5 further proves the outcomes of radiative forcing pathways
on severity of possible climate changes respectively as the values of AT and AP for RCP8.5 are
almost twice compared to RCP4.5. COLD, DRY corner do not show any closeness to available
RCMs. ICHEC-EC-EARTH shows closeness towards WARM, WET corner, and MPI-M-MPI-
ESM-LR shows closeness towards WARM, DRY corner. These results from scatter plot could be
influenced by limited availability of RCMs to represent climatic diversity for the study.

Scatter plot of climate corners, AT and AP for RCP4.5
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Figure 12 Scatter plot of climate corners, AT and AP for RCP4.5
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Scatter plot of climate corners, AT and AP for RCP8.5
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Figure 13 Scatter plot of climate corners, AT and AP for RCP8.5

Results of distance calculation for RCP 4.5 and RCP 8.5 are shown in Figures 14 and15
respectively. RCMs with least distance were selected for each climate corner for extreme indices

analysis.
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4.1.2. Refined selection of RCMs based on changes in climatic extremes

Relative change of extreme indices between 1976-2005 and 2071-2100 was obtained (Figure 16).
Bar plots were prepared to plot the relative changes of indices against each RCMs. Figure 16a on
consecutive dry days (CDD) indicates the decreasing trend at the end of 21st century for all the
models except for MPI-M-MPI-ESM-LR . It ranges from -23 percent (CCSM4, RCP8.5) to 60
percent (MPI-M-MPI-ESM-LR, RCP8.5). MPI-M-MPI-ESM-LR and ACCESS1-0 show the
greatest variation for both RCPs respectively. CNRM-CM5 and ICHEC-EC-EARTH show
different behavior as the changes in RCP4.5 are higher compared to RCP8.5. CSDI (Fig 16b) shows
mixed response by different RCMs, especially with choice of RCPs. RCP4.5 and RCP8.5 have
opposite results for CCSM4, CNRM-CM5, MPI-M-MPI-ESM-LR and ACCESS1-0. And, all
RCMs except for CCSM4 show increasing trend of CSDI for RCP8.5 which ranges from -6.22
petrcent (CCSM4) to 63 percent (MPI-ESM-LR). These results are in line with Fig 1, which showed
the negative changes of minimum values of absolute changes between future period and baseline

period.

Figure 16¢ explains WSDI, and models show non-consistent responses. ACCESS1-0, CCSM4,
CNRM-CM5, and ICHEC-EC-EARTH indicate negative changes, which means number of days
of warm spell will decrease in future period with reference to baseline period. Figure 12 and 13
showing scatter plots of RCMs in different climate corners for RCP 4.5 and RCP 8.5 respectively
also show similar results. MPI-ESM-LR and MPI-M-MPI-ESM-LR show positive trend of WSDI
in future period, and it ranges from 0.17 percent to 18.82 percent.

All the models exhibit positive trend towards extremely heavy precipitation events (R99PTOT) by
the end of century except for MPI-M-MPI-ESM-LR for RCP85 and ICHEC_EC_EARTH (Figure
16d). For the remaining models, RCP85 shows extreme weather conditions compared to RCP 45
ranging from 6.4 percent (MPI-ESM-LR, RCP45) to 21.22 percent (ACCESS1-0, RCP85). This
further confirms with Figure 8 and 9 showing heavier precipitation in future period compared to
baseline period.
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After the results were obtained for each models and RCPs, the indices as defined for each climate
corner (section 3.2.2) were averaged and final score (5-1) was determined with highest ranking (5)
assigned for largest increase in indices and one for the lowest. Three RCMs with highest ranks were
selected for each climate corner and each RCP, and further processed in final step of selecting
RCMs based on comparison of probability density function between historical observation and
model simulation for the same period. Similar to initial selection of RCMs based on climatic means,
three RCMs were selected out of five for inclusion of more number of RCMs such that climatic
variability simulated by each RCMs can be further analyzed.
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Figure 16 Percentual change of a. CDD b. CSDI c. WSDI d. R99PTOT between 1976-2005 and
2071-2100

4.1.3. Final selection of RCMs based on past performance

As the scores were averaged for the study area, the resulting scores are shown in Figure 17& Figure
18. Figure 17 shows that ACCESS1-0 has the higher ability to simulate historical climate with
significant overlap over observed datasets (0.75). Except for ICHEC-EC-EARTH, all the models
generate a skill score greater than 0.6, which indicates that the models performed relatively well.
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Figure 17 Perkins' Skill Score

Different skill factors based on E. Sanchez et al., 2009 was computed and shown in Figure 18.
RCMs driven by GCMs from CSIRO showed similar pattern in context of all skill factors. ICHEC-
EC-EARTH seems to perform better in context of all skill factors showing close resemblance to
APHRODITE in terms of mean, total area, smaller and higher precipitation amounts and shape of
distribution through variance.

