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Abstract

The selection of general circulation models (GCMs) with high capability to repre-

sent the past and likely future climate for a specific geographical location is a crucial

step to assess impacts of climate change on different sectors. This study included

pool of 105 and 78 GCMs for representative concentration pathways (RCPs) 4.5 and

8.5, respectively, from Coupled Model Intercomparison Project—Phase 5, applied

an advanced envelope-based selection approach to select representative GCMs for

the Koshi river basin in China and Nepal at short-term (2016–2045), mid-century

(2036–2065) and end-of-century (2071–2100) periods, and developed range of possi-

ble future precipitation and temperature scenarios with high resolution downscaled

data (10 × 10 km2), which is the novelty contribution of the study. Considering

RCP4.5, average annual precipitation is expected to increase by 0–16%, 4–23% and

4–24% in the short-term, mid-century and end-of-century periods, respectively.

Using RCP8.5, equivalent predictions are 6–20%, 6–36% and 13–49% in the short-

term, mid-century and end-of-century periods, respectively. Average annual temper-

ature is expected to increase, but with higher increases during winter than in the

monsoon period. Considering RCP4.5, average annual temperature is expected to

increase by 1–1.4�C, 1.3–1.9�C and 1.6–2.8�C in the short-term, mid-century and

end-of-century periods, respectively. Similarly, using RCP8.5, equivalent predictions

are 1–1.6�C, 1.8–2.9�C and 3.1–5.6�C in the short-term, mid-century and end-of-

century periods, respectively. The ensemble mean of absolute change in average

precipitation and temperature projects that High Himalaya and Tibet regions are

more sensitive to climate change considering precipitation and temperature, respec-

tively. The results also suggest that GCMs selection for a catchment varies with cli-

mate scenarios and specific future time periods.
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1 | INTRODUCTION

Climate change is a key driver of changes in the sustain-
ability of Himalayan regions (Wester et al., 2019). The
Himalayan regions are very susceptible to global
warming as vast areas over these regions are covered by
snow and glaciers (Maskey et al., 2011). Warming is more
pronounced in these regions compared to lower elevation
regions, and are particularly sensitive to global change
and variability (Buytaert et al., 2010; Shrestha and Aryal,
2011). The Himalayan regions are covered by snow
throughout almost the whole year, and changes in pre-
cipitation and temperature pattern affect the snowmelt
storage. The snowmelt rate is in turn linked to the
hydrology of perennial Himalayan rivers. Changes in pre-
cipitation and temperature are expected to significantly
affect the hydrology of the headwater basins in the Hima-
layan regions (Immerzeel et al., 2009; Immerzeel et al.,
2012). As the likely impact of climate change in the
Himalayan regions has a profound future implication on
downstream water resources, it is of great concern to
global communities (Eriksson et al., 2009; Nepal et al.,
2014). Changes in the hydrological regime are expected
due to changes in snowfall pattern and snowmelt
resulting from climate change impacts (Nepal, 2016).
Given this linkage, studies on climate change impacts on
precipitation and temperature patterns in the Himalayan
regions are essential.

General or global circulation models (GCMs), rep-
resenting numerous atmospheric processes of the global
climate system, are the main tools to estimate future cli-
mate patterns, and study likely changes in precipitation
and temperature patterns. The number of GCMs avail-
able to predict future climate is both large and increasing.
The number of GCM outputs applied in the Coupled
Model Intercomparison Project (CMIP) Phase 3 (CMIP3)
(Meehl et al., 2007) and the CMIP Phase 5 (CMIP5)
(Taylor et al., 2012) are 25 and 61, respectively. The
CMIP3 outcome archives were used for the Fourth
Assessment Report (IPCC, 2007) while CMIP5 outcome
archives were used for the Fifth Assessment Report
(IPCC, 2013) of the Intergovernmental Panel on Climate
Change (IPCC). Over this period of the time, there were
large improvements in the way these models represent
the present climate system and future projections.

Capacities of climate models/ensembles to represent
climatic characteristics vary spatially and temporally.
Many models/ensembles cannot perfectly simulate cli-
matic characteristics and their capability to represent
local climate varies spatially and temporally (Lee et al.,
2019). Gleckler et al. (2008) have reported that all climate
models/ensembles are not equally skillful to represent
the annual cycle climatology and the variance of monthly

anomalies. The complex topography of the Himalayan
regions, and the coarse resolution of available GCMs has
resulted in a weak consensus among models for these
regions (Wester et al., 2019). The selection of climate
model(s) can vary depending on the objective of the
model selection and future projections. In most cases, a
single GCM is not sufficient to represent climatic charac-
teristics of climatic extremes. These climatic extremes
can be described as four corners of a quadrilateral rep-
resenting cold and dry, cold and wet, warm and dry, and
warm and wet conditions. For any chosen time and
space, a specific climatic model/ensemble may demon-
strate better abilities to represent climatic characteristics
for a particular corner of a climatic extreme. Hence, the
selection of global climate models with high capacities to
represent the past and likely future climate for a specific
geographical location is a crucial first step in assessing
climate change impacts. Selecting GCMs from the large
set of available climate models for a given location of
interest is a challenging task.

The common approaches for the selection of GCMs
are:

1. include all the models/ensembles with available data
and simply take an average of all the predicted out-
comes (Seager et al., 2007), or

2. use a past performance approach focusing on the
model's capacity to simulate past and present climate
(Pierce et al., 2009; Biemans et al., 2013). In the past
performance approach, hindcast data of model/
ensemble are compared with observed data.

A major drawback of approach (a) is equal weighting
given to the poor-performing and good-performing
models (Pierce et al., 2009). However, the past perfor-
mance approach (hindcasting) may lead to an oversight of
the possible futures (Lutz et al., 2016), as hindcasting
models which perform well (for the past climate periods)
may not be able to represent future climate equally well.
Another approach for the selection of climate models is
the envelop approach, whereby GCMs are selected from a
pool of available global models covering all possible future
climate. In envelop approach, GCMs/ensembles are
selected at each climatic extremes (four corners of a quad-
rilateral) based on annual means. Hence, four GCMs/
ensembles are selected for a particular future study period
to predict four possible future climatic scenarios. How-
ever, in approach (a), all the GCM runs are simply aver-
aged and projection from only one dataset is used in
contrast to four climatic corners in envelop approach.
Hence, only one possible future is realized in approach
(a). The main limitation of the envelope-based approach
is that it only considers changes in annual means and
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avoids the model's capacity to simulate climate process, as
all the (global) model runs are considered to have equal
plausibility (Lutz et al., 2016).

Lutz et al. (2016) have recently developed a modified
envelope-based approach for the selection of a represen-
tative global climate model, by combining the past-
performance approach and the envelop approach. It
focuses on simulating a workable number of climate
model runs representing most likely future mean air tem-
perature, annual precipitation and likely changes in cli-
matic extremes. Such methods provide a range of possible
future in terms of climate patterns. As there are still a
large uncertainty in the future pathways to be adapted to
control Green House Gaseous (GHG) emission, the future
pathways are still uncertain. The uncertainty is mainly
due to: (a) understanding of atmospheric processes which
could be improved in the future, (b) socio-economic path-
ways adopted by the majority of the countries as a part of
the UNFCCC Paris agreement, and (c) future technolo-
gies to control GHG emission. To address this uncertain
future, we have used a three-step methodology in this
research.

