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Abstract: Climate change is increasingly sensed by nations vulnerable to water-related disasters, and
governments are acting to mitigate disasters and achieve sustainable development. Uncertainties
in General Circulation Models” (GCM) rainfall projections and seamless long-term hydrological
simulations incorporating warming effects are major scientific challenges in assessing climate change
impacts at the basin scale. Therefore, the Data Integration and Analysis System (DIAS) of Japan
and the Water Energy Budget-based Rainfall-Runoff-Inundation model (WEB-RRI) were utilized
to develop an integrated approach, which was then applied to the Mahaweli River Basin (MRB) in
Sri Lanka to investigate climate change impacts on its hydro-meteorological characteristics. The
results for the Representative Concentration Pathway (RCP8.5) scenario from four selected GCMs
showed that, with an average temperature increase of 1.1 °C over the 20 years in future (2026 to 2045),
the basin will experience more extreme rainfall (increase ranging 204 to 476 mm/year) and intense
flood disasters and receive sufficient water in the future climate (inflow increases will range between
11 m3/s to 57 m3/s). The socio-economic damage due to flood inundation will also increase in the
future climate. However, qualitatively, the overall trend of model responses showed an increasing
pattern in future meteorological droughts whereas there is uncertainty in hydrological droughts.
Policymakers can utilize these results and react to implementing soft or hard countermeasures for
future policymaking. The approach can be implemented for climate change impact assessment of
hydro-meteorology in any other river basin worldwide.

Keywords: climate change impact assessment; general circulation models; hydrological modelling;
water energy budget-based rainfall-runoff-inundation model; data integration and analysis system;
flood and drought

1. Introduction

Climate change enhanced by global warming is progressing faster than ever before [1].
Global warming is sensed most directly through water, as the phenomenon is inseparably
connected to the water cycle, thus imposing threats on sustainable development, biodiver-
sity, and ecosystems [2,3]. In the recent past, climate-related hazards such as floods, storms,
heatwaves, and droughts have caused the majority of disasters globally [2,4]. As far as risk
is a function of threat, consequence, and vulnerability [5,6], increased threat causes abrupt
damages to vulnerable societies. As a result, in 2015, the Sendai Framework for Disaster
Risk Reduction (SFDRR) was formulated by global leaders to strengthen the resilience of
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societies to disasters [7] and has since been practiced hand-in-hand with two other global
agreements: the 2030 Agenda for Sustainable Development and the Paris Agreement [8,9].
In these circumstances, climate change impact assessment is essential for each country
to understand the risk they may face as the first Priority for Action of SFDRR to manage
disaster risks, implement mitigation measures, and strengthen adaptation mechanisms.

As floods and droughts are prominent among water-related disasters, basin-scale
climate change impact assessment provides a basis for understanding their risk and influ-
ence on the environment and economy [10-12]. Such assessments involve handling big
data of GCMs for various future emission scenarios and their applications in hydrological
models. GCMs model outputs derived for several future scenarios are used in various
climate- and weather-related applications [12,13]. Though GCMs can provide reasonable
global- and continental-scale performances as the best available tools for estimating climate
change, they perform poorly in reproducing regional- and basin-scale climate character-
istics and thus cannot be used directly for impact assessment studies [14-16]. Further,
the inconsistency of grid resolutions between GCMs and basin-scale hydrologic models
and the structure and formulation of hydrological models make the assessments more
uncertain. Therefore, to address climate change impacts on basin-scale hydrology (i.e.,
floods, droughts, and water availability) under these scientific challenges, assessment
certainly requires: (a) identifying appropriate GCMs for the study domain by eliminating
GCMs that are poor at simulating past climatology; (b) reducing biases in the selected
GCMs using downscaling methods and bias correction algorithms; and (c) choosing a
physically based distributed hydrological (i.e., seamless) model that is capable of consis-
tently simulating long-term, various hydrological responses for past and future climate.
The following paragraphs discuss available tools and technologies that can be used to
overcome these challenges and develop a methodology for comprehensive climate change
impact assessments at the basin scale.

Reliable precipitation outputs from GCMs are essential to address basin-scale climate
change impacts. As the performance of regional climate varies among GCMs, Koike et al.
(2014) [11] and Nyunt et al. (2016) [15] proposed a methodology to select GCMs based on
their performance over a particular region by comparing their key meteorological elements
(e.g., precipitation (PR), air temperature (T,i;), outgoing longwave radiation (OLR), sea
surface temperature (SST), sea level pressure (SLP), and wind (W)) with historical reference
data. This model evaluation method verifies whether selected GCMs can reasonably
simulate the important mechanism of regional climate and increases confidence levels on
selected models. Accordingly, DIAS has archived the World Climate Research Program’s
coupled-model inter-comparison project phase 5 (CMIP5) data on climate projections to
facilitate GCMs’ evaluation and selection processes effectively with a user-friendly CMIP5
data analysis tool (CMIP5-DIAS). This minimizes the complexity in format, handles big
data, and provides easy access to data for all users from several disciplines [17]. This tool
is also designed to compare and analyze climate model outputs against historical reference
data and select appropriate models effortlessly for a targeted region without downloading
and processing big-data sets. Therefore, the model selection method in the CMIP5-DIAS
tool was employed in this study.

Generally, the reduction of biases in selected GCMs involves the applications of
downscaling methods and/or bias correction algorithms. Downscaling (e.g., dynamic and
statistical) approaches enable data transformation from coarse resolutions of GCMs to
finer resolutions [3,11,15,16,18]. Dynamic downscaling is a physically based approach and
employs high-resolution numerical models and datasets to produce finer-scale information
from GCMs [19,20]. It requires more computational power for multidecadal simulations
of GCM ensembles with various emission scenarios and thus is not feasible for several
regions [15,19]. In this regard, the statistical downscaling approach has advantages over the
dynamic approach, as it involves downscaling variables using historical observations by
preserving physically reasonable spatial and temporal relationships over a large spatially
heterogeneous landmass [19]. Further, several studies were carried out by coupling the dy-
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namical and statistical downscaling methods by introducing the Pseudo-Global-Warming
(PGW) approach which produces future climate using the current reanalysis and various
seasonal difference in temperature and moisture [16,21]. As a drawback, the PGW cannot
cover the uncertainty in a change of the pattern of the regional monsoon, although it can
cover the change in intensity from the current climate as it uses the reanalysis data of the
current climate to estimate the future climate by changing temperature and/or water vapor.
Hence, this PGW method cannot be applied in this study which mainly targets the climate
change impact on regional monsoon and its impact on a local river basin. For this reason,
CMIP5-DIAS has implemented a statistical downscaling and bias correction function to
eliminate the biases in precipitation outputs of GCMs after checking the applicability in
various climate regions [15,17]. Hence, this function in CMIP5-DIAS was employed in this
study.