Sanchez's Skill Score Factors
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Figure 18 Sanchez Skill Score Factors

Results of final single-weight was computed for each RCM and averaged with Perkins’ skill score
to obtain the final score for each RCM Table 5.

Table 5Scores for Perkins and Sanchez based RCMs

ACCESS CCsm4 CNRM- ICHEC- MPI- MPI-M-  NorESM1
1-0 CM5 EC- ESM-LR  MPI-
EARTH ESM-LR
fi 0.72138 0.723528 0.72292 0.931621 0.718989 0.802473 0.719322
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f2 0.689169 0.694426 0.695176 0.91986 0.685716 0.783942 0.687742
f3 0.073516 0.129034 0.152007 0.714645 0.052637 0.417926 0.081149
fa 0.174812 0.175062 0.178926 0.798912 0.167278 0.41377 0.168176
f5 0.364668 0.356812 0.329398 0.964068 0.354809 0.615371 0.368818
f 0.00233  0.00405 0.004502 0.471692 0.00154 0.066944  0.00249
Perkins 0.748 0.627 0.626 0.579 0.62 0.65 0.626

FinalScore 0.375165 0.315525 0.315251 0.525428 0.31077 0.358472 0.314245

4.1.4. Monthly temperature and precipitation distribution over Nepal

Figure 19 shows monthly temperature distribution over Nepal resulting from spatially averaged
daily temperature data from different RCMs and APHRODITE. All the models seem to fail to
capture monthly patterns of temperature, although RCMs driven by GCMs from CSIRO seem to
fit well in the months February, March and April. In remaining months, all the RCMs
underestimated the monthly temperature values. ICHEC-EC-EARTH and MPI-M-MPI-ESM-LR
failed to capture magnitude compared to other RCMs and APHRODITE. Ensemble mean was
computed through arithmetic averaging of all RCMs, and it does not show any improvement in
capturing monthly temperature distribution over Nepal.

Temperature annual cycle —APHRO
22
20 e ACCESS1-0
18 CCSM4
— 16
O
& 14 CNRM-CM5
(O]
5 12 e [CHEC-EC-EARTH
£ 10
g_ 8 / @ [\/|P|-ESM-LR
£ 6
& . e \/|P|-M-MPI-ESM-LR
2 e NOrESM1
(2) e FNSEMBLE

Jan—FebMar Apr May Jun—Jul-—Aug Sep Oct Nov Dec
Months

Figure 19 Temperature annual cycle over Nepal

Monthly rainfall distribution over Nepal resulting from spatially averaged daily rainfall data from
different RCMs and APHRODITE is shown in Figure 20. RCMs seem to capture the monthly
rainfall patterns especially with the highest rainfall occurring month July. Except for ICHEC-EC-
EARTH, all the RCMs overestimated precipitation compared to APHRODITE. ICHEC-EC-
EARTH was capable to simulate almost the similar amount of precipitation except for the months
June, November and December. CNRM-CM5 was found to be performing poorest among all in
capturing monthly rainfall amount, highest rainfall amount and overall pattern. As it is clear from
Figure 12, almost all RCMs overestimated precipitation in all months, ensemble mean also resulted
in poor representation of annual cycle and magnitude compared to APHRODITE.

Dy o e
34| Page



Projection of Future Stream Flow And Their Uncertainty Over West Rapti Basin, Nepal

Rainfall Annual Cycle (mm)

700
650
600 @ \PHRO
— 550 e ACCESS
€ 500
£ 450 CCSM4
§ 400
'.g 350 CNRM
£ 300
9 200
e \VIPI-ESM
e 150
100 s V| P|-M-ESM
50
0 e N\ OrESM 1
JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC ENSEMBLE
Months

Figure 20 Rainfall annual cycle over Nepal

4.2. Bias Correction

Bias-correction of temperature and precipitation variables for all RCMs selected from section 3.3
was performed. Figure 21 shows the combined cumulative distribution functions of temperature
for APHRODITE, RCM simulated raw historical and future period, and bias-adjusted future
period. RCM simulated historical temperature values shows the higher cumulative probability
compared to APHRODITE, which explains the under-estimation of temperature by RCMs. In
case of future RCM simulated values, each RCM shows different projections. For ACCESS1-0,
temperature values are under-estimated, and similar results are found in ICHEC-EC-EARTH
RCP4.5. For remaining models, temperature values are over-estimated, which are highest for
CCSM4 and CNRM-CMB5. The bias- adjusted temperature results are shown by green colored line.
Eatlier results from inter-comparison of performance of different RCMs from section 5.2 showed
the cooling trends for different RCMs, which is also clear from the figure. After bias-correction,
these values seems to be corrected.
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Figure 21 Observed, historical, raw and bias-adjusted CDFs for temperature for different RCMs and RCPs
Similarly, bias- adjusted precipitation values were obtained as shown in Error! Reference source