The spatial resolutions of GCMs are about 100–500 km
in grid size with a temporal resolution of daily, monthly or
a longer time step. Hence, they are not able to represent
local scales, and the results should only be adopted at con-
tinental or global spatial scales for ≥ monthly time periods
(Trzaska and Schnarr, 2014). GCMs are unable to repre-
sent sub-grid scale features. For instance, local topography,
land use and clouds as their outputs are at a relatively
coarse spatial resolution, that is, approximately 250 ×
250 km2 (Tisseuil et al., 2010). Hydrological assessment of
climate change impacts needs climate data at finer spatial
scales, which limits direct use of GCM outputs at catch-
ment level (Willems and Vrac, 2011). However, GCM out-
puts can be used to generate climate data at a finer scale to
represent local climatic conditions. The process used to
reduce the scale of any information finer than 100 ×
100 km2 scales (spatially) and shorter than monthly values
is called downscaling, and it assumes that the local climate
is a combination of local conditions and large-scale atmo-
spheric features (Trzaska and Schnarr, 2014).

Previous studies conducted on climate projections for
the Koshi river basin are based on few GCMs and lack
multiple criteria to select GCMs. Bharati et al. (2014) pro-
jected the precipitation and temperature on the Koshi
river basin for 2030s and 2050s considering IPCC Special
Report on Emission Scenarios (IPCC-SRES) A2 and B1
climate scenario. The study was performed by simply
averaging the outputs of four GCMs. Agarwal et al.
(2014) conducted study on Koshi river basin considering
only 10 GCMs available in Long Ashton Research
Station Weather Generator (LARS-WG) and projected

precipitation for 2011–2030, 2046–2065 and 2080–2099
considering the IPCC-SRES B1, A1B and A2 climate sce-
nario. Likewise, Agarwal et al. (2016) projected the tem-
perature patterns in the Koshi river basin considering the
same climate scenario, study periods and GCMs as
adapted by Agarwal et al. (2014). Nepal (2016) studied on
the Koshi river basin considering IPCC-SRES A1B, and
projected precipitation and temperature for 2040–2050
and 2086–2096. It considered Providing Regional Cli-
mates for Impact Studies (PRECIS) Regional Climate
Model. Rajbhandari et al. (2017) also studied on the
Koshi river basin, and projected precipitation and tem-
perature parameters for 2011–2040 and 2041–2070 and
2071–2098 considering IPCC-SRES A1B. This study con-
sidered PRECIS Regional Climate Model. None of the
above studies used CMIP5 GCM outputs and current
RCPs. Furthermore, these studies did not apply any
advance envelop approach on GCM selection and simply
picked up GCM(s) from a pool of available GCMs.

Rajbhandari et al. (2016) projected precipitation and
temperature patterns in the Koshi river basin for
2021–2050 considering (RCPs) 4.5 and 8.5. They selected
one GCM for each corner from a pool of 43 GCMs for
RCP4.5 and 41 GCMs for RCP8.5 based on the changes in
the mean precipitation and temperature. Although Raj-
bhandari et al. (2016) have considered the current CMIP5
GCM outputs and RCP scenarios, the GCMs were
selected based on the projected changes in the mean pre-
cipitation and temperature from a limited sets of GCM
outputs, without considering projected changes in cli-
matic extremes and past performance of GCMs to simu-
late annual cycle. Also, they did not downscale at high
resolution and rely their outcomes on GCM cells which is
about 250 km.

In this regard, we explore here the use of GCM out-
puts to estimate precipitation and temperature patterns
with various global warming scenarios at short-term,
mid-century and end-of-century time periods. Such anal-
ysis will be useful to understand the impact of climate
change on the hydrological regime. The main purpose of
this paper is to: (a) select representative GCMs, and
(b) develop range of possible future climatic scenarios
based on high-resolution downscaled climate data for the
Koshi river basin located in China and Nepal. Initially,
the methodology focuses on the selection of the represen-
tative GCMs for the study area. Then, it applies the
selected models for the downscaling of precipitation and
temperature at 10 × 10 km2 grids. Finally, based on
downscaled data, future precipitation and temperature
patterns of the Koshi river system for the three future
time periods are presented.

This study includes pool of 105 and 78 GCMs; con-
siders projected changes in climatic mean, climatic
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extremes and past performance of GCMs to simulate annual
cycle; and includes present climate scenarios (RCP4.5 and
RCP8.5) to select representative GCMs for the study area,
and develops range of possible future climatic scenarios with
high-resolution downscaled data (10 × 10 km2), which is
the novelty contribution of the study. This study addresses
the limitations of the previous studies and provides new cli-
matological insights for the region.

2 | STUDY AREA AND DATA

The Koshi river, one of the largest tributaries of the
Ganges, originates in China and flow through Nepal
and India. The Koshi river basin is the largest river
basin in Nepal, and about 22% of Nepal's population or
5.8 million people, live within this basin (Dixit et al.,
2009). The catchment area of the Koshi basin near Cha-
tara in Nepal is about 54,006 km2 (28,080 km2 in Tibet
[China] and 25,926 km2 in Nepal), delineated using
ArcSWAT. The catchment areas in Nepal with High
Himalaya (elevation >3,000 m) and Lower Himalaya
(elevation < 3,000 m) are 8,257 and 17,669 km2, respec-
tively. The altitude in the Nepalese part of the catch-
ment area varies from 97 m above mean sea level (a.m.
s.l.) in the southern part, to 8848 m a.m.s.l. in the
northern part of the High Himalayas. The altitude in
Tibet part varies from 1,018 to >8,792 m. The location

of the catchment area of the Koshi river basin in China
and Nepal is shown in Figure 1.

From the initial pool of climate models, this study
used the ensemble of model runs for RCPs 4.5 and 8.5,
which are available in the CMIP5 repository (Taylor et al.,
2012). The RCPs 4.5 and 8.5 are mentioned in Section 3.1
under the selection of representative pathways. The total
number of model runs available for RCP4.5 is 105, whereas
78 model runs are available for RCP8.5. The RCP4.5 and
RCP8.5 model runs were downloaded from the Royal
Netherlands Meteorological Institute (KNMI) climate
explorer (https://climexp.knmi.nl/start.cgi) in July 2018.
The indices as per Expert Team on Climate Change Detec-
tion and Indices (ETCCDI) (Peterson, 2005) were calcu-
lated from the database constructed by Sillmann et al.
(2013a, 2013b), and available in https://climexp.knmi.nl/
start.cgi in July 2018. This database does not include all
the model ensembles. For those model ensembles that are
not included in the database, the GCMs were downloaded
from climate4impact (https://climate4impact.eu/
impactportal/general/about.jsp) in July 2018 then the
ETCCDI indices were calculated using the Climate Data
Operator (CDO-version 1.6.4), developed by Max-Planck
Institute for Meteorology (https://code.mpimet.mpg.de/
projects/cdo/files). The climate data operator (CDO) is a
collection of more than 600 command line operators for
standard processing of climate data (Max-Planck Institute
for Meteorology, 2018). The relevant CDO command line

FIGURE 1 Study area, the Koshi river basin down to Chatara
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operators were used through R programming (RStudio
Team, 2016) applying the same procedures as Sillmann
et al. (2013a), Sillmann et al. (2013b). To evaluate past-
performance of individual GCM runs in simulating the
annual cycle of air temperature and precipitation, the Hi-
AWARE reference climate dataset developed by Lutz and
Immerzeel (2015) was used. The datasets can be down-
loaded from http://rds.icimod.org/clim. The climate
dataset for Indus, Ganges and Brahmaputra river basins
were prepared by using Watch Forcing based on ERA-
interim dataset, which was bias corrected by using Global
Precipitation Climatology Centre (GPCC) and glacier mass
balance data. Since ERA-interim and GPCC were also
derived based on observed stations, it is assumed that they
represent the regional climatic patterns. However, because
of their regional nature, sub-variability is expected within
the sub-set. For this assessment, additional bias correction
using stations data is not carried out.