The climate change impact assessment of floods and droughts requires reliable physi-
cally based Distributed Hydrologic Models (DHMs) for a comprehensive understanding of
the basin-scale water budget and its distributions among various hydrological components.
DHMs should seamlessly simulate all significant components of hydrology for a long
period, including past and future climate variables such as peak flows, flood inundation
extents, and low flows. To do that, the models are required to accommodate dynamic at-
mospheric long-term forcing data from historical or reanalysis products and GCM outputs,
as well as the basin-scale integration of globally available static data (e.g., topography,
land use, and soil types) and dynamic data (e.g., vegetation phenology). Recently, Rasmy
et al. (2019) [22] developed the WEB-RRI model by incorporating water and energy budget
processes, land—vegetation—atmosphere interactions, multilayer soil moisture dynamics,
and 2D lateral water flows to improve interception, evapotranspiration, infiltration, runoff,
and inundation processes, and then to improve the accuracy of low flow estimation, flood
onset timing, peak flood discharge, and inundation characteristics. Notably, it is compatible
with various input variables produced from multiple data sources such as satellites, reanal-
yses, in-situ, and GCM projections for long-term seamless simulation of past and future
events [22]. Therefore, this study also utilized the WEB-RRI model to assess climate change
impacts on basin-scale hydrology and provide reliable information for policymaking.

Accordingly, this study integrated all the above three achievements and developed a
comprehensive methodology for assessing climate change impacts on the hydro-
meteorological characteristics of river basins. The Representative Concentration Path-
way (RCP) 8.5 scenario from multiple GCMs was considered in this study. This research
paper is organized as follows. Section 2 describes the overall research framework. Section 3
describes the study area and data availability. Section 4 presents the methodology for
setting up a hydrological model with calibration and validation, GCM model selection
and statistical bias correction and downscaling for GCM rainfall, and the evaluation of
future adjusted temperatures. The data and model set-up are introduced in Section 5. Then
the data analysis, simulation with discussions and information for decision making are
presented in Section 6, and finally, the conclusion is given in Section 7.

2. Research Framework

This research focuses on developing a research framework using the present cutting-
edge science and technology to assess the impact of climate change on river basins by
identifying climate change signals and clarifying uncertainties. Figure 1 shows the overall
research framework and methodology of this study. The research framework includes
five main components: (1) GCMs selection and downscaling/bias correction of rainfall;
(2) climate change impact assessments on meteorology; (3) DHM development to simulate
the basin hydrological responses; (4) climate change impact assessments on hydrology;
and (5) facilitation of decision-making procedures. The details on the major components
are described in Section 4: Methodology.
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Figure 1. Research framework.

3. Study Area

From this research’s standpoint, it is crucial to select a study area that experiences wet
and dry extremes due to various topographic and climatic conditions, is sensitive to climate
change, and ensures the accessibility of locally available, long-term, high-quality, and
well-distributed rainfall and discharge data. Therefore, this study selected the MRB in Sri
Lanka, a country that receives much of its rainfall as the monsoonal and inter-monsoonal
rainfall and is considered to be more easily affected by future rainfall patterns due to
climate change than countries in other regions [23]. Due to the climatic, topographic and
hydrologic complexity, Sri Lankan river basins are highly vulnerable to water-related
disasters (floods, and droughts) enhanced by climate change, and evidence shows that
such events are on an increasing trend in the recent past [24].

MRB is the largest and perennial river basin in Sri Lanka, which drains 10,300 km?
(Figure 2a,b). Rainfall in MRB varies greatly over space and time. Due to the seasonal
variability of rainfall, the island’s weather seasons are classified into four categories: North-
East (NE) monsoon, South-West (SW) monsoon, Intermediate Monsoon-1 (IM-1), and
Intermediate Monsoon-2 (IM-2). The NE monsoon (December to February) brings more
precipitation to the downstream region of MRB (~500-1200 mm). During IM-1 (March to
April), the upstream region of MRB gets more rainfall, around 250 mm, while downstream
receives ~100 mm. During the SW monsoon period (May to September), the upstream
region of MRB in the central hill country receives high rainfall amounts (>3000 mm) while
the downstream region gets ~500 mm. In the IM-2 period (October to November), the basin
rainfall is about 700 mm [25]. As shown in Figure 2d the basin is demarcated into three
main agro-climatic zones based on the spatial variability of annual rainfall: the wet zone
(>2500 mm), the intermediate zone (1750-2500 mm), and the dry zone (<1750 mm) [26].
The upper basin is located within the wet and intermediate climatic zones, while the dry
low-lying agricultural plains are located within the dry zone.
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Figure 2. (a) Topographical map of Sri Lanka with the demarcation of the Mahaweli River basin, (b)
topography of the Mahaweli River basin, (c) land use with distribution of discharge measurement
points, and (d) demarcation of climatic zones with rain gauge network.

MRB is the major contributor to the country’s economy, supplying 20% of the total
power through hydropower generation [27] and 25% of the national rice production on
average [28]. In response to the seasonal rainfall, MRB has two agricultural seasons: Maha
(October to March) and Yala (April to September). The Maha season mainly depends on the
NE monsoon rainfall as all the cultivation area (~165,000 Ha) is located in the downstream
region. In contrast, the Yala season requires water for irrigation because of less rainfall
during this season in the downstream area. A series of reservoirs were built across the Ma-
haweli River in a cascade pattern for irrigation management and hydropower generation.
The hydropower plants (total installed capacity: 810 MW) generate hydropower mainly
when water is released for irrigation purposes to cater to the peak energy demand. In this
study, due to the unavailability of future operation rules, the natural flow conditions (i.e.,
without dam effects) of the river basin are considered to assess the climate change impacts
on the basin’s hydrology.

4. Methodology
4.1. GCM Selection and Downscaling/Bias Correction
4.1.1. GCM Selection

According to past studies, GCMs have higher levels of uncertainty in reproducing past
climatology or important rainfall mechanisms, and their performances vary significantly
in a particular climatic region [29]. The selection of suitable GCMs, which can represent
the regional climate of the study area, is crucial for multimodel analysis. Since GCMs’
resolutions are very coarse compared to basin-scale resolutions, choosing rainfall only from
GCMs to check their performance is not appropriate because rainfall from GCMs may
not reliably represent the regional mechanisms that influence rainfall. Hence, this study
selected and compared GCM-simulated key meteorological variables such as temperature,
humidity, radiation, wind speed, and precipitation with global reanalysis and observation
data for the interested regional and local domains. The domain scale of each variable is
selected based on its representation of synoptic-scale phenomena that influence the rainfall
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mechanism over the study area. Spatial correlation (Scorr) and root mean square error
(RMSE) were used for the quantitative comparison analysis of GCM outputs.