temperature

not found.. RCM simulated historical precipitation values were found to be over-estimated
compared to observation dataset APHRODITE, and it is highly variable with different intensity of
precipitation. For lower values of precipitation, RCM estimations donot vary much, however, for
higher precipitation amounts, it varies greatly, with highest for CCSM4 and CNRM-CMb5. Similar
to temperature, bias-adjusted values of precipitation are shown by green line for respective RCMs
and RCPs in the figure.
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Figure 22 Observed, historical, raw and bias-adjusted CDFs for precipitation for different RCMs and RCPs

T
0 20 40 60 80 100
precipitation

4.3. Uncertainty in climate projections

After bias correction, RCM simulated future projections were further evaluated to measure the
change in reference to baseline period.
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4.3.1. Temperature

Mean monthly temperature for each RCMs selected for RCP 4.5 and RCP 8.5 from section
4.1.3 were plotted against mean monthly temperature during baseline period obtained from
APHRODIT dataset, and shown in Figure 23 and Error! Reference source not found.
respectively. Annual average temperature during baseline period (1976-2005) was about 21.2
’C, while it ranges from 22.6 "C for CCSM4 (RCP4.5) to 25.11 °C for ACCESS1-0 (RCP 8.5).
For RCP 4.5, it is likely that the temperature may increase from 1.3 “C (CCSM4) to 2.3 °C
(ACCESS1-0). Similarly, increment of temperature is more severe for RCP 8.5 which ranges
from 3 “C (CNRM) to 3.8 "C (ACCESS1-0). Moreover, maximum increment of temperature is
likely in February and March, and minimum increment is found in June.

Mean monthly temperature for RCP4.5 Vs APHRODITE

Bl rRcM [l APHRODITE

Temperature (°C)
N
o

JAN FEB MAR APR MAY JUN JUL AUG SEP ocCT NOV DEC

Figure 23 Mean monthly temperature for RCP4.5 Vs APHRODITE
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Figure 24 Mean monthly temperature for RCP8.5 Vs APHRODITE
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4.3.2. Precipitation

Mean monthly values of precipitation after bias correction of RCM outputs is plotted against
APHRODITE dataset for RCP 4.5 and RCP 8.5 in Figure 25 and Figure 26 respectively. Annual
average precipitation during baseline period was about 1344 mm, and in future simulation, it ranges
from 1453 mm (ICHEC-EC-EARTH, RCP 4.5) to 3011 mm (CCSM4, RCP 8.5). Maximum
amount of precipitation is indicated in July, however, only ICHEC-EC-EARTH for RCP 8.5 has
higher precipitation compared to APHRODITE. Remaining RCMs predict lower precipitation for
July. Minimum precipitation events are found in January, February and March.

For RCP 4.5, increment in annual average precipitation ranges from 109 mm (ICHEC-EC-
EARTH) to 414 mm (ACCESS1-0), while for RCP 8.5, it ranges from 337 mm (ICHEC-EC-
EARTH) to 483 mm (ACCESS1-0).
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Mean monthly precipitation for RCP 4.5 Vs APHRODITE
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Figure 25 Mean monthly precipitation for RCP 4.5 Vs APHRODITE
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Figure 26 Mean monthly precipitation for RCP 8.5 Vs APHRODITE

4.4. Calibration and validation results of HBV model

The standard version of HBV light model with application of threshold parameter of soil upper
zone and recession coefficients was set up with warming period starting from January 1%, 1982.
Although the data was available from 1964 for Jalkundi station on daily time scale, period from
1982 to 2005 was used for this study purpose. Calibration of the model involved the period 1983
to 1996, and for validation of the HBV light model, period 1997 to 2005 was chosen. Longer
period of years for calibration and validation was considered to optimize the parameters, such that
the future flows can be well presented. Results of calibration with objective function include Nash
Sutcliffe Efficiency (NSE) to evaluate the overall performance of the model comparing daily
simulated values of discharge with observed values for the same period (equation 23). Nash
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Sutcliffe Efficiency with logarithmic values (LNSE) were adapted for low flow to reduce the
problem of squared difference and the resulting sensitivity to extreme values (equation 24).
Logarithmic transformation is helpful in flattening the peaks while low flows are kept the same,
thus resulting into increase in influence or sensitivity of low flow values (Krause & Boyle, 2005).
Similarly adapted version of Nash Sutcliffe efficiency for high flows (HNSE) was used to evaluate
the ability of HBV light model in reproducing high flows (equation 25).