3 | METHODS

3.1 | Selection of representative
concentration pathways

IPCC (2014) has documented four representative concen-
tration pathways (RCPs) to predict possible global future
climate scenarios in the fifth Assessment Report. The
RCPs are based on the level of greenhouse gas concentra-
tion (CO2, CH4, N2O, etc.) and represent the range of
radiative forcing values by the year 2100. The RCPs and
their corresponding radiative forcing along with a CO2-
equivalent concentration in 2100 (IPCC, 2014), are repre-
sented in Figure 2 (adapted from Van Vuuren et al.,
2011a), and are summarized below:

• RCP2.6 (Green): Peak in radiative forcing at ~3 W/m2

(430–480 ppm CO2-eq) and then decline to 2.6 W/m2

by 2100.

• RCP4.5 (Red): Stabilization without overshoot to
4.5 W/m2 (580–720 ppm CO2-eq) and then stabilized
after 2100.

• RCP6.0 (Black): Stabilization without overshoot to
6.0 W/m2 (720–1,000 ppm CO2-eq) and then stabilized
after 2100.

• RCP8.5 (Blue): Rising radiative forcing to 8.5 W/m2

(>1,000 ppm CO2-eq) by 2100

The RCP2.6 represents the low end of the climate sce-
nario in terms of emission and radiative forcing (Van
Vuuren et al., 2011b). This pathway has been shown to
be technically feasible, but requires the immediate and
wide participation of all the countries in the world in a
large portfolio of mitigation options (Van Vuuren et al.,
2010). As a major decline of greenhouse gas emission in
the short run seems unrealistic (Lutz et al., 2016), it is
unlikely that the RCP2.6 scenario can be accepted and is
not considered further in this research. Among the
remaining RCPs, one stabilization scenario, RCP4.5, and
one high emission scenario, RCP8.5, are analysed in this
research. Within the stabilization scenarios (RCP4.5 and
RCP6.0); RCP4.5 is chosen as it represents the lower end
of the stabilization scenarios. RCP4.5 and RCP8.5 should
cover the entire range of stabilization and high emission
scenarios, and hence were selected for this research.

3.2 | Selection of study periods

National Planning Commission, Nepal is an apex advi-
sory body of the Government of Nepal for articulating
national vision, development policies, periodic plans and
sectoral policies for the development of the nation. Devel-
opment policies and programs in Nepal are based on
5-year Periodic Plans prepared by the National Planning
Commission. The findings of this research would be help-
ful for the National Planning Commission while prepar-
ing the development policies and programs in the climate

FIGURE 2 RCPs with (a) CO2

concentration and (b) corresponding radiative

forcing (adapted from Van Vuuren et al., 2011a)
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change context. Consequently, this study focuses on three
study periods: short-term (2016–2045), mid-century
(2036–2065), and end-of-century (2071–2100) periods
each covering a 30-year time window. The GCMs selec-
tion is carried out for each time period which can result
in different model selections for each time period.

3.3 | General circulation model selection
approach and downscaling

An advanced envelope-based selection approach developed
by Lutz et al. (2016) is applied to select the representative
climate models for RCP4.5 and RCP8.5 for the short-term,
mid-century and end-of-century periods. The flow diagram
of the approach adopted is shown in Figure 3 (adapted
from Lutz et al., 2016). This approach included three main
steps as described in the following sections:

3.3.1 | Step 1: Initial model selection
based on changes in climatic means (mean
air temperature and annual precipitation)

First, area-averaged monthly mean air temperature and
monthly total precipitation time series data for the RCP4.5
and RCP8.5 model runs were downloaded from https://
climexp.knmi.nl/start.cgi as mentioned in Section 2. The
KNMI datasets are available at a resolution of 2.5 × 2.5�

(i.e., approximately 250 × 250 km2). The Koshi river basin,
down to Chatara in Nepal, lies within latitude 26�500–
29�080N and longitude 85�230–88�560 E. So, the boundary
between 24� and 31�N and 84� and 91�E was selected in
the KNMI dataset to cover the entire catchment of the
study area. The models/ensemble having both the precipi-
tation and temperature data, 105 GCMs for RCP4.5 and
78 GCMs for RCP8.5, were considered for initial selection.
R programming (RStudio Team, 2016) was used to down-
load and analyse the data.

Second, the mean air temperature and annual total
precipitation for each year of the base period (1981–2010)
and future periods (short-term, mid-century and end-of-
century) were calculated. The ranges of predicted changes
in annual mean air temperature and annual total precipi-
tation for the reference and future periods were calculated
for the study area. The delta changes for temperature (�C),
ΔT, and precipitation (%), ΔP, in these three study periods
were also calculated. Based on the ΔT and ΔP values for
all the model/ensemble, the 10th and 90th percentile
values of ΔT and ΔP were determined for RCP4.5 and
RCP8.5, considering short-term, mid-century, and end-of-
century periods as per standard practice (Lutz et al., 2016).
The 10th and 90th percentile values of ΔT and ΔP repre-
sent the cold and warm sides of the temperature and dry
and wet sides of precipitation extremes, respectively. The
four corners (in Figure 4), cold and dry, warm and dry,
cold and wet, and warm and wet, represent the four
extreme climates, which are 10th and/or 90th percentile
values of ΔT and ΔP. For example, the cold and dry cor-
ner represents the 10th percentile of ΔT and 10th percen-
tile of ΔP. Likewise; the warm and wet corner represent
the 90th percentile of ΔT and 90th percentile of ΔP.

The proximity of the model run's percentile rank
scores to each corner with respect to their projections for
ΔT and ΔP for the entire ensemble was calculated using
Equation 1 viz:

DpPj ,p
T
j
=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
PP
i −PP

j

� �2
+ PT

i −PT
j

� �2
r

ð1Þ

and PT
j , respectively) to the corner under consideration,

which are 10th and/or 90th percentile score of both ΔP
FIGURE 3 Flow chart for General Circulation Model

selection and downscaling (adapted from Lutz et al., 2016)
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and ΔT for the entire ensemble (PP
j and PT

j , respectively).
PP
j and PT

j values are 10th and/or 90th percentile values
of ΔP and ΔT for the entire ensemble for the particular
corner. PP

j and PT
j are the percentile rank values of model

j for ΔP and ΔT, respectively.
Finally, the GCMs/ensembles were then ranked based

on their proximity to each corner. Experimental data avail-
ability at a temporal resolution of daily time step for each
model was then checked, as daily data are required for
empirical-statistical downscaling. In this study, daily data
availability for parameters of interest (temperature and pre-
cipitation) was checked from https://climate4impact.eu/
impactportal/general/about.jsp as mentioned in Section 2.
Based on the ranking of the models, considering the prox-
imity to the respective corner and daily data availability,
five models at each corner were selected for the next step
(Step 2—Figure 3).