The monthly performance indices (i.e., Scorr and RMSE) were estimated for each
selected variable of GCMs against observation or reanalysis data, and then seasonal and
annual average performance indices were calculated [15]. A Scorr index of 1 was given
when the Scorr value of a GCM was greater than the Scorr value of the ensemble average
of all GCMs, and otherwise, the Scorr index was set to 0. Similarly, if the individual RMSE
value of a GCM was less than the ensemble average, an RMSE index of 1 or otherwise 0
was assigned. Further, an index for each meteorological variable (meteorological variable
indexes) was calculated and given the value 1 if the sum of the Scorr index and the RMSE
index was greater than 1, the value —1 if the sum of the Scorr index and the RMSE index
was less than 1, or the value 0 if neither condition applied. Moreover, the total index was
calculated by summing up all the corresponding meteorological variable indexes of each
model. Finally, summing up the annual and seasonal total indexes of each model, the
grand total was calculated.

4.1.2. Statistical Bias Correction and Downscaling of Precipitation

This study mainly targets the climate change impact on the regional monsoon and its
impact on a local river basin. We analyzed the GCM uncertainty by selecting the model
that can reproduce the basic current climate, and the bias correction is done by using the
available highly dense rain gauge network data in the targeted basin to obtain high spatial
resolution climate model outputs.

To downscale and bias-correct the selected GCMs precipitation outputs, CMIP5-DIAS
employed a three-step statistical bias correction function [17]. The time-series of GCM data
was extracted at each rain gauge location and then divided into extreme-rainfall, normal-
rainfall, and no-rainfall based on thresholds. The Generalized Pareto Distribution was
used for extreme-rainfall correction, the gamma distribution was used for normal-rainfall
correction, and the statistical ranking order was used for no-rain days correction [15]. The
bias-corrected rainfall data at each gauge location were resampled to hydrological model
grids using the Thiessen polygon method and at 1 h temporal resolution using a uniform
distribution approach.

4.1.3. Temperature Correction

The RCP8.5 radiative forcing scenario has been selected to assess the climate change
under the business-as-usual condition in this study. The RCPs are the radiative forcing
pathways that define an emission trajectory and concentration by 2100 [30,31]. For tempera-
ture correction, climatological differences of monthly temperature between the 20th century
historical reproduction data and the RCP8.5 future scenario data were quantified. The
climatological differences in temperature were added to the past reanalysis temperature
data to produce future temperature data for future hydrological simulations.

4.2. Hydrologic Model

WEB-RRI, a physically based distributed hydrological model, was used in this study
to evaluate the water and energy flux components of the MRB and then climate change
impact on the river basin. The formulation of physical processes in WEB-RRI includes the
vertical transfer of moisture and energy fluxes, soil-vegetation-atmosphere interactions,
soil structure, soil moisture dynamics, lateral movements of water flows, and interaction
between vertical and horizontal water flows. This model estimates evapotranspiration, soil
moisture variation, low flow, flood onset timing, peak flood discharge, and inundation
characteristics as responses by taking numerous meteorological inputs [22]. The overall
structure of this model has four components, and the governing equations are given bellow:

1. The Simple Biosphere Model 2 module:
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The mass balance equation for the plant canopy interception is given by:

OMcy E.
=P—Dy—D.— -2 1
at d c Pw ( )

The mass balance equation for the ground interception in Simple Biosphere Model 2
is given by:
oM E
sw 8t
=Dy+D,— —= 2

a t d + c Pw ( )
where subscripts cw and gw denote canopy and ground water storage, respectively. M,
P, D;, and D, are the intercepted water (m), precipitation (m), canopy through fall rate
(m/s), and canopy drainage rate (m/s), respectively. E;; and E,; are the evaporation rates

of intercepted water from canopy and ground. p;, is the density of water (kg/m?®) and ¢ is
time in seconds. The maximum amount of canopy interception per unit area is defined by
the Leaf Area Index times 0.0001 m [32].

2. The unsaturated zone vertical flow:
Surface layer soil moisture Wj is given by:

oW, 1
ot 6D

Eg
Q1 — Q2 — 0w + 51) 3)

w

Root zone soil moisture W,; is given by:

oW, 1 E;
=~ = 6:D; (Qil,i = Qi1 — p%i,l + 5n') 4)
Deep layer soil moisture Wy; is given by:
oWy 1
atdl = @(Qi—l,i — Qi + i) ®)

where Qj is the infiltration of water into the first soil layer (m/s), Q;_1, is the water flow
from the (i — 1)th layer to the ith layer, E; is the ground surface evaporation rate from
the surface soil layer, E; ; is the vegetation canopy transpiration rate through the stomata
(kg/m?/s) in the ith layer of the root zone. Further, D; is the depth of the ith soil layer (m),
6, is the saturated volumetric water content (m3/m3 ), Pw is the density of water (kg/ m3 ),
and J is the flow added or subtracted due to the horizontal and vertical movement of the
ground water flow [33].

3.  The 2D diffusive wave lateral flow module:

The equations for flow calculations in the x- and y-direction are as follows:

_ Y53 [|9H oH

Ix = =0 ‘ ax || ox ©)
_ Y5 [|0H|  [9H

Gy =—3,h ’8y 8| 5y )

The mass balance equation is spatially discretized for calculating changes in water
level at each grid as follows:
IR LSV R B R 7 .
dh _ qx L]x + qy ‘7y + hgl'] (8)
dt Ax Ay

where g, and g, are the unit width discharges in x- and y-direction, n is Manning’s
roughness parameter, /1 is the height of water from the surface, H is the height of water
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from the datum, and sgn is the signum function. q;’j and q;j are the discharges in x- and
y-direction from a grid cell at a location (i, j), and h,"/ is the effective overland storage of
water (m) due to rainfall after taking into consideration all the sources at a grid cell location
(i,]) [34].

4. The 1D diffusive wave river flow module:

The equation is the same as Equation (6) with g, set to zero to get a one-dimensional
flow equation [22,34,35].

5. Data and Model Set-Up
5.1. Data for GCM Selection, Past and Future Climate Data

CMIP5-DIAS archives a total of 44 GCM model outputs of various experiments,
including climate projections of the four scenarios of RCP2.6, RCP4.5, RCP6.0 and RCP8.5,
as well as historical reference data from institutions around the world. Global observations
and re-analysis products from 1981 to 2000 were utilized to select the reasonable number
of GCMs based on their regional- and local-scale performance using different types of
databases. For precipitation, the Global Precipitation Climatology Project dataset was
used for evaluating GCMs’ monthly climatology of precipitation [36]. The Outgoing
Longwave Radiation at the top of the atmosphere was obtained from the National Oceanic
and Atmospheric Administration [37]. Sea Surface Temperature data were collected from
the Hadley Centre [38]. The rest of the variables were obtained from the Japanese 55-year
Reanalysis (JRA-55) [39].