100 — B Measured precipitation [mm] —— Smulsted snow [mm]
80—
60—
40—
20—

= Observed discharge [mm/day] = Smulated discharge [mm/day]

60—

20—

01?0_1-1 983 23-06-1988 14-12-1993
Figure 27 Results of calibrating HBV light model for period 1983-1996

Results of calibrating the model with observed precipitation and discharges including simulated
values of discharge for the period 1983-1996 is shown in Figure 27. It shows that the model is
capable to simulate low flow well, while high flows are under-estimated throughout the period of
calibration. The difference between daily observed and simulated values of stream flow discharge
was analyzed and found that the average difference is about 0.91 mm/day, and the maximum and
minimum values of differences are zero and as high as 35.44 mm/day. Such highest difference was
simulated for 1989-07-15 with precipitation records for last two days were respectively 42.9, 83.6
and 35.2 mm. NSE, LNSE and HNSE for the calibration period are 0.71, 0.76 and -0.18
respectively. Thus the performance of the model can be concluded as good, however the results
for peak flows are subject to further optimization of the model parameters.
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Figure 28 Results of validating HBV light model for period 1997-2005

Results of validating the model with the same optimized sets of parameters used during calibration
of the model is shown in Figure 28. It shows that the model is capable enough to simulate the low
flow and overall pattern of seasonal flows for the validation period of 1997-2005, however, high
flows are under-estimated. Mean difference between simulated and observed values of discharge is
0.96 mm per day, with values ranging from 64.7 mm/day to 0.001 mm/day. NSE, LNSE and
HNSE are 0.61, infinity, -0.59 respectively. With NSE wvalues of 0.61, the model has only
satisfactory performance.

4.5. Simulation of future flow (2071-2100)

4.5.1. Simulation of future flows without bias correction of RCM data

The optimized parameter set during calibration of HBV light model was used to simulate future
stream flow discharges. Daily potential evapo-transpiration was calculated based on future data of
temperature from each RCM and each RCP. Thus obtained PET values were averaged to obtain
mean monthly PET for each RCMs, and fed into hydrological model. Mean monthly values of
simulated stream flow discharge based on RCMs finalized from section 4.1 were plotted against
the discharge values of baseline period as shown in Figure 29. RCP 4.5 is represented by blue
coloured lines and RCP 8.5 is represented by green lines. Seasonal shift in stream flow discharge is
clearly visible as the observed values of discharge for baseline period has August as the maximum
discharge while the most of the RCMs show July. This is also clear from Figure 9 where largest
absolute change of precipitation amount for all RCMs and RCPs are shown in July compared to
August. Except for ICHEC-EC-EARTH, all RCMs show overall increase in discharge in future for
all months. Low flow months (November, December and January) also have higher flows
compared to baseline period. This is also evidence from Figures 9, 10 and 11 which show increase
in precipitation events. ICHEC-EC-EARTH shows decrease in monthly discharge values for
months August, September and October. Discharge values range from as low as 22.2 cubic meter
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per second for CNRM-CM5 for RCP 8.5 in March to 1491 cubic meter per second for ACCESS1-
0 for RCP 8.5 in July.

Monthly mean values of observed (1982-2005) and simulated discharge
(2071-2100)
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Figure 29 Monthly mean values of observed (1982-2005) and simulated stream flow discharge
(2071-2100)

Similarly, Figure 30 indicates absolute change in mean monthly discharge values between baseline
and future period for each RCMs and RCPs. Decline of stream flow discharge is shown by ICHEC-
EC-EARTH for August, September and October with lowest values for RCP 4.5 (245.3 cubic
meter per second) in September. Remaining RCMs show positive change for all months with least
positive change during April, and highest for June. However, ICHEC-EC-EARTH shows highest
positive change for February and March.

Absolute change in discharge between baseline and future period

1400.0
1200.0
1000.0

800.0

600.0

400.0
w0 owadl o ML Mkl D
0o Inlil 4l Al e W IR Wi L 11 1 ikl
JAN FEB MAR PR MAY JUN JUL Aug SEFII OCT NOV DEC

A

Discharge (cubic meter per second)

-200.0

-400.0

B ACCESS45 m ACCESS85 CCSM45 HECNRM85 mICHEC45 ®ICHEC85

Figure 30 Absolute change in discharge between baseline and future period
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4,5.2. Simulation of future flows with bias correction

RCMs selected from section 4.1 were bias corrected applying empirical quantile mapping for
temperature and precipitation values at daily time scale. Thus, bias corrected temperature and
precipitation values were fed into HBV model along with monthly average values of PET,
computed with bias corrected temperature data. Finally, the optimized parameter set used earlier
during calibration of HBV light model for baseline period was used to simulate future flows. Figure
31 shows the monthly average discharge for each RCMs after bias correction. Figure 32 indicates
monthly average discharge values for each RCMs with and without bias correction, along with
observed values for historical period. The overall shift in seasonal pattern of maximum discharge
is visible for all RCMs. It further means that the bias correction technique preserves the seasonal
pattern. However, there is large shift in magnitude of discharge values after bias correction. Figure
32 gives the difference in simulated discharge values after bias correction.