3.3.2 | Step 2: Refined model selection
based on projected changes in climatic
extremes (four indices)

Five models at each corner for RCP4.5 and RCP8.5
selected separately from initial selection were further
refined in the selection process based on projected
changes in four indices for climatic extremes. These indi-
ces are described in Table 1. Two climatic extremes from
both air temperature and precipitation were assessed con-
sidering the changes in indices based on the ETCCDI
(Peterson, 2005). Warm spell duration index (WSDI) and
cold spell duration index (CSDI) were evaluated for cli-
matic extremes in air temperature. Likewise, consecutive
dry days (CDD) and the precipitation due to very wet
days (R95pTOT) were considered for climatic extremes in
precipitation.

FIGURE 4 Projected changes in ΔT and ΔP between (a) 2016–2045,RCP4.5 (b) 2016–2045, RCP8.5 (c) 2036–2065, RCP4.5
(d) 2036–2065, RCP8.5 (e) 2071–2100, RCP4.5 (f) 2071–2100, RCP8.5 and the base period (1981–2010) for all the included GCM runs
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The results of the climate model ensembles will be
used to assess the impacts on hydrological aspects, espe-
cially water availability for irrigation purposes, and the
agricultural water management practices. In this regard,
WSDI and CSDI are considered as they affect the snow
and ice accumulation/melt process, which is an impor-
tant factor in the upstream part of the Himalayan river
basin, where the Koshi river basin is situated. These
extreme temperature indices also affect the evapotranspi-
ration and water requirement for crops. CDD is vital for
both precipitation extreme and dry spells affecting the
crop growth. The results of climate model ensembles in
this research will be applied for irrigation and agricul-
tural water management purposes, hence R95pTOT is
used in this research.

For the refined selection purpose, the changes in
WSDI, CSDI, CDD and R95pTOT were calculated as
described in Section 2. After calculating all the indices
values for initially selected model ensembles for each
RCP4.5 and RCP8.5 for short-term, mid-century and
end-of-century periods, relevant indices were selected
for each corner. For example, CSDI and CDD represent
the cold and dry corner. Likewise, WSDI and CDD for
the warm and dry corner and CSDI and R95pTOT for
the cold and wet corner. Similarly, WSDI and
R95pTOT represent the warm and wet corner. Follow-
ing Lutz et al. (2016), the model ensembles were scored
(T_index rank and P_index rank) based on the percent-
age increase of relevant indices. The largest increase
scored five point, whereas the smallest increase scored
1. The T_index and P_index were then averaged to cal-
culate the combined score. The two model ensembles
with highest combined score were selected for the next
step (Step 3—Figure 3).

3.3.3 | Step 3: Final model selection
based on past performance (model
capability in simulating the annual cycle
of air temperature and precipitation)

The model ensembles selected from the refined selection
were then assessed for their capability to simulate the
annual cycle of air temperature and precipitation for the
base period (1981–2010). The Hi-AWARE reference climate
dataset were downloaded from http://rds.icimod.org/clim.
For air temperature, total bias, monsoon bias, and winter
bias were considered. The biases represent the difference
between the reference value and the GCMs/ensembles runs
for the same period. Precipitation in the Koshi basin is
highly influenced by the monsoon. Winter (dry) season pre-
cipitation is also crucial for irrigation demand of winter
season crops. So, winter bias, monsoon bias and total bias
(annual) were used to calculate biases for precipita-
tion and temperature between the reference data and the
GCM ensemble data. The biases for precipitation and tem-
perature were calculated in percentage and �C, respec-
tively. The precipitation bias (P_bias) and temperature bias
(T_bias) values were used to evaluate the GCM/ensemble's
capability in simulating the annual cycle of air temperature
and precipitation.

The bias values (P_bias and T_bias) were then nor-
malized (each absolute bias value expressed as a fraction
of the largest absolute bias value) within the model
ensembles for each scenario, RCP4.5 and RCP8.5. P_bias
score and T_bias score were calculated by averaging the
precipitation biases and temperature biases, respectively.
Then, the sum of P_bias score and T_bias score was cal-
culated to find the combined score. The model ensemble
with the least combined score, representing the least

TABLE 1 Description of ETCCDI indices used for refined model selection

Meteorological variable ETCCDI index Index description

Air temperature WSDI Warm spell duration index: Count of days in a span of at least 6 days when TXij >
TXin90 where TXij is the daily maximum temperature on day i in a year j, and
TXin90 is the 90th percentile of daily maximum temperature for the base period
(1981–2010).

Air temperature CSDI Cold spell duration index: Count of days in a span of at least 6 days when TNij <
TNin10, where TNij is the daily minimum temperature on day i in a year j, and
TNin10 is the 10th percentile of daily minimum temperature for the base period
(1981–2010).

Precipitation CDD Consecutive dry days: Maximum length of dry spell when Pij < 1 mm where Pij is
daily precipitation amount on day i in a year j.

Precipitation R95pTOT Precipitation due to very wet days: Annual total precipitation when Pij > Pin95,
where Pij is the daily precipitation amount on a wet day (precipitation ≥ 1 mm)
i in a year j, and Pin95 is the 95th percentile of precipitation on wet days in the
base period (1981–2010).
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variation in reference values and GCM runs for the base
period, was selected at each corner.

Based on the selected model ensembles for different
corners, the climate data downscaling was conducted as
described in the following section.

3.3.4 | Climate data downscaling for the
Koshi basin

Downscaling methods
Downscaling techniques are basically classified into two
types: statistical and dynamical. Statistical downscaling
techniques develop a statistical relationship between local
climate variables and large-scale GCM outputs, whereas
dynamical downscaling techniques use high-resolution
Regional Climate Models (RCMs) nested within a GCM
to generate local weather variables (Chen et al., 2010).
The dynamical approach may better represent meso-scale
disturbances that play crucial roles in the regional scale,
which cannot be represented in low-resolution GCMs
(Lee et al., 2014). As spatial resolution of RCMs is higher,
they describe more realistic topographic characteristic
(Lee and Hong, 2014). Although RCMs are successfully
applied in dynamical downscaling, the regional predict-
ability and the evaluation of added values to the GCM
outputs have still not been clarified, and the error sources
in regional downscaling are still vague (Hong and
Kanamitsu, 2014). Dynamical downscaling requires huge
data sets which makes it computationally intensive and
time-consuming and is only recommended for projects
having research periods of more than 2 years (Trzaska
and Schnarr, 2014). In contrast, statistical downscaling
are easier methods to apply and interpret, while their spa-
tial resolution is also finer than that of RCM (Trzaska
and Schnarr, 2014). The complex physical processes may
not be fully represented in statistical downscaling and the
downscaled variables might not guarantee physical con-
sistency between them (Lim et al., 2007). However, statis-
tical downscaling has advantages over dynamical
downscaling in that important characteristics of regional
climates are analysed in training period and then they are
included in the subsequent downscaling process (Lim
et al., 2007). Moreover, statistical downscaling is less
resource intensive too. The common approaches for bias
correction in statistical downscaling are delta change,
multiple linear regression, analogue, local intensity scal-
ing, and quantile mapping. Themeßl et al. (2011) com-
pared the performance of seven empirical-statistical
downscaling and error correction methods (multiple lin-
ear regression, multiple linear regression with cube root
transformation, multiple linear regression with randomi-
zation, analogue, nearest neighbour analogue, local

intensity scaling, and quantile mapping) and concluded
that quantile mapping outperforms all other methods.