Asian monsoons and other climate drivers such as Indian Ocean Dipole and the
El Nifio-Southern Oscillation influence the climate patterns of countries in the Indian
Ocean region [40]. To include the effect of climatic divers at local and regional scales, the
performance evaluation of GCMs was carried out in two spatial domains over Sri Lanka.
The domains were (1) regional domain (45° E-140° W, 35°5-35° N) for SST, SLP, zonal
wind, and meridional wind, and (2) local domain (73-89° E, 1°~15° N) for other selected
variables (e.g., PR, T,i;, and OLR). Moreover, to represent temporal and seasonal variations,
the SW and NE monsoon periods were considered along with monthly climatology. During
the final evaluation, close attention was given to GCMs that could appropriately reproduce
precipitation.

According to the scoring method described in Section 4.1.1, the models with a high
grand total were selected for further analysis. As shown in Table 1, four models with a
grand total of over 12 were selected, while poor-performance models were removed in
terms of precipitation (the MPI-ESM-MR during the SW monsoon and the ACCESS1.0
during the NE monsoon). Models that did not have the complete set of data for future
rainfall (CanCM4, GFDL-CM2.1, and MPI-ESM-P) were also removed. The selected models
and their latitudinal and longitudinal grid size are CanESM2 (2.7906°,2.8125°), CNRM-CM5
(1.4008°,1.40625°), GFDL-ESM2G (2.0225°,2.0°), and MPI-ESM-LR (1.8653°,1.875°).



Water 2021, 13, 1218

9 of 25

Table 1. Model selection summary for annual, SW monsoon, and NE monsoon period average.

Annual SW Monsoon NE Monsoon
Model Name Institute Country Grand Total * Remarks
Precipitation Total Index Precipitation Total Index Precipitation Total Index
ACCESS1.0 CSIRO-BOM Australia 0 4 1 6 0 3 13 PPR
ACCESS1.3 CSIRO-BOM Australia -1 -3 -1 -3 -1 3 -3
BCC-CSM1.1 BCC China -1 -1 -1 2 0 1 2
BCC-CSM1.1(m) BCC China 0 -2 0 -3 0 1 —4
BNU-ESM BNU China 1 3 1 1 1 1 5
CanCM4 CCCMA Canada 1 5 1 5 1 4 14 FF
CanESM2 CCCMA Canada 1 6 1 5 0 2 13 Selected
CCsM4 NCAR USA 1 3 1 4 -1 0 7
CESM1(BGC) NCAR USA 1 3 1 5 0 1 9
CESM1(CAMS) NCAR USA 1 5 1 6 -1 0 11
CESM1(FASTCHEM) NCAR USA 1 -1 1 3 -1 0 2
CESM1(WACCM) NCAR USA 1 6 1 0 -1 3 9
CMCC-CESM CMCC Ttaly -1 3 -1 5 1 2 10
CMCC-CMS CMCC Ttaly -1 3 -1 4 0 3 10
CNRM-CM5 NCMR France 1 6 1 5 1 4 15 Selected
CNRM-CM5-2 NCMR France 0 4 0 3 1 3 10
CSIRO-MK3.6.0 CSIRO-QCCCE Australia -1 -1 -1 -1 0 1 -1
FGOALS-g2 LASG-CESS China 0 -1 0 -1 1 0 -2
FIO-ESM FIO China 1 2 1 3 -1 -1 4
GFDL-CM2.1 NOAA-GFDL USA 1 4 1 7 1 5 16 FF
GFDL-CM3 NOAA-GFDL USA 1 4 1 6 -1 0 10
GFDL-ESM2G NOAA-GFDL USA 1 5 1 6 1 2 13 Selected
GFDL-ESM2M NOAA-GFDL USA 1 1 1 2 1 3 6
GISS-E2-H NASA-GISS USA -1 -2 -1 -2 0 2 -2
GISS-E2-H-CC NASA-GISS USA -1 0 -1 -2 0 3 1
GISS-E2-R NASA-GISS USA -1 0 -1 -1 0 5 4
GISS-E2-R-CC NASA-GISS USA -1 2 -1 -1 0 3 4
HadCM3 MOHC UK -1 0 0 2 0 1 1
HadGEM2-ES MOHC UK -1 0 0 2 1 5 7
INM-CM4 INM Russia 0 -2 1 1 0 -1 -2
IPSL-CM5A-LR IPSL France 0 -2 0 -3 -1 —4 -9
IPSL-CM5A-MR IPSL France 0 -1 0 0 0 -2 -3
IPSL-CM5B-LR IPSL France -1 —4 -1 —4 -1 0 -8
MIROC-ESM uT Japan 0 -3 -1 —4 0 0 -7
MIROC-ESM-CHEM uT Japan 0 -2 -1 -3 0 -1 —6
MIROC4h UT Japan 0 2 -1 0 1 4 6
MIROC5 uT Japan 1 5 1 5 0 2 12
MPI-ESM-LR MPI-N Germany 1 7 1 7 1 5 19 Selected
MPI-ESM-MR MPI-N Germany 1 6 0 1 3 5 19 PPR
MPI-ESM-P MPI-N Germany 1 7 1 7 1 6 20 FF
MRI-CGCM3 MRI Japan -1 -2 -1 —4 0 3 -3
MRI-ESM1 MRI Japan -1 —4 0 -5 -1 0 -9
NorESM1-M NCC Norway 1 -1 1 2 -1 -3 -2
NorESM1-ME NCC Norway 1 0 1 2 0 -1 0

Grand Total * = Annual Total Index + SW Total Index + NE Total Index. FF = Failed to simulate Future rainfall. PPR = Poor Precipitation Representation in past.
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5.2. Data for Bias Correction of Rainfall and Hydrological Modeling

(a) Long-term rainfall data: Daily rainfall data recorded at 32 rain gauge stations
(Figure 2d) by respective organizations (Mahaweli Authority of Sri Lanka, Irrigation
Department, and Department of Meteorology) were obtained for the period from 1980 to
2018. Table 2 lists rain gauges and their respective climatic zones with the locations and
annual average rainfall.

(b) Elevation and hydrographic data: This study used the 15 arc-second (~500 m
at the equator) void-filled HydroSHEDS (Hydrological data and maps based on SHuttle
Elevation Derivatives at multiple Scales) digital elevation model Figure 2b, from which
drainage direction data and flow accumulation data were acquired for the model setup.

(c) Soil and land-use data: FAO’s 9-kilometer-spatial-resolution soil-type distribution
data were used. Besides, USGS’s 1-kilometer-spatial-resolution land-use data were used
for classifying land-use and vegetation types (Figure 2c). Both datasets were resampled to
model grids using the linear interpolation method.

(d) Dynamic vegetation data: The Moderate Resolution Imaging Spectroradiometer
(MODIS) 8-daily global products (MOD15A2), such as Fraction of Photo-synthetically
Active Radiation (FPAR) and the Leaf Area Index (LAI) of the Terra satellite at 1 km spatial
resolution from the NASA Earth Observation Data and Information System [41], were
resampled to model grids by NASA’s MODIS Re-projection Tool.

