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Assessing the Impacts of Projected Climate Scenarios on Irrigation Reliability and Reservoir

Sustainability in Sri Lanka’s Dry Zone
Abstract

Climate change poses major challenges for irrigation water management in Sri Lanka’s dry zone.
This study assesses the performance of the Nachchaduwa reservoir under historical and projected
climate scenarios using multiple General Circulation Models (GCMs). Eight GCMs were ranked
through compromise programming, with the top three models bias-corrected and downscaled to
generate climate projections for Shared Socioeconomic Pathways (SSP) scenarios: SSP2-4.5 and
SSP5-8.5 under near-future (2015-2050) and mid-future (2051-2075). The ensemble GCM data
were input into HEC-HMS and HEC-ResSim to simulate inflows, reservoir water levels, and
releases for these future scenarios. Additionally, the CROPWAT model was used to estimate
current and future irrigation water requirements, supporting assessments of Reliability, Resilience,
and Vulnerability (RRV) metrics and the Reservoir Sustainability Index (RSI). Trend analysis
shows an increase in precipitation of 2.6%—14.2%, most notably under SSP5-8.5. Furthermore,
maximum and minimum temperatures also trend upwards compared to the baseline, with minimum
temperatures rising by 3.9% to 9.6% and maximum temperatures by 1.5% to 5.4%. HEC-HMS
simulations suggest mean annual flow volumes will decrease slightly under SSP2-4.5 and rise
markedly under SSP5-8.5. Mean annual irrigation demand is projected to increase by 40.5%-
43.6% in the near and mid-term future across both SSP scenarios. Reliability stays around 60%,
while resilience varies between 48% to 58%, indicating moderate recovery periods after deficits.
Vulnerability remains below 30%, reflecting insufficient flows to meet irrigation demands, while
the RSI ranges from 0.22 to 0.35. Combining RRV metrics with RSI indicates that the
Nachchaduwa reservoir is moderately sustainable under future climate scenarios. Nonetheless,
implementing adaptive strategies such as optimised operations and effective management is crucial

to maintaining irrigation reliability.

Keywords: Nachchaduwa reservoir, climate change scenarios, irrigation demand, Reliability-
Resiliency-Vulnerability metrics, Reservoir Sustainability Index, HEC-HMS, HEC-ResSim,
CROPWAT



1. Introduction

Reservoirs serve multiple purposes, such as irrigation, domestic, industrial water supply,
hydropower, flood control, fisheries and recreational activities (Heydari et al., 2016; Salwey et al.,
2024). However, when it comes to a multipurpose reservoir, reliability should be measured to
evaluate the satisfactory level that can meet the demand without failure (Chaves et al., 2023;
Olukanni et al., 2018). The ideal volume of storage reservoirs must be recognised by the flow rate,
which varies over time, to fulfil the requirements. When the natural flow of the river exceeds
demand, it is referred to as the wettest time, while the dry season is defined as the opposite. (Salazar
et al., 2024). The critical period is crucial, as it is the demand scarcity which determines the
reservoir volume (Lai et al., 2022). The hydrological design aims to calculate the storage capacity
to sustain yield within a certain failure probability and maintain the risk thresholds (Hou et al.,
2024; Wang et al., 2021). Climate variability is one of the factors which can affect reservoir
reliability for an extended period and is characterised by a series of low and high inflows to the
hydrological persistence (Chaves et al., 2023; Espanmanesh et al., 2024). The Intergovernmental
Panel on Climate Change (IPCC) has noted that global and regional climate change has a
significant impact on greenhouse gases (GHG), which have altered the natural composition of the
atmosphere (Atique & Mahmood, 2014). Melkamu et al. (2017) mentioned that increasing GHG
changes the pattern of temperature and precipitation, thus influencing the hydrological process and
availability of water resources for different purposes. Consequently, agricultural systems are
affected by GHG (Lampole et al., 2017; Hatfield et al. 2020; IPCC, 2021). Therefore, studying the
impact of climate change on rainfall-runoff is crucial to understanding the performance of reservoir

operations.