Monthly mean values of observed (1982-2005) and simulated discharge
(2071-2100)
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Figure 31 Monthly mean values of observed (1982-2005), and simulated discharge (2071-2100)
after bias correction
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Figure 32 Monthly discharge for baseline period, and future period with and without bias

correction for each RCMs
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Figure 33 Absolute change in discharge after bias-correction for each RCMs

Results of bias correction are highest for ACCESS 1-0 for RCP 8.5 as shown in Figure 33, with
lowest change for ICHEC-EC-EARTH. May, June, July, August, and September have higher
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adjustment of raw simulated RCM based discharge compared to other months. Increase in
discharge values after bias correction is only seen in ICHEC-EC-EARTH by about 6 cubic meter
per second for RCP 8.5 in July while ACCESS1-0 for RCP 8.5 shows the steepest decline in
discharge values (-1102 cubic meter per second). Simulated values of discharge after bias correction
of RCM data for future period are closer with the observed values of baseline period. These results
can be interpreted from Figure 22, which shows the results of bias-correction of precipitation for
each RCMs. Figure 31 and Table 6 give range of projections of monthly mean values of discharge,
and also represent uncertainties in RCMs based future discharges in West Rapti.

Table 6 Annual average, and monthly maximum and minimum discharge values for each RCMs
after bias correction including for observed period

Climate Corner RCP RCMs AVG MAX MIN

OBSERVED 142.7185 477.8151 16.49207
COLD,DRY & WARM,DRY RCP 4.5 ACCESS 1-0 145.3359 395.3973  25.87788
COLD,WET RCP 4.5 CCSM4 150.8423 404.2724 25.39176
WARM,WET RCP 4.5 ICHEC-EC-EARTH  139.5987 443.6699 6.432238
WARM, DRY RCP 8.5 ACCESS 1-0 151.995 388.0804  26.24359
COLD,DRY & COLD,WET RCP 8.5 CNRM 151.5497 387.2095 22.20457
WARM,WET RCP 8.5 ICHEC-EC-EARTH  165.2763 489.0239  11.95725

4.6. Analysis of extreme flows

Extreme low flows and high flows were defined for values less than 10" percentile and values
greater than 90™ percentile respectively as explained in section 3.2. Results from bias-corrected
RCMs only are considered for extreme flow analysis here. Maximum and minimum values of
historical data on discharge were calculated, and difference of maximum value and 90™ percentile
was considered to define bin size, and number of bins for evaluating frequency distribution of
extreme low flows. Similar approach was followed for analysing frequency distribution of extreme
high flows by considering difference of 90" percentile and maximum flow.

Histogram of daily discharge under extreme low flow condition based on RCMs for RCP 4.5 is
shown in Figure 34. Observed discharge from station Jalkundi is also plotted for comparison. The
lowest discharge as seen from the histogram is around 2 cubic meter per second, however the
future projections by RCMs under RCP 4.5 shows larger number of events with zero flow
condition. In this case, ICHEC-EC-EARTH indicates higher tendency towards no flow condition.
However, flows from 2 — 11 cubic meter per second point towards increase in low flow conditions
compared to historical period. This is also evident from Figure 25 which shows the higher amount
of monthly mean precipitation for RCP 4.5 in the dry season (March and April) in future period
(ensemble mean of RCMs) compared to historical period. Yet, the flows ranging 13-14 cubic meter
per second indicate decrease in future period. First quartiles during dry season as shown in Figure
25 also show lower values of precipitation from RCMs compared to observed precipitation. Based
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on histogram, ICHEC-EC-EARTH shows the largest variability in discharge while ACCESS1-0
and CCSM4 show similar pattern of frequencies for extreme low flows.
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Figure 34 Frequency of daily stream flow discharge of extreme low flows for RCP4.5

Similarly, Figure 35 shows the frequency distribution of extreme low flows for RCP 8.5. The
number of events for each bin is lower compared to RCP 4.5. For lower values of discharge (2-9
cubic meter per second), there is higher frequency of events under RCP 8.5. For discharge values
ranging from 11 — 14 cubic meter per second, RCMs indicate towards drier condition. These results
are also evident from Figure 26 which indicates overall increase in precipitation from ensemble
mean of RCMs.
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Figure 35 Frequency of daily stream flow discharge of extreme low flows for RCP 8.5