(e) Hydrological model forcing data: Atmospheric forcing data for the WEB-RRI
model (except rainfall data) were obtained from JRA-55 [39]. JRA-55 produces data (i.e.,
air temperature, specific humidity, zonal wind, meridional wind, cloud cover, downward
shortwave radiation, downward longwave radiation, and surface pressure) at 0.125° spatial
and 3-hour temporal resolutions.

(f) Discharge data: For calibration and validation of the WEB-RRI model, daily dis-
charge data recorded at the Peradeniya discharge location (7.27 E, 80.61 N) by the Irrigation
Department were collected for the period from 1980 to 2018 (Figure 2c).

5.3. Data for Socio-Economic Damage Assessment

In recent years, an increased number of inundation modelling studies have taken place
on flood events and the assessments of flood-related impacts where sufficient ground data
are available at catchment scales [12,42—-44]; however, the application of flood inundation
modelling is useful in the catchments which have insufficient flood-related data [12].
Accordingly, in the absence of MRB’s flood-related and socio-economic data, we used the
model-simulated flood inundation area and the global dataset on population and land use
in this study. Therefore, we obtained the WEB-RRI all-time Past and Future inundation files
for each GCM and regenerated the shapefile of the inundation area as more than 1 m depth
of inundations. These regenerated shapefiles were overlaid on top of the following dataset
in the Google Earth Engine (GEE) to estimate the inundated population and inundated
cropland and urban area.

(a) Population data: The dataset for reference epoch for 2015 of Global Human Settle-
ment Layer data on population grids, 250 m resolution, which is archived in the GEE data
catalogue [45], were used as the reference data to assess the affected population in the past
and future. Due to the unavailability of future population growth in the basin area, the
past observed population data were used for future damage estimation.

(b) Cropland and urban area data: The 2013 dataset of MODIS Land Cover Type
Yearly Global 500 m resolution data archived in GEE was used to assess the past and future
affected cropland and urban area [46]. A similar assumption applied to the population
data was used for the future damage assessment due to the unavailability of the cropland
and urban area coverage.
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Table 2. Daily rain gauges in the Mahaweli River basin with names, climatic zones, locations, and annual average rainfall in mm.

. . . Latitude Longitude Annual Average . Climatic Latitude Longitude Annual Average

1D Station Name Climatic Zone ) EO’E) Rainfall (mmg) 1D Station Name Zone ) ?E) Rainfall (mmg)
1 Maliboda Wet 6.89 80.43 4582 17 Bowatenna Intermediate 7.67 80.67 1649

2 Watawala Wet 6.95 80.54 5141 18 Ulhitiya Dry 7.48 81.06 1899

3 Calidonia Wet 6.90 80.70 3759 19 Elehara Dry 7.73 80.79 1812

4 Ambewela Wet 6.87 80.80 2071 20 Dambuluoya Dry 7.81 80.54 1794

5 Kotmale Wet 7.06 80.60 3237 21 Kandalama Dry 7.88 80.66 1388

6 Peradeniya_ID Wet 7.27 80.61 1823 22 Kalawewa RB Dry 8.02 80.54 1339

7 Peradeniya_Bot Wet 7.27 80.60 1919 23 Angamedilla Dry 7.86 80.91 1591

8 Katugastota Wet 7.32 80.62 1780 24 Maduruoya Dry 7.65 81.22 1723

9 Polgolla Wet 7.32 80.65 1808 25 Para.samudraya Dry 791 81.00 1572

10 Bandarawela Intermediate 6.83 81.00 1519 26 Palugasdamana Dry 7.96 81.03 1426

11 Victoria Intermediate 7.24 80.79 1466 27 Girithale Dry 8.00 80.92 1364

12 Randenigala Intermediate 7.20 80.92 1987 28 Minneriya Dry 8.03 80.89 1258

13 Rantambe Intermediate 7.20 80.95 1726 29 Kaudulla Wewa Dry 8.14 80.93 1425

14 Minipe LB Intermediate 7.21 80.98 1645 30 Huruluwewa Dry 8.22 80.71 1263

15 Mapakadawewa Intermediate 7.29 81.03 1800 31 Kantale Dry 8.37 81.00 1465

16 Illukumbura Intermediate 7.54 80.80 2528 32 Alle Tank Dry 8.37 81.30 1315




Water 2021, 13, 1218

12 of 25

5.4. Hydrological Model Set-Up

To calibrate the model, we need energy budget data and water budget data. The
energy budget data are obtained from reanalysis, the water budget data are obtained from
observed rainfall and discharge, and the evaporation is calculated by energy budget in the
model.

The data required for the WEB-RRI model set-up (Section 5.2) were projected into
a common projection system of ~500 m spatial and 1 h temporal resolutions. Several
assumptions were taken into consideration in this study to address various limitations in
data and model integration. Future static data on topography, soil type and land use were
assumed to be the same as the past data. In addition, since the MODIS data for LAI and
FPAR are only available from the year 2000 to the present, the data for previous years (1980
to 1999) were assumed to be the same as the year 2000.

5.5. Model Performance Metrics

Performance metrics, Nash-Sutcliffe Efficiency Coefficient (NSE) [47], Mean Bias
Error (MBE), and Root Mean Square Error (RMSE), were used for the evaluation of model
performance and other assessment purposes.

5.6. Qualitative and Quantitative Decision Index

Based on quantitative information from GCMs, with the range of uncertainty, quali-
tative assessments were carried out to provide a range of the confidence level for future
decision making, which is similar to the method used in IPCC-AR4 (i.e., very low to very
high), to discuss the findings of this research. The qualitative levels of confidence used in
this study were as follows: very likely (if all four models agree), likely (if three of them
agree), and uncertain (if two models agree and two disagree).

The range of the confidence level was derived either from %Change or actual future-
minus-past values ranging from the lowest to highest model outputs. The change rate
(%Change) was defined as the percentage difference between future and past characteristic
variables per unit past characteristic variable. In the following analysis, the range was
decided in either a positive or negative direction, including the zero values given wherever
the level of confidence was certain.

6. Results and Discussion

In this research, two sets of GCM outputs (i.e., past and future climates) were analyzed.
The past climate analysis was carried out for 20 years during the historical model simulation
period (1981 to 2000), and the future climate analysis was done for the 20-year period from
2026 to 2045 for the RCP8.5 scenario (i.e., business-as-usual). This section also focuses on
producing scientific evidence for decision making by identifying climate change signals,
clarifying the range of GCM uncertainty, and classifying the levels of confidence and their
ranges for hydro-meteorological variables. The spatial and temporal variations of rainfall,
temperature, discharge, and inundation extent were investigated for both climates.