Quantile mapping for climate data downscaling
The spatial resolution of the reference dataset is
10 × 10 km2. The spatial resolution of selected GCMs
(~250 km) was made finer (10 × 10 km2) applying bilin-
ear interpolation in R programming to match it with the
spatial resolution of reference dataset. Then, quantile
mapping was applied for bias correction at a finer resolu-
tion of 10 × 10 km2. The main steps involved in the
downscaling are (a) converting course GCM resolution
(~250 km) into 10 km finer resolution, (b) creating empir-
ical cumulative distribution function for each month
based on daily data between GCM and reference grid,
and finally (c) applying correction function on a daily
basis for each finer resolution grid cell. In this way, both
the bias correction and downscaling is conducted apply-
ing the quantile mapping.

Quantile mapping (QM) uses empirical cumulative
density functions (ecdf). The ecdf of a parameter is a
non-parametric estimator of the underlying cumulative
distribution function. Basically, ecdf sorts all the data (n,
number of data) in ascending order and assigns a proba-
bility of 1/n to each data. QM originated from the empir-
ical transformation of Panofsky and Brier (1968) and has
been successfully applied in the hydrological application
(Boé et al., 2007; Themeßl et al., 2011). QM compares the
ecdf of a climate variable in historical observation with
that of the GCMs outputs and defines a correction func-
tion depending upon the quantile. The quantile is used
to correct the variable data sets of GCM outputs based
on the respective quantile (Boé et al., 2007; Themeßl
et al., 2011; Themeßl et al., 2012). As described by
Themeßl et al. (2012), it is applied on a daily basis (t) for
each grid cell (i) separately resulting in a corrected time
series Y cor

t,i (Equation 2) using correction function CFt,i
(Equation 3) viz:

Y cor
t,i =XGCM

t,i +CFt,i ð2Þ

CFt,i=ecdfobs,ref
−1

month,i Pt,ið Þ−ecdfGCM,ref −1

month,i Pt,ið Þ ð3Þ

Pt,i=ecdfGCM,ref
month,i XGCM

t,i

� � ð4Þ

where, Y cor
t,i is a corrected time series on a daily basis (t)

within the study period for each grid cell (i) over the
study area, XGCM

t,i is the GCM time series on a daily basis
(t) within the study period for each grid cell (i) over the
study area: CFt, i is correction function on a daily basis
(t) within the study period for each grid cell (i) over the
study area. Likewise, ecdfobs,ref

−1

month,i Pt,ið Þ is the observed
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inverse ecdf (ecdf−1) for the particular day of the year in
the reference period at probability P (Pt, i):
ecdfGCM,ref −1

month,i Pt,ið Þ is the GCM inverse ecdf (ecdf−1) for the
particular day of the year in the reference period at prob-
ability P (Pt, i), and ecdfGCM,ref

month,i XGCM
t,i

� �
is the GCM ecdf

for the particular day of the year in the reference period
for each grid cell (i) over the study area.

The correction function represents the difference between
observed (obs) and the GCM inverse ecdf (ecdf−1) for the par-
ticular day of the year in the reference period at probability
P (Pt, i). P is obtained by relating the GCM data (XGCM) to the
corresponding ecdf in the reference period. This results in
corrected time series Ycor to create the bias-corrected dataset.

This basic QM procedure may result in a methodological
problem when the dry-day frequency in the GCM data
(ecdfGCM, ref) is greater than in the observations (ecdfobs, ref)
(Themeßl et al., 2012). This results in a systematic wet precip-
itation bias, as any dry day in XGCM is mapped to a precipita-
tion day in observed dataset. Consequently, frequency
adaptation (FA) is applied to extend the basic QM procedure.
in order to account for a methodological problem (Themeßl
et al., 2012). With FA, only the fraction (ΔP0) (Equation 5) of
such dry-day cases with probability P0 are corrected ran-
domly by linearly interpolating between zero precipitation
and the precipitation amount of ecdfobs,ref

-1

month,i ecdfGCM,ref
month,i 0ð Þ

� �
(the first precipitation class in QM without FA). It will
reduce the wet bias in the GCM dataset as:

ΔP0=
ecdfGCM,ref

month,i 0ð Þ−ecdfobs,refmonth,i 0ð Þ
ecdfGCM,ref

month,i 0ð Þ ð5Þ

In climate change impact studies, precipitation and tem-
perature values in future may exceed the greatest value
found in the reference period. For values of extremes that
are outside the range of the reference period, corrections are
made by including constant linear extrapolation of the cor-
rection value that is, the difference between ecdfobs, ref and
ecdfGCM, refat the highest and lowest quantiles (Boé et al.,
2007; Themeßl et al., 2012). In such case, the future
corrected value is calculated by applying Equation 6 viz:

Pfut,cor=max Pobsð Þ* Pfut,GCM

max Pfut,GCMð Þ ð6Þ

4 | APPLICATION OF
METHODOLOGY, RESULTS
AND DISCUSSIONS

The application of the methodology described above is
demonstrated in the following sections.

4.1 | General circulation model selection

4.1.1 | Selection of 5 GCM runs at each
corner based on changes in mean air
temperature and annual precipitation
(step 1)

The projected changes in mean air temperature (ΔT) and
annual precipitation (ΔP) between future study periods
(short-term, mid-century and end-of-century) and base
period are the basis for the initial model selection for
corresponding future study periods (Figure 4). The ΔT
and ΔP projections for mid-century are higher than for
short-term, while the projections for the end-of-century
period are much higher than the short-term and mid-
century projections. Similarly, these projections for
RCP8.5 model pool are much higher, particularly at the
end-of-century period. The ΔT and ΔP range from 0.5 to
2.4�C and − 6.9 to +18.1%, respectively, considering
short-term period for RCP4.5 (Figure 4a), whereas for
RCP8.5, these ranges are 0.6–2.2�C and −8.5 to +21.3%
(Figure 4b). The ΔT and ΔP ranges are 1–3.3�C and − 7.6
to +3.3%, respectively, considering mid-century period
for RCP4.5 (Figure 4c), whereas for RCP8.5, these ranges
are 1.6–4.0�C and − 11.5 to +24.0% (Figure 4d). Likewise,
the ΔT and ΔP ranges are 1.3–4.6�C and − 9.1 to +31.4%,
respectively, considering end-of-century period for
RCP4.5 (Figure 4e), whereas for RCP8.5, these ranges are
3.3–7.0�C and − 11.0 to +63.0% (Figure 4f). The proxim-
ity of each GCM runs to each corner is calculated by
applying Equation 1 as described in Section 3.3.1. The
five models that are closest to each corner, and that have
daily data available, are selected for Step 2. They are
highlighted with colours in Figure 4. The proximity of
selected model ensembles to respective corners differ sub-
stantially, as many of the model outputs are not available
at daily time steps.

The models selected for various corners under differ-
ent study periods are listed in Tables S1–S3.