The Centralised Coupled Model Intercomparison Project (CMIP) has developed various climate
models to enhance understanding of past, present, and future climate changes and serves as a vital
tool for projecting future climate patterns (Eyring et al., 2016; Riahi et al., 2017; Srivastava et al.,
2020). Climate change significantly impacts temperature and precipitation, with extreme weather
events heavily affecting socio-economic sectors (Cramer, 2014; Field & Barros, 2014; UN-Water,
2020). While numerous General Circulation Models (GCMs) are available, selecting the
appropriate GCM for a specific region remains crucial (Lin & Tung, 2017). The choice often

depends on various factors, including the model’s objectives and projected scenarios. Several



studies have focused on model selection using statistical methods; for example, Khadka et al.
(2022) evaluated 28 climate models from CMIP5 and 32 GCMs from CMIP, using 25 performance
metrics to rank models across Southeast Asia. Baghel et al. (2022) ranked 18 CMIP6 models based
on four performance statistics in the Songkhram River Basin in Thailand. Pradhan et al. (2021)
assessed the performance of 12 CMIP5 GCMs in simulating precipitation and temperature,
applying four performance indicators in the Koshi River Basin, Nepal. All these studies aimed to

identify the most suitable GCMs for regional assessments.

Combining climate forecast data from GCMs with hydrological models is one of the most reliable
methods for assessing changes in water resources (Shrestha et al., 2025; Wang et al., 2024). The
complex hydrological systems within river basins are especially vulnerable to climate change
effects because of their highly interconnected processes. Satellite-based raster data is widely
utilised for long-term rainfall and temperature analysis due to its greater accuracy and higher
spatial and temporal resolution (Wu et al., 2019). Raw GCMS cannot be directly used for climate
change impact studies due to issues such as limited spatial resolution, simplified thermodynamic
procedures, and physics. Therefore, precipitation and temperature data require bias correction prior
to further impact assessments. Seneviratne et al., (2012) emphasised the importance of bias
correction in the specific IPCC report. Several bias correction methods have been developed for
downscaling GCM data (Chen et al., 2011a; Chen et al., 2011b; Johnson & Sharma, 2011; Mohan
& Bhaskaran, 2019; Hemanandhini and Rajkumar, 2023; Shanmugam et al., 2023). Multiple
approaches for bias correction exist; climate factors are adjusted using techniques such as power
transpiration and linear scaling based on observed and model means. Distribution mapping or
quantile mapping creates transfer functions to adjust simulated climate variables (Shanmugam et
al., 2023). Various studies recommend performance metrics and skill scores to evaluate GCMs,
including correlation coefficient (CC), normalised root-mean-square deviation (NRMSD), and
root-mean-square error (RMSE) (Macadam et al., 2010; Sun et al., 2015). The individual
performance of models and weighting schemes in multi-model ensembles can also be employed

to assess GCMs (Fordham et al., 2011; Sreelatha & Anand Raj, 2019).

Food security and the vulnerability of impoverished rural farmers are expected to worsen due to
climate change, especially in arid and semi-arid regions where they are more susceptible to

heatwaves, irregular water supplies, floods, and droughts. Variations in river flows and



groundwater recharge are key sources of irrigation, and changes in evaporation and rainfall
patterns further affect agriculture. The growing demands from various industries and agriculture
are contributing to a global water shortage. According to FAO (2011), over 40% of rural
populations worldwide live in river basins with limited water resources. River discharge mainly
determines water availability for the agricultural, residential, and industrial sectors. Changes in
hydrological processes can threaten both the quantity and quality of water, leading to floods and

water shortages (Ficklin et al., 2018).

To ensure national food security in Sri Lanka, the Dry Zone produces about 2.1 million tonnes of
paddy, making up 80% of the country's total output. Paddy cultivation is the main livelihood for
small farming households in rural areas of the Dry Zone. Due to significant fluctuations in rainfall
patterns and the unreliability of rainfed rice production, this zone relies heavily on irrigation (Final
report, 2005). The irrigation schedule or practice depends on the water available or the irrigation
frequency, which varies depending on crop type and rainfall characteristics. Considering the
projected changes in all climatic factors, it is crucial to evaluate how climate change could affect
crop water requirements. Numerous studies worldwide have examined the impacts of climate
change on crop water needs (Awal et al.,2018; Chowdhury et al.,2016; Mohan &
Ramsundram, 2014).