6.1. Meteorological Assessment
6.1.1. Basin-Scale Temperature Changes

Monthly climatology of future and past basin averaged temperature of selected GCMs
was calculated to investigate the global warming impact, and their differences (i.e., future
minus past) were plotted in Figure 3a,b Each model shows an increase in temperature
in the future climate. CanESM2 (1.3-1.6 °C), GFDL-ESM2G (0.8-1.5 °C), and MPI-ESM-
LR (0.9-1.1 °C) show higher increases, whereas CNRM-CM5 show a lower increase of
0.8-1.0 °C. On average, an increase of about 1.1 °C was projected over the targeted future
20 years. Future temperature data were prepared for hydrological model simulations by
adding the climatological differences of GCM simulated temperature to the reanalyzed
temperature dataset to account for evapotranspiration changes.
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Figure 3. Basin average temperature difference (future—past): (a) bar plot for monthly changes; and (b) box-and-whisker

plot for annual changes.

6.1.2. Changes in Annual Climatology of Rainfall

The annual average rainfall changes between the past and the future among the
selected GCMs were analyzed at the basin scale, and the results are presented in Figure 4a
As shown in the figure, all models show an increasing trend in basin average rainfall; hence,
it is very likely that the future climate will experience more rainfall than the past climate.
The rainfall is projected to increase by about 19% (~370 mm/year) in the future. Moreover,
CanESM2, GFDL-ESM2G, and MPI-ESM-LR show higher rainfall increase rates (23%, 20%,
and 24%, respectively) due to higher warming rates, whereas CNRM-CM5 show a lower
increase rate (10%) due to a lower warming rate (Figure 3). A similar study conducted in
India, another Asian monsoon region country, by Chaturvedi et al. (2012) [48,49] confirmed
a future increase in all-India mean precipitation, under the business-as-usual scenario, due
to the increased warming effect.
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Figure 4. (a) The comparison of basin average annual rainfall (mm/year) between past and future climate and percentage
changes (%) for each selected GCM; and (b) basin average seasonal rainfall differences (future—past) for selected GCMs

and the ensemble mean.

As stated earlier, rainfall in Sri Lanka is influenced mainly by seasonally varying
monsoon systems and their interactions with the island’s topography, and thus the elevated
regions receive more rainfall. Figure 5a—e compares the spatial distribution of changes in
annual average rainfall for the GCMs and their ensemble mean. All four models indicate
that the southern hilly region of MRB will very likely receive more rainfall in the upstream
area under the future warmer climate.
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Figure 5. The comparison of annual average rainfall differences (future—past) in mm/year for the selected models (a-d)

and the ensemble mean (e).

Besides, it is also important to note that the spatial changes of rainfall projected by
CNRM-CMS5 will take place at a much lower rate than those projected by the other models,
as it projected a lower warming rate (Figure 3b).

6.1.3. Changes in Seasonal Climatology of Rainfall

To understand the seasonal changes in rainfall, the spatial distribution of seasonal
climatology differences was calculated and is shown in Figure 6. The basin average seasonal
rainfall changes are shown in Figure 4b. Rainfall changes during two major seasons (i.e.,
NE, and SW monsoons) will be discussed first. As shown in Figure 6b1-b5, during the NE
monsoon, three models except for CNRM-CMS5 project an increase in rainfall, and the basin
average changes are ~100-200 mm more or less uniformly throughout the basin.

The exceptional reduction in the rainfall projected by CNRM-CMS5 will be discussed
in the next paragraph. During the SW monsoon (Figure 4b), all the model-projected rainfall
increases (~25-300 mm) in the future climate, with CanESM2 showing the largest increase
and MPI-ESM-LR showing the smallest increase in the basin average rainfall. As for the
spatial distributions during this season (Figure 6d1-d5), all models other than MPI-ESM-LR
show a higher rainfall increase in the hilly region compared to the downstream region.
Therefore, it is likely that both NE and SW monsoon seasons will bring a considerable
amount of rainfall in the warmed future climate. The investigation on the other two seasons
(i.e., IM-2 and IM-1) showed that during the IM-2 season, it is very likely that rainfall will
increase as all the models projected a rainfall increase in the warming climate throughout
the basin (Figure 6al-a5). Among the other models, MPI-ESM-LR predicted the largest
rainfall increase in the uppermost and middle regions of the basin during the IM-2 season.
On the other hand, the IM-1 season, which brings less rainfall to the basin, will cause no
change or a slight increase in basin average rainfall (Figure 4b); however, the distribution
map (Figure 6c1-c5) reveals no clear clues on the location of the changes. In general, from
the beginning of May (i.e., the onset of the SW monsoon) through the IM-2 season (October
and November) until the withdrawal of the NE monsoon (i.e., February), the seasonal
rainfall will increase in the future climate.
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Figure 6. The comparison of seasonal average rainfall differences (future—past) for the selected models: CanESM2 (a1-d1),
CNRM-CMS5 (a2-d2), GFDL-ESM2G (a3-d3), MPI-ESM-LR (a4-d4) and the ensemble mean (a5-d5).

To investigate exceptional reductions in the rainfall projected by CNRM-CMS5 during
the NE monsoon and by MPI-ESM-LR during the SW monsoon, weather variables that
influence the rainfall mechanism over the island, such as geopotential height, specific
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humidity, and wind speed, were analyzed at the 850 hPa level. The basin averaged values
of each variable for the NE and SW monsoon seasons are given in Figure 7. As shown in
Figure 7al,a2, the geopotential height will increase in the future climate due to increases
in temperature in all the models for both seasons. In the case of the reduction in the
rainfall projected by CNRM-CM5 during the NE monsoon, the wind speeds projected by
all the models show a reduction in its strength Figure 7c1, which indicates that the weaker
wind may not be a reason. However, as shown in Figure 7b1, all the models show an
increase in the specific humidity except CNRM-CMS5, which shows a marginal reduction
in this variable. Therefore, the reduction in the rainfall projected in the future climate by
CNRM-CMS5 could be caused by a marginal reduction in the specific humidity during
the NE monsoon. In the case of the rainfall reduction by MPI-ESM-LR during the SW
monsoon, no deference is observed in either geopotential height Figure 7a2 or specific
humidity (Figure 7b2) from MPI-ESM-LR. Although there is almost no change in wind
speed (Figure 7c2) during the SW monsoon, this will not be a reason, as other models show
mixed responses despite still showing an increase in rainfall. The reason why MPI-ESM-
LR shows less rainfall during the SW monsoon could be related to model physics and
parametrizations and their interaction with misrepresentation of topographical features,
which needs further investigation.
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Figure 7. The comparisons of past and future climate seasonal average of variables influencing
rainfall: (a1,2) geopotential height, (b1,2) specific humidity, and (c1,2) wind speed.