4.1.2 | Selection of 2 GCM runs at each
corner (Step 2)

For the models selected from the initial selection (Step 1),
the projected changes in four ETCCDI indices between
the short-term, mid-century and end-of-century periods;
and the base period are calculated. The two model
ensembles, for each corner, with the highest combined
score were selected for next step (Step 3). In some cor-
ners, more than two model ensembles were selected as
they have same second highest combined scores. Selected
models, from Step 2, for short-term, mid-century and
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end-of-century periods, are highlighted with blue colour
in Tables S1–S3, respectively. In general, models
projecting large changes in means (ΔT and ΔP) also pro-
ject large changes in extreme indices. The model Can-
ESM2_r2i1p1 (Table S1, for RCP4.5) projected the largest
changes in ΔT (1.7�C) and ΔP (15.6%) in the warm and
wet corner for short-term period, which also projected
the largest increase in WSDI (194.4%) and R95pTOT
(42.9%). This method of computing a combined score can
result in the situation whereby models with the highest
change in one ETCCDI indices are not selected due to
the lowest change in another ETCCDI indices. For exam-
ple, in the warm and dry corner, for the short-term
period and RCP8.5, the model MPI-ESM-LR_r3i1p1 pro-
jects the largest changes in WSDI, however, it is not
selected due to lower combined score compared to IPSL-
CM5A-LR_r2i1p1 and MPI-ESM-LR_r1i1p1.

In Tables S1–S3, the models which are highlighted in
blue will be used for the next step. The green and red
highlighted values represent the percentage decrease and
increase of the respective indices, respectively, during the
analysis period.

All the models selected from the previous step show
that CSDI is expected to decrease by 33–84% in short-
term, 36–97% in mid-century and 47–99% in the end-of-
century period considering RCP4.5. Likewise, CSDI is
also expected to decrease by 35–93% in short-term,
58–99% in mid-century and 92–100% in end-of-century
period considering RCP8.5. This predicts that warmer
nights are expected in the future. The WSDI is expected
to increase for all the study periods, 41–301% in short-
term, 98–1,241% in mid-century and 60–2,601% in end-
of-century period considering both the RCP4.5 and
RCP8.5. Increase in WSDI predicts an increase in maxi-
mum temperature in future compared to the base period.
Most of the model ensembles show that the CDD are
expected to increase up to 19% in short-term, 34% in mid-
century and 39% in end-of-century period considering
both the RCP4.5 and RCP8.5. Similarly, most of the
model ensembles show that the R95pTOT is expected to
increase up to 58% in short-term, 79% in mid-century and
204% in end-of-century period considering both the
RCP4.5 and RCP8.5. Increase in both the CDD and
R95pTOT predicts more intense precipitation during the
monsoon in the coming decades.

4.1.3 | Selection of 1 GCM run at each
corner (Step 3)

The models were selected based on the lowest combined
bias score (sum of precipitation bias score and tempera-
ture bias score) as shown in Tables S4. This method of

calculating a combined bias score can lead to the situation
where models with the least P_bias score are not selected
due to high T_bias score. For example, in the cold and dry
corner, RCP4.5, in Table S4, the model inmcm4_r1i1p1 is
not selected although it has least P_bias score (0.32), as it
has high T_bias score (1.0) which results in combined
bias score of 1.32. In contrast, its counterpart model,
ACCESS1-3_r1i1p1, has a combined bias score of 0.75,
with P_bias score and T_bias score as 0.54 and 0.2, respec-
tively. The model ACCESS1-3_r1i1p1 was selected as it
has the least combined score in the cold and dry corner.

Finally, selected models for different time periods and
climatic extreme corners are highlighted in blue in
Table S4. It shows that GCM selection for a catchment
varies with future scenarios (RCP4.5 and RCP8.5) as well
as future analysis periods (short-term, mid-century and
end-of-century).

Most of the GCM ensembles share identical model
code, for example, r1i1p1. Many CMIP5 experiments, that
is, ensemble calculations were conducted using several
realizations, r (also called initial states), initialization
methods, i, and physics details, p. CMIP5 ensemble mem-
bers are named in the r, i, p nomenclature followed by an
integer. The majority of GCMs selected for the Koshi
river basin for the short-term period for both RCPs are
from ensemble member r1i1p1. For the mid-century, 3 of
4 GCMs share identical ensemble member r2i1p1 for
RCP4.5, while for RCP8.5 all the GCMS share ensemble
member r1i1p1. Likewise, majority of ensemble members
are from r2i1p1 for RCP4.5 and from r1i1p1 for RCP8.5
for end-of-century period. Considering all three study
periods, majority of ensemble members are from r2i1p1
for RCP4.5 and from r1i1p1 for RCP8.5.

The selected model outputs were used for downscal-
ing the precipitation and temperature data and is
described in the following sections.

4.2 | Climate data downscaling

Using the method described in Section 3.3.4, daily precip-
itation and average temperature GCM data are down-
scaled for each grid (grid size = 10 × 10 km2) for the
entire Koshi river basin down to Chatara in Nepal (see
Figure 1). GCM data were downscaled for each selected
GCMs at different time periods and climatic extreme cor-
ners. For example purposes, the daily precipitation and
temperature data for the years 2010, 2045, 2065 and 2100
(ending year of the base period, short-term, mid-century
and end-of-century periods) for the selected model Can-
ESM2_r3i1p1, which represents the warm and wet corner
for RCP8.5 and end-of-century period, are shown in Fig-
ures S1 and S2.
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4.2.1 | Precipitation

The absolute and percentage changes in average annual,
winter, pre-monsoon, monsoon and post-monsoon precipi-
tation in short-term, mid-century and end-of-century
periods compared to the reference precipitation datasets are
shown in Table 2. The winter, pre-monsoon, monsoon and
post-monsoon seasons refer to December–February, March–
May, June–September and October–November, respectively.

Average annual precipitation is expected to increase in
the future: 0–16% in short-term, 4–23% in mid-century
and 4–24% in end-of-century period, considering the
RCP4.5 scenario. Higher precipitation is expected in sce-
nario RCP8.5 compared to RCP4.5 scenario because aver-
age annual precipitation is expected to increase by 6–20%
in short-term, 6–36% in mid-century and 13–49% in end-
of-century period. Winter precipitation is expected to
decrease for all the scenarios and study periods, except for
the end-of-century period with RCP8.5. The pre-monsoon
precipitation is also expected to decrease in coming
decades. Monsoon precipitation is expected to increase in
all scenarios and study periods. Similarly, post-monsoon
precipitation is also expected to increase in future.
Decreased winter and pre-monsoon precipitation and
increased monsoon and post-monsoon precipitation with
overall increased annual precipitation predict that more
dry winter and wetter monsoon are expected in the future.