Histogram of daily discharge for extreme high flows ranging from 490 to 2190 cubic meter per
seconds for all RCMs under RCP 4.5 along with observation data is shown in Figure 36. Maximum
value of observed- historical discharge is 7196 cubic meter per second, however in future
simulation, it extends from 2276 — 36008 cubic meter per second. Hence, it was not possible to
display the whole series of histogram here. The figure clearly shows that for discharge values

D h o
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ranging from 490-590 cubic meter per second, frequency of occurrence is larger in observed dataset
compared to RCM simulations. However, the occurrence of high flow over the 990 cubic meter
per second is more frequent in RCM simulations than historical observations. ICHEC-EC-EARTH
seems to predict higher frequency of extreme events compared to other RCMs for discharge values
greater than 990 cubic meter per second. These extreme high flows normally occur in monsoon
season extending from June till September. Precipitation results from Figure 25 also indicate
towards higher precipitation events in July and August compared to historical observations, which
could be the possible reason for such highly extreme flows in future.
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Figure 36 Frequency of daily stream flow discharge of extreme high flows for RCP4.5

Similarly frequency distribution of extreme high flows under RCP 8.5 is shown in Figure 37. The
frequency of occurrence of discharge from 490 to 690 cubic meter per second is higher in
observation dataset compared to RCM simulation. For all RCMs, frequency of occurrence of high
flows above 990 cubic meter per second is higher compared to RCP 4.5.
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Figure 37 Frequency of daily stream flow discharge of extreme high flows for RCP8.5
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5. DISCUSSION

5.1 Selection of regional climate models

Assessment of regional climate change requires ensemble simulations by different global and
regional climate model combinations, and experiments in CORDEX South Asia follows the same
approach which further helps to interpret the spread of simulated results (Figure 6 and 9) as an
outcome of inherent and methodological uncertainties in climate modeling (Teichmann et al.,
2013). This study shows that all RCMs have been able to capture the seasonal pattern of annual
cycle of monthly temperature (Figure 19), although values are overestimated. In Figure 20, it is
shown that temporal precipitation variability at monthly time step is overestimated by most models,
except for the ICHEC-EC-EARTH.

Previous studies have shown that winter temperatures are increasing faster than summer
temperatures (Figure 6) while the winter precipitation does not show any significant trend.
Compared to summer months, winter is expected to be drier (Figure 9) (Chatles, Chiew, & Zheng,
2010). Figure 6 and Figure 7 show that mean values of absolute changes in temperature is higher
than median, and it indicates that relative dispersion of middle 50 percent of AT is towards
minimum values. The results are similar to scatterplots in Figure 12 and Figure 13. Increase of
CSDI with associated decrease in WSDI (Figure 16) has been reported by earlier studies, and this
could be possibly due to aerosol cooling as aerosols absorb incoming solar radiation, thus reducing
surface solar absorption and leading to land cooling (Sanap, Pandithurai, & Manoj, 2015).

After a three step sequential selection approach, ACCESS 1-0 (cold, dry & warm, dry), ICHEC-
EC-EARTH (warm, wet) and CCSM4 (cold, wet) were selected for RCP 4,5. Similarly, CNRM-
CM5 (cold, dry), ICHEC-EC-EARTH (warm, wet), CNRM-CM5 (cold, wet) and ACCESS1-0
(warm, dry) were selected for RCP 8.5.

This study adopted the evaluation of climatic means and extreme events from RCM simulated data
before comparing the RCMs with observation datasets. In general, climate impact assessment
studies are based on an assumption that a more realistic simulation of present-day climate implies
more reliable projections of future climate change, however, the higher resolution in RCMs could
introduce additional noise at smaller spatial scales, and thus wiping out the climate change signals
(Paeth & Mannig, 2012). Feser et al., 2011, on the added value to GCMs data by RCMs, came to
conclusion that RCMs can add value, but only for certain variables and locations. Therefore,
assessment of uncertainties related to RCMs is important before application of RCMs directly in
the study of impacts of climate change in sectors like water resources and agriculture (Syed et al.,
2014). This led to selection of RCMs based on range in projected climate change as the first step
of filtering RCMs, before evaluating the skills of RCMs to simulate past climate. Besides, RCPs
only offer representative scenario of what the future could possibly be like, and it is still an
incomplete package of socio-economic conditions, emissions and climate projections (van Vuuren
et al,, 2011). Moreover, uncertainties in climate projections in earlier studies as discussed in section
3.2 further concludes on the poor skills of existing climate models in simulating precipitation
dynamics over the study area. Thus, inclusion of all possible range of projections involving final
selection of RCMs based on past performance is very likely to well represent both present and
future climate.
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The first limitation of this study is related to the scale issue, as the projected changes are averaged
over the entire study area in selecting RCMs based on changes in climatic means, which may very
likely dilute the spatial variation in projected changes. Similar spatial averaging is applied in the
second and third step of selecting RCMs based on changes in climatic extremes and based on past
performance respectively. Frequency distribution of precipitation against the corresponding
observations and their spatial distribution offer better understanding of ability of RCMs in
reproducing spatial variability.