Water 2021, 13, 1218

17 of 25

6.1.4. Extreme Event Data Analysis: Meteorological Rainfall Extremes and Droughts

Rainfall extremes were investigated based on the anomalies of climate indices of
consecutive wet/dry days for the past and future basin average rainfall outputs of GCMs.
The consecutive wet days (CWD) index is defined as the consecutive number of days
during a year with daily rainfall higher than 0.05 mm/day, while the consecutive dry days
(CDD) index is defined as the consecutive number of days during a year with daily rainfall
of less than 0.05 mm/day. Zhang et al. (2012) [50] also introduced a similar definition. The
anomaly is defined as the departure for a year from the climatological averages of CWD
and CCD. The positive anomaly values were rank-ordered and plotted against the ranks in
Figure 8.
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Figure 8. Anomalies of CWD and CDD of observed far past (1976-1996) and near past (1997-2017) rainfall and the past and
future rainfall of the selected models: Observed Rainfall (a1,2), CanESM2 (b1,2), CNRM-CM?5 (c1,2), GFDL-ESM2G (d1,2),

MPI-ESM-LR (e1,2).

Figure 8al—el shows the anomalies of CWD for observed rainfall (near past: 1997-2017,
far past: 1976-1996) and the projected rainfall by the four selected GCMs. Figure 8al shows
a clear increase in anomalies of CWD observed during the near past period compared to the
far past period. As depicted in Figure 8bl-el, CanESM2, CNRM-CMS5, and GFDL-ESM2G
show a clear increment in CWD in the future, whereas MPI-ESM-LR shows an increment in
most extreme anomalies but a reduction for the other cases of CWD. Therefore, it is likely
that future annual wet days will increase under the warming climate.

Similarly, the anomalies of annual CDDs for observation and each GCM are shown
in Figure 8a2—-e2. A clear increment in anomalies of CDD is also observed for the near
past period compared to the far past period (Figure 8a2). As shown in Figure 8b2—e2,
CanESM2, CNRM-CMS5, and GFDL-ESM2G show a clear increment in CDD in the future,
while MPI-ESM-LR shows a reduction in most extreme anomalies but an increase in the
other cases of CDD. Therefore, it is likely that future annual dry days will increase under
the warming climate.

6.2. WEB-RRI Model Calibration and Validation

The WEB-RRI model was developed to model the hydrological responses of a basin to
the past and future climate. The model was calibrated at the Peradeniya discharge location
(Figure 2c), using the observed discharge data from 1981 to 1982, which corresponds to the
period prior to the Kotmale Dam construction and its operation since 1985. The calibrated
model satisfactorily reproduced the base flow and the peak flood with NSE equal to 0.84,
MBE equal to 0.91 m3/s, and RMSE equal to 24.48 m3/s (Figure 9a). Subsequently, as
shown in Table 3, the calibrated parameters were validated at the same discharge location
for the period from 2005 to 2015 with the dam effect (dam operation data are obtained
from Mahaweli Authority). During the validation period, the model-simulated discharge
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(a) Calibration

at the Peradeniya location was compared to the observed discharge. During the validation
period, the model performance indices were NSE equal to 0.77, MBE equal to —1.49 m3/s,
and RMSE equal to 4.52 m®/s (Figure 9b). Mainly, the low flow during the dry period, the
flow just before the flood onset, the peak flood discharge, and the exact timing of these
events were represented satisfactorily during both calibration and validation periods.
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Figure 9. Comparison between observed discharge and simulated discharge: (a) model calibration for 1981-1982 under the
natural river flow; and (b) model validation for 2005 to 2015 with dam operations.

Table 3. Model-calibrated parameters for the MRB.

Parameters Unit Value
Soil Parameters (basin average)
Saturated water content (6S) m3/m?3 0.54
Residual soil water content (6r) m3/m3 0.07
Saturated hydraulic conductivity for soil surface mm/h 12.88
van Genuchten parameter (ot m—2 0.03
van Genuchten parameter (n) 1.43
Soil depth (DS) m 1.50
River Parameters
Manning’s roughness coefficient for river 0.06
Manning’s roughness coefficient for slope 0.60
Width parameter (CW) 8.00
Width parameter (SW) 0.34
Depth parameter (Cd) 0.90
Depth parameter (Sd) 0.20

6.3. Hydrological Assessment

The WEB-RRI model simulated the natural flow conditions of the basin without
considering any dam effects, as long-term data on dam effects are not available for the past
and future study periods. The seasonal averages of the simulated river discharges and
hydrological extremes of flood and drought events were investigated at the downstream
confluence point, the Mannampitiya discharge location (Figure 2c). The all-time maximum
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inundation depth at each grid cell for both climates was calculated and used to make
spatially distributed inundation maps, which were then used for damage assessment.

6.3.1. Discharge Analysis

The past and future annual average discharges and seasonal average discharge differ-
ences are shown in Figure 10a,b. Clear increasing signals are observed during the three
seasons (i.e., IM2, NE, and SW monsoons), indicating that the basin will yield a higher
amount of flow at the discharge location in the future. The approximate range of incre-
ments will be ~16.3 m?/s-149.0 m3 /s for IM-2, ~3.4 m3/s—107.1 m3 /s for the NE monsoon,
and 7.0 m®/s ~35.3 m3 /s for the SW monsoon in the future climate. During IM-1, except
for MPI-ESM-LR, the other three models projected a decrease in flow rate —10.8 m®/s
~23.8 m®/s. Therefore, it is very likely that the discharge will increase in the future during
the NE, SW, and IM- 2 seasons, and it is also likely to project a reduction in discharge
during the IM-1 season. Consequently, the estimated annual average discharge is very
likely to increase in the future climate, and the values may range from ~11 m?/s to 57 m3/s
as the percentage changes in the range of 4-24%.
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Figure 10. (a) Annual average discharge at Mannampitiya gauging station of the selected models; and (b) seasonal average

discharge difference at Mannampitiya gauging station of the selected models.

6.3.2. Extreme Event Data Analysis: Hydrological Floods and Droughts

Hydrological extremes are investigated in this section. The daily average discharge
simulated for the past and future climates were rank-ordered, and the first 20 peak dis-
charges were analyzed for extreme floods, and the last 20 low flows were analyzed for
droughts.

Figure 11al-d1 shows the first 20 peak discharges estimated by the WEB-RRI model
for the inputs from CanESM2, CNRM-CMS5, GFDL-ESM2G, and MPI-ESM-LR, respectively.
As shown in the figures, the projected future peak discharges are significantly higher in
CanESM2 and MPI-ESM-LR and marginally higher in the other two models. Therefore,
peak discharges are very likely to increase in the future; thus, hydrological floods are very
likely to increase in the future climate in this basin. Similar findings were reported in
the Assessment Report 5 of the IPCC, explaining that GCMs have projected the impacts
associated with increased flooding with high confidence in the case of small islands [51].