Table 2 shows large uncertainty in terms of future
precipitation. For the short-term period, three of the four
GCMs have predicted decrease in precipitation during
winter (−53 to −9%) and however, one GCM has
predicted an increase in precipitation by 21% for RCP4.5
scenario. In contrast, only one GCM out of four GCMs
has predicted decrease in monsoon precipitation (−5%)
while remaining three GCMs have predicted increase in
precipitation (13–18%). For the mid-century period, three
of the four GCMs have predicted decrease in precipita-
tion during winter (−32 to −9%) and pre-monsoon (−39
to −9%), however, one GCM has predicted an increase by
13 and 15%, respectively, for RCP4.5 scenario. In con-
trast, only one GCM out of four GCMs has predicted
decrease in precipitation during monsoon (−1%) and
remaining GCMs have predicted an increase by 13 to
27%. For the RCP8.5 scenario, three out of four GCMs
have predicted decrease in precipitation during winter
(−55 to −1%) and pre-monsoon (−42 to −2%), however,
one GCM has predicted an increase by 6 and 4% during
winter and pre-monsoon, respectively. For the end-of-
century period, all the selected GCMs have predicted
decrease in precipitation in winter and pre-monsoon for
RCP4.5 scenario. For RCP8.5 scenario, three out of four
GCMs have predicted decrease (−54 to −8%) in precipita-
tion during pre-monsoon, however, one GCM has T
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predicted an increase by 12%. The uncertainty in post-
monsoon period is large in all three study periods for
both RCP4.5 and RCP8.5 scenarios. Although the per-
centage increase in precipitation in post-monsoon is high
compared to monsoon season, the absolute increase in
post-monsoon season is less compared to monsoon sea-
son. The rainfall quantity in post-monsoon season is less
in the reference period and a small increase in precipita-
tion amount in post-monsoon season results in higher
percentage increase compared to monsoon season.

The precipitation pattern in the Tibet region, High
Himalaya in Nepal with elevation >3,000 m, and Lower
Himalaya in Nepal with elevation <3,000 m (see Figure 1)
was also analysed and is summarized in Table 2.

Table 2 also shows that higher uncertainty in precipi-
tation, −0.7 to 25% considering RCP4.5 and 4–31% con-
sidering RCP8.5, is expected in the Lower Himalaya
region during short-term period. Likewise, higher uncer-
tainty in precipitation is expected in the Lower Himalaya
region during mid-century term, 2–24 and 3–54% consid-
ering RCP4.5 and RCP8.5, respectively. Similarly, higher
uncertainty in precipitation is predicted in the Lower
Himalaya regions during end-of-century period, −2 to
22% and 10–50% considering RCP4.5 and RCP8.5, respec-
tively. The ensemble mean (average of 4 GCMs) of abso-
lute and percentage changes in average precipitation
compared to base period in the Koshi river basin is
shown in Table 3. Table 3 shows that higher increase in
precipitation is expected in High Himalaya region com-
pared to Tibet and Lower Himalaya regions.

The ensemble mean of monthly precipitation for end-
of-century period is shown in Figure 5. The ensemble
mean for the reference period for both RCP4.5 and
RCP8.5 is close to reference data, which shows that the
skill of downscaling for the reference period is satisfac-
tory. The spatial pattern of absolute change in ensemble
mean precipitation compared to reference data during
end-of-century period is shown in Figure 6. Figure 6a,b
shows the ensemble mean of absolute change in precipi-
tation during end-of-century considering RCP4.5 and
RCP8.5 scenarios, respectively. Higher increase in precip-
itation is expected in High Himalaya region compared to
Tibet and Lower Himalaya at the end-of-century period.

Present and future average annual precipitation
values along with their standard deviation for four GCMs
selected for RCP4.5 and RCP8.5 considering end-of-
century period is shown in Figure 7a. In Figure 7, the
blue and red lines represent the corresponding average
values, Figure 7a precipitation and Figure 7b tempera-
ture, of four GCMs selected for RCP4.5 and RCP8.5,
respectively. The black line represents the average values
of the reference data. The sky blue and pink areas repre-
sent the standard deviation for four GCMs selected for T
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RCP4.5 and RCP8.5, respectively. The average annual
precipitation in base period is 1,817 mm. The average
annual precipitation values in short-term, mid-century
and end-of-century periods are 2,011, 2,060 and
2,114 mm, respectively, for RCP4.5 scenario and 2018,
2098 and 2,518 mm, respectively for RCP8.5 scenario.

4.2.2 | Temperature

The uncertainty in average increase in annual, winter
and monsoon temperature in short-term, mid-century

and end-of-century period as compared to the reference
average temperature datasets is shown in Table 4.

The results show that there is a strong seasonal vari-
ability for temperature changes in the Koshi river basin.
Average annual temperature is expected to increase in
future (1–1.4�C in short-term, 1.3–1.9�C in mid-century
and 1.6–2.8�C in end-of-century periods, considering
RCP4.5 scenario). The higher increase in temperature is
expected in scenario RCP8.5 as compared to RCP4.5 sce-
nario. The average annual temperature is expected to
increase in future by 1–1.6�C in short-term, 1.8–2.9�C in
mid-century and 3.1–5.6�C in end-of-century period,

FIGURE 5 Ensemble mean

monthly precipitation for end-of-

century period

FIGURE 6 Ensemble mean

of absolute change in average

precipitation and temperature during

end-of century period compared to

reference period
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considering RCP8.5 scenario. The increment in winter
temperature varies from 0.9–1.7, 1.3–2.1 and 1.7–2.9�C
for short-term, mid-century and end-of-century periods
considering RCP4.5 scenario. However, such increment
in monsoon temperature varies from 0.7–1.3, 1.3–1.9 and
1.4–2.8�C for short-term, mid-century and end-of-century
periods considering RCP4.5 scenario. Table 4 shows large
uncertainty in terms of future mean temperature. Uncer-
tainty in annual mean temperature is higher in RCP8.5
scenario compared to RCP4.5 scenario in all study
periods. The results show that the uncertainty increases
with future time period. For example, predicted increase
in annual mean temperature in short-term, mid-century
and end-of-century periods varies between 1.0 and 1.4�C,

1.3 and 1.9�C, and 1.6 and 2.8�C for RCP4.5 and 1.0–1.6,
1.8–2.9, and 3.1–5.6�C for RCP8.5, respectively. All the
GCMs have predicted increase in annual mean tempera-
ture in future. Uncertainty in winter mean temperature
is large compared to monsoon mean temperature.

The ensemble mean (average of 4 GCMs) of absolute
and percentage changes in average temperature compared
to base period in the Koshi river basin is shown in Table 5.
Table 5 shows that higher increase in temperature is
expected in Tibet region compared to High Himalaya and
Lower Himalaya regions. Winter temperature is expected
to increase more compared to that in the monsoon period
for all study periods. The temperature pattern in the Tibet
region, High Himalaya in Nepal, and Lower Himalaya in

FIGURE 7 Present and future

average annual precipitation and

temperature along with their

standard deviation for the Koshi

river basin
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Nepal (see Figure 1) was also analysed and is summarized
in Table 3. There is a high-temperature variation among
these regions. The average annual temperature in the
Tibet, High Himalaya and Lower Himalaya regions during
the base period was −3.7, −0.5 and 14.4�C, respectively.

Table 4 indicates that increase in temperature for
each climate scenario is almost same throughout the
regions during short-term, with increase in temperature
from 0.6 to 1.4�C and 0.8 to 1.8�C considering RCP4.5
and RCP8.5 scenario, respectively. Average temperature
is expected to increase up to 1.9�C considering RCP4.5
and up to 2.8�C considering RCP8.5 in the Tibet in mid-
century period. However, higher increase in temperature
is expected in the Lower Himalaya (1.5–2.6�C) consider-
ing RCP4.5 and in the Tibet region (3.2–5.6�C) consider-
ing RCP8.5 in end-of-century period. Ensemble mean
(4 GCMs) of absolute change in average temperature
compared to base period in the Koshi river basin is
shown in Table 5. Higher increase in temperature is pro-
jected in the Tibet region compared to High Himalaya
and Lower Himalaya regions.