5.2. Uncorrected RCM simulation and bias correction

Figure 19 and Figure 20 shows the underestimation of temperature and overestimation of
precipitation respectively, mainly in winter season. Mishra, 2015 has reported similar results from
CORDEX South Asia RCMs, and further concluded that overestimation of precipitation could be
partially attributed to the fact that most of the observations do not include solid precipitation.

Comparison of Figure 6 with Figure 23 and Error! Reference source not found. also suggest a d
ecrease in range of projections after bias correction. Climate models show systematic biases in
warm and dry climates which result in the regional amplification of global warming (Boberg &
Christensen, 2012). Source of larger uncertainty comes from uncorrected RCM simulation
(Teutschbein & Seibert, 2012), which explains the necessity of bias correction of climate model
output to assure meaningful results in applications like hydrologic and water resources assessment.

Values and evolution of tails of probability density functions define occurrence and frequency of
extreme events, which have significant importance in impact modeling. Recent studies on effect of
bias-adjustment of climate variables, both in present and future has shown that bias-adjusted PDF
(Figure 21 and Fjgure 22) of extreme events under climate change can differ from the original (non
bias-adjusted) estimates, and further concluded on the necessity of bias-adjustment of present and
future climates (Dosio, 2016). Ghimire et al., 2015 evaluated 11 CORDEX experiments for their
ability to capture and characterize the precipitation climatology over Himalayan region, and
reported under-estimation of precipitation by the experiments. Ghimire et al., 2015 reported that
systematic biases could lead to over-estimation of frequency of entire range of precipitation, and
further suggested on the application of bias correction technique.

The possible reasons for under-estimation was related to the weakness in model physics or error
in observation dataset. Another limitation of this study includes the absence of evaluation of
APHRODITE dataset with ground stations. Besides, correction of APHRODITE for different
elevation was not performed.

5.3. Future climate

Largest increase in temperature and precipitation are observed in winter and spring seasons as
shown by Figure 23 to 26. Besides, larger proportion of decrease in monsoon is also revealed from
the figures. Studies related to South Asian precipitation has revealed the suppression in monsoon
dynamics and summer precipitation due to enhanced GHG emissions which is visible from Figure
25 and Figure 26 (Moetasim Ashfaq et al., 2009; Syed et al., 2014). However, similar studies by
Rajbhandari et al., 2016 over Koshi basin of Nepal have come up with increase in rainfall during
summer with winter rainfall decreasing by 2050. Yet, larger warming was reported in winter
compared to summer, which is also shown by Figure 23 and Error! Reference source not found..
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The result of this study shows that increase in winter and spring temperature for all RCMs under
RCP 4.5 ranges from 2.84 °C to 4.39 "C, and under RCP 8.5, it ranges from 3.9 "C to 6.24 "C.
Temperature projection for summer under RCP 4.5 ranges from 0.62 "C to 0.97 "C, and under RCP
8.5, it ranges from 0.06 °C to 1.9 °C.

Similarly, precipitation under RCP 4.5 for winter increases from 2.4 mm to 103 mm compared to
observational dataset, while the summer precipitation shows mixed pattern. In July and August,
there is decrease in precipitation, and range from -16 mm to -75 mm, however June and September
show increase in precipitation ranging from 12 mm to 355 mm. In case of RCP 8.5, the results are
similar to RCP 4.5, however ICHEC-EC-EARTH show marked increase in precipitation ranging
up to 355 mm compared to historical period. Warmer temperatures increase atmospheric moisture
content, overwhelming weakening monsoon circulation (Chatles et al., 2016). Rajbhandari et al.,
2014 studied projected changes in climate over Indus using PRECIS and found that non-uniform
changes in precipitation overall, with greater warming in winter than in other season by the end of
this century.

5.4, Future water resources

Figure 32 shows the increment in mean discharge values in July by all RCMs compared historical
dataset. However, absolute change of discharge values between baseline and future period indicates
that larger increase occur in June. For RCP 4.5, it ranges from 117 cubic meter per second to 275
cubic meter per second, and for RCP 8.5, it ranges from 161 cubic meter per second to 276 cubic
meter per second. This is also evident from Figure 25 and Figure 26 which shows the largest shift
in precipitation amount in June for both RCPs, and Dams et al., 2015 also has come up with similar
results in his study Kleine Nete catchment, Belgium. However, PERERA etal., 2013 studied impact
of climate change on flood hazards in lower West Rapti basin using MRI-AGCM outputs and
concluded the shifting of high discharge seasons from June/July to September/October for A1B

emission scenario.