Figure 11a2-d2 shows the last 20 low-flow events for the selected model for both
climates. CanESM2 and MPI-ESM-LR project a similar pattern of nearly no change in
the future low flow; however, CNRM-CMS5 and GFDL-ESM2G project an increase in the
future low flow. Therefore, the trend in future hydrological droughts is uncertain, and
thus, a firm conclusion cannot be attained based on the GCM projections. Similar findings
were reported in the Assessment Report 5 of the IPCC that the overall global scale sign
of drought trends has been assessed with low confidence except for the high confidence
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projections of increased droughts in some regions of the world [51]. This low confidence
level of GCMs in projecting future droughts could be an arguable reason for the observed

uncertainty in projected hydrological droughts.
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Figure 11. First 20 peak-flow events and the last 20 low-flow events of daily average discharge values of the past and future
20 years of the selected GCMs: CanESM2 (a1,2), CNRM-CMS5 (b1,2), GFDL-ESM2G (c1,2), MPI-ESM-LR (d1,2).

6.3.3. Inundation Analysis

The difference between past and future climates in all-time maximum inundation
depth at each grid cell was estimated from the WEB-RRI simulated inundation gridded
data for each GCM individually and is plotted in Figure 12b1-b4, and the past all-time
inundation depth gridded data are given in Figure 12al-a4 for reference. As shown in the
figure, except for the CNRM-CM5 model, the other three models project an increase in the
inundation extent for all-time flood depth. Therefore, it is likely that the flood inundation
area and risk will increase in the basin under the future climate. The contrasting behaviour
of CNRM-CMS5 can be attributed to the reduction in future rainfall due to a low warming
rate and the reduction in rainfall during the NE monsoon, which brings a considerable
amount of rainfall to the downstream area of the basin. To verify the simulation results
further, the all-time seasonal (i.e., NE monsoon) maximum inundation depths simulated
by the WEB-RRI model were estimated. Figure 13 shows the scatter plot of past versus
future all-time seasonal maximum inundation depths during the NE monsoon for all the
model grids. As shown in the figure, CNRM-CMS5 projects a decrease in all-time seasonal
inundation depth in the future climate compared with those in the past climate during
the NE monsoon, whereas the other three models project clear increases in the future
inundation depth. Therefore, this contrasting behaviour of a decreased inundation depth
from CNRM-CMS5 is due to uncertainties in rainfall projections during the NE monsoon
season.
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Figure 12. (a) Past all-time inundation depth; and (b) inundation depth deference between future
and past of the selected GCMs: CanESM2 (al,b1), CNRM-CM?5 (a2,b2), GFDL-ESM2G (a3,b3), MPI-
ESM-LR (a4,b4).
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Figure 13. Past vs. future all-time seasonal maximum inundation during the NE monsoon of the selected GCMs (a-d).

6.3.4. Socio-Economic Damage Analysis

To understand the impact of climate change on the socio-economic features, the
population data and land cover data were set into layers in GEE. Additionally, the past and
future simulated inundation over 1 m in depth from WEB-RRI has been overlaid for each
selected GCM, and the statistics of inundated population, cropland and urban area were
extracted for analysis, as shown in Figure 14. The following results were obtained from
the analyses: (a) it is very likely that flood damage to the population will increase; (b) it
is likely that damage to the cropland will increase; and (c) inundation of urban area will
likely increase in the future.
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Figure 14. Socio-economic damage assessment.

6.3.5. Decision Making

Policymakers can utilize the qualitative level of confidence based on Table 4 (basin-
scale annual assessments) and Table 5 (seasonal discharge) to make decisions for disaster
risk reduction. Information on an increasing level of confidence of extreme rainfall and
hydrological floods is an indication of future increases in disasters and water resources.
Policymakers could react in two directions by implementing soft or hard countermeasures:
one is to mitigate disasters, and the other is to utilize water resources or opportunities
brought by disasters for effective planning. On the other hand, the increasing level of
confidence in meteorological droughts shows a possible water shortage in the future
climate. Policymakers should strategically plan drought monitoring and mitigation to
handle water shortage to reduce future risks. Further, decision-makers can decide to either
implement new countermeasures or continue the current disaster management practices
under an uncertain level of confidence.

Table 4. Summary of basin-scale annual assessment.

Meteorological Assessment Hydrological Assessment
Future Future Extreme Future Future Future Future
Rainfall Rainfall Drought Discharge Flood Drought
Le\./el of V.ery likely Likely increase .leely V.ery likely V.ery likely
confidence increase increase increase increase

Table 5. Summary of seasonal discharges at Peradeniya discharge location.

Temporal Scale Level of Confidence of Future Discharge
IM-2 Very likely increase
NE Very likely increase
IM-1 Likely increase
SW Very likely increase

7. Conclusions

This paper presents an integrated approach for assessing climate change impacts on
the hydro-meteorological characteristics of river basins. The assessment is accomplished by
selecting reliable GCMs based on their regional performances, identifying climate change
signals, clarifying uncertainties from the selected GCMs, developing a WEB-RRI model to
simulate the basin hydrological responses of floods and droughts seamlessly under climate
change, and then facilitating decision-making procedures.

The proposed approach has been applied to MRB in Sri Lanka to assess the impacts of
climate change on water resources. The GCM selection procedure found that four GCMs
(CanESM2, CNRM-CM5, GFDL-ESM2G, and MPI-ESM-LR) out of 44 were capable of
satisfactorily simulating the past regional climate. As a result, these models’ precipitation
and temperature data were obtained and statistically bias-corrected. The bias-corrected
results showed that the basin average annual temperature is very likely to increase in the
future, on average with a future temperature increase of 1.1 °C over the future 20 years.
Under this warming future climate, the future annual rainfall over the basin is very likely
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to increase, and the range will vary from 204 to 476 mm/year. The extreme event analysis
showed that future heavy rainfall and meteorological droughts are likely to increase at the
basin scale annually as three out of the four models showed an increase in future anomalies
of CWD in terms of heavy rainfall and an increase in future anomalies of CDD concerning
meteorological droughts. On the other hand, the future annual average discharge at the
Mannampitiya gauging station is very likely to increase, and the range of increase will vary
from 11 m3/s to 57 m3/s. The extreme flood event analysis showed that the hydrological
floods are very likely to increase according to the first 20 peak flows in the future climate.
Meanwhile, the last 20 low flow rates indicated that the trend of future hydrological
droughts is uncertain. Moreover, the mapping of the all-time maximum inundation depth
of more than 1 m showed that the future inundated population, cropland, and the urban
land area will likely increase. Therefore, there will be more economic damage due to floods
in the future under the changing climate.

It is to be noted that the statistical bias correction does not represent the spatial and
temporal connectivity; however, it is useful to identify the range of target parameters
from the selected GCMs with less computational effort. To overcome the limitations of the
statistical approach, the dynamical downscaling method can be used to obtain quantitative
outputs, representing the spatial and temporal connectivity for designing infrastructure
development at the local scale. Therefore, future research will focus on quantitative analysis
to represent the spatial and temporal connectivity based on the dynamical downscaling ap-
proach for supporting local-scale future infrastructure development and the identification
of hazard.
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