The spatial pattern of absolute change in ensemble
mean temperature compared to reference data during

end-of-century period is shown in Figure 6. Figures 6c,d
show the ensemble mean of absolute change in tempera-
ture during end-of-century considering RCP4.5 and
RCP8.5 scenarios, respectively. Higher increase in tem-
perature is expected in Tibet region compared to High
Himalaya and Lower Himalaya regions at the end-of-
century period.

Present and future average annual temperature values
along with their standard deviation for four GCMs
selected for RCP4.5 and RCP8.5 considering end-of-
century period is shown in Figure 7b. The average annual
temperature in base period is 3.6�C. The average annual
temperature values in short-term, mid-century and end-
of-century periods are 4.7, 5.2 and 5.6�C, respectively for
RCP4.5 scenario and 5.0, 5.8 and 7.8�C, respectively, for
RCP8.5 scenario.

5 | CONCLUSIONS

The GCMs selection is a critical step for climate change
impact studies on different sectors. The advanced
envelope-based selection approach, which combines the

TABLE 4 Uncertainty in absolute changes in average temperature in the Koshi river basin compared to base period

Annual/seasonal mean temperature

Short-term (�C
increase)

Mid-century (�C
increase)

End-of-century (�C
increase)

RCP4.5 RCP8.5 RCP4.5 RCP8.5 RCP4.5 RCP8.5

Annual 1.0–1.4 1.0–1.6 1.3–1.9 1.8–2.9 1.6–2.8 3.1 – 5.6

Winter 0.9–1.7 1.1–1.6 1.3–2.1 1.8–3.9 1.7–2.9 2.9–7.8

Monsoon 0.7–1.3 0.8–1.4 1.3–1.9 1.8–2.9 1.4–2.8 3.0–4.4

Regional mean annual temperature

Tibet 0.7–1.4 0.8 – 1.8 0.9–1.9 1.7–2.8 1.2–2.5 3.2–5.6

High Himalaya 0.7–1.1 0.8–1.3 1–1.5 1.4–2.5 1.3–2.5 2.7–5.1

Lower Himalaya 0.6–1.0 0.8–1.4 1.2–1.4 1.4–2.4 1.5–2.6 2.5–5.0

TABLE 5 Ensemble mean (4 GCMs) of absolute changes in average temperature in the Koshi river basin compared to base period

Annual/seasonal mean temperature

Short-term (�C
increase)

Mid-century (�C
increase)

End-of-century (�C
increase)

RCP4.5 RCP8.5 RCP4.5 RCP8.5 RCP4.5 RCP8.5

Annual 1.1 1.4 1.6 2.2 2.0 4.1

Winter 1.4 1.4 1.6 2.6 2.3 4.7

Monsoon 1 1.1 1.6 2.2 2.1 3.6

Regional mean annual temperature

Tibet 1.2 1.6 1.7 2.3 1.9 4.3

High Himalaya 0.8 1.1 1.3 1.9 1.9 3.9

Lower Himalaya 0.8 1.1 1.3 1.8 2 3.6
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past-performance approach and the envelope approach,
is applied in this research for the selection of representa-
tive global climate models for the transboundary Koshi
river basin in China and Nepal. Previous studies con-
ducted on climate projections for the Koshi river basin
are based on few GCMs and lack multiple criteria to
select GCMs. This study addresses the limitations of the
previous studies and provides new climatological
insights for the region. A systematic approach for the
selection of representative GCM runs from a large pool
of climate models and downscaling of climate data for
the river basin has been used. The precipitation and
temperature data are downscaled for short-term, mid-
century and end-of-century periods. The findings for
short-term periods could be immediately used by the
National Planning Commission, Nepal for the forthcom-
ing 5-year Periodic plan. The ensembles of 105 GCM
outputs for RCP4.5 and 78 GCM outputs for RCP8.5
show that uncertainty of future climate in the Koshi
river basin is large. Based on these ensembles outputs,
the change in temperature and precipitation ranges are
estimated.

The main outcomes of this research are as follows:

• The GCM selection for a catchment varies with future
scenario chosen (RCP4.5 and RCP8.5) as well as future
analysis periods (short-term, mid-century and end-of-
century periods).

• The changes in temperature and precipitation range
from 0.97–3.29�C and − 7.63 to +3.29%, respectively
for mid-century for RCP4.5, whereas for RCP8.5, these
ranges are 1.59–4.01�C and − 11.51 to +23.98%.

• Similarly, the change in temperature and precipitation
ranges from 1.3–4.6�C and − 9.1 to +31.4%, respec-
tively for end-of-century considering RCP4.5, whereas,
for RCP8.5, these ranges are 3.3–7.0�C and − 11.0
to +63.0%.

Downscaled data (10 × 10 km2 grid) for the entire
Koshi river basin were developed for each grid point. The
downscaled data from the selected GCMs project the fol-
lowing likely future climatic conditions:

• Uncertainty in average increase in annual precipita-
tion is large in the future: 0–16% in short-term,
4–23% in mid-century and 4–24% in end-of-century
period, considering the RCP4.5 scenario. Higher
uncertainty in precipitation is expected in scenario
RCP8.5 as compared to RCP4.5 scenario. The uncer-
tainty in average increase in annual precipitation is
6–20% in short-term, 6–36% in mid-century and
13–49% in end-of-century period, considering RCP8.5
scenario.

• However, winter precipitation is projected to decrease
in the future. The pre-monsoon precipitation is also
expected to decrease in coming decades. Monsoon pre-
cipitation is expected to increase in all scenarios and
study periods. Similarly, post-monsoon precipitation is
also expected to increase in the future.

• Based on the ensemble mean of average precipitation,
higher absolute increase in precipitation is expected in
Lower Himalaya at short-term period (231 mm for
RCP4.5 and 270 mm for RCP8.5) and in High
Himalaya region at the mid-century (291 mm for
RCP4.5 and 419 mm for RCP8.5) and end-of-century
periods (391 mm for RCP4.5 and 922 mm for RCP8.5).
Based on the ensemble mean of average temperature,
Tibet is more sensitive to climate change considering
changes in temperature for all scenarios and study
periods. Higher absolute increase in temperature is
expected in the Tibet region at short-term (1.2�C for
RCP4.5 and 1.6�C for RCP8.5), mid-century (1.7�C for
RCP4.5 and 2.3�C for RCP8.5) and end-of-century
(1.9�C for RCP4.5 and 4.3�C for RCP8.5) periods com-
pared to the High Himalaya and Lower Himalaya
regions.

• Uncertainty in average increase in annual temperature
is large in future (1–1.6�C in short-term, 1.3–2.9�C in
mid-century and 1.6–5.6�C in end-of-century period).

• Increase in temperature during the winter season is
expected to be higher than that in the monsoon period.

The results from this study support the findings from
other studies that the temperature and precipitation of
the Koshi river basin will most likely follow an increasing
trajectory. Similar findings are also suggested for Nepal
and the Himalayan region (Agarwal et al., 2014; Agarwal
et al., 2016; Nepal, 2016; Wester et al., 2019). Our study
also suggests that the selection of models can be very sen-
sitive to the number of parameter (future study periods,
ETCCDI indices and seasonal biases) used for a study.
The model selected could be different based on different
time periods. In the three future time periods we consid-
ered, no one model matched in all 3 time periods. This
shows that the modified ensemble approach is also very
sensitive to the time period chosen.
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