For RCP 4.5, increment of annual mean values of discharge between baseline and future period
ranges from 2.6 cubic meter per second to 8.1 cubic meter per second. ICHEC-EC-EARTH shows
the negative signal with decrease of discharge values by 3.1 cubic meter per second. For RCP 8.5,
it ranges from 8.8 cubic meter per second to 44.8 cubic per second.

The whole basin was spatially lumped into HBV Light model, which is other limitation of this
research. As the spatial features like land cover and land use was spatially aggregated, this could be
the reason for not satisfactory results for high flows during calibration and validation. Moreover,
altitudinal variation is also not incorporated in temperature and precipitation correction.
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6. CONCLUSION

Selection of single RCM as the best fit to represent the climate is a very complex task as all the
RCMs deviate much from the observation dataset. Moreover, each RCM is driven by governing
GCM with different initial and boundary conditions, which further make it difficult to conclude on
the RCM and governing physics behind it. Inherent systematic biases owing to resolution or
representation of small-scale forcing and processes in RCMs cannot be neglected.

This study evaluated the performance of seven CORDEX South Asia RCMs in terms of range of
projections by all RCMs, their ability to simulate climate variability and extremes, and capture and
characterize the temperature and precipitation climatology over the study area for four climate
corners. APHRODITE dataset was taken as the observation dataset showed better results in the
study area, and also for the fact that vertical interpolation is already incorporated in the dataset. 30
years from 1976 to 2005 was considered as historical or baseline period, and future period was
considered from 2071-2100. Similarly discharge data from station Jalkundi was used to calibrate
and validate HBV model for period 1982-1996 and 1997-2005 respectively. RCM simulated future
projection were bias corrected using empirical quantile mapping technique and further used for
estimating future flows, and HBV light model was used for this purpose.

The RCMs show wide variations in simulating precipitation and temperature over the study region
indicating uncertainty in climate projections and inability of RCMs to simulate regional climate.
Nearly all RCMs underestimated mean annual temperature except for months March and April by
CCSM4, CNRM-CM5 and NorESM1. Underestimation of monthly mean temperature ranges from
0.23 'C to 7.59 "C. All models except for ICHEC-EC-EARTH and MPI-M-MPI-ESM-LR slight
overestimated temperature in March and April by 0.2 — 0.8 °C. Similatly, for precipitation, all RCMs
overestimated mean annual rainfall amounts except for ICHEC-EC-EARTH. It ranges from 0.27
mm (ICHEC-EC-EARTH) for March to 397 mm by CNRM-CM5 in June. ICHEC-EC-EARTH
is the only model which under-estimated precipitation in April and July — September by around 9
mm. These wvariations in historical simulations indicate significant differences between
performances of the RCMs. These results explains the necessity of bias correction of climate model
output before its application in water resource assessments.

RCMs finalized through three steps sequential-climate model-selection procedure for each climate
corners under RCP 4.5 and RCP 8.5 was bias corrected following empirical quantile mapping
technique. Thus, an improvement of raw RCM temperature and precipitation series for future
climate conditions was achieved. Annual average temperature is expected to rise by 1.4°C to 2.3 "C
for RCP 4.5, and by 3 °C to 3.9 "C for RCP 8.5 by the end of century. Similarly, annual average
precipitation is likely to increase by 109 mm to 414 mm for RCP 4.5, and by 337 mm to 488 mm
for RCP 8.5 in future period.

Based on bias-corrected projections, temporal shift of peak runoff generation from August to July
was observed. However, overall decrease in mean monthly stream flows during monsoon is
observed while increase in low flows is indicated for both RCPs. For RCP 4.5, increment of annual
mean values of discharge between baseline and future period ranges from 2.6 cubic meter per
second to 8.1 cubic meter per second. ICHEC-EC-EARTH shows the negative signal with
decrease of discharge values by 3.1 cubic meter per second. For RCP 8.5, it ranges from 8.8 cubic
meter per second to 44.8 cubic per second.
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Frequency analysis of extreme low flows indicate towards increase in occurrence of low flows
between 2 -9 cubic meter per second for both RCPs. Similarly, frequency of daily stream flow
discharge of extreme high flows remarkable increase in number of occurrence for discharge values
greater than 990 cubic meter per second, which is higher for RCP 8.5 compared to RCP 4.5.
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