The Indian Ocean monsoon system has influenced the rainfall patterns of Sri Lanka over many
decades (Clift & Plumb, 2008; Naveendrakumar et al., 2018). Temperature and rainfall are
influenced by El Nifio and La Nifa, which significantly affect the system (Chandimala & Zubair,
2007; Zubair et al., 2008). El Nifio weakens Walker circulation, resulting in reduced rainfall from
July to August and January to March, and increased rainfall during the northeastern monsoon from
October to December (Zubair et al., 2003; Zubair & Ropelewski, 2006). Based on yearly rainfall,
Sri Lanka's climate divides into three zones: wet, dry, and intermediate. These zones are
characterised by the Southwest monsoon rains, altitude, soil types, land use patterns, and
vegetation. The Wet zone receives over 2,500 mm of high rainfall without distinct dry periods,
whereas the Dry zone gets less than 1,750 mm and has a clearly defined dry season. The
Intermediate zone has average rainfall between 1,750 and 2,500 mm, with a shorter, less obvious
dry season (National Guideline for Climate-Smart Agricultural Technologies and Practices, 2019).

In Sri Lanka's Dry Zone, a water collection system was established by the ancient capital



Anuradhapura in the third century BCE. Tank cascade systems were initially part of this system,
later enhanced and expanded. To improve local water supply, a supra-regional canal network was

constructed in the fifth century CE (Abeywardana et al., 2019).

In Sri Lanka, the cascade-style man-made reservoirs known as tanks or wewas collect and store
surface water in shallow valleys. Channels and spillways connect these reservoirs and enhance the
downstream flow. Based on the surface area and the irrigated land, reservoirs are categorised as
major, medium, minor, and micro tanks (Murray, 2004). For example, a water surface of over 200
hectares and a command area exceeding 600 hectares are regarded as major tanks, situated in the
downstream part of the cascade (Murray et al., 2004; Bebermeier et al., 2017). Governmental
bodies oversee major tanks, while smaller tanks in upstream zones are managed by local village
communities (Bebermeier et al., 2017). Approximately 35% of irrigated paddy fields in Sri Lanka
benefit significantly from the Village Tank Cascade System (VTCS) (FAO, 2011). VTCSs evolved
from traditional farming practices to enable effective water management in Sri Lanka's dry zone,
which receives less than 1750 mm of rain annually. They feature a distinctive hydrological
network, comprising interconnected tanks built within catchments of the dry zone to store,
transport, and utilise water from transient streams (Madduma Bandara, 1985). A village tank
supplies water to a paddy field, which subsequently directs water downstream to irrigate its

command area.

The Malwathu Oya river basin experiences water shortages during the dry season, while its
downstream areas flood during the rainy season. In 2011, 2014, and 2016, this basin faced severe
flooding. The dry zone of Sri Lanka has made significant progress in rice cultivation, using
efficient water management systems centred on reservoirs. Each year, there are considerable
fluctuations in water resources available for irrigation. Water availability during the Yala season is
often limited by factors such as eutrophication, heavy siltation, and aquatic weeds, all of which
reduce reservoir capacity (Gunarathna & Kumari, 2014). Consequently, cropping intensity in the
Yala season varies. Improving water management is vital to ensure farming during this period, as
it accounts for 44% of the maximum resource utilisation area. An effective water management
system is expected to be implemented, especially considering future population pressures (Final
Report, 2005). Reservoirs are essential for rural livelihoods, but they often lack proper

management and climate change adaptation strategies. Incorporating climate change impacts into



modelling techniques is necessary to optimise water availability. Recent research indicates that
combining simulation and performance assessment is key to evaluating reservoir vulnerability to

climate variability and droughts.

This study aims to assess the impacts of climate change scenarios on the climatic and hydrological
conditions of the Malwathu Oya River Basin and to evaluate the performance of one of its major
reservoirs, the Nachchaduwa Reservoir. The assessment is carried out using the Reliability-
Resiliency-Vulnerability (RRV) framework and the Reservoir Sustainability Index (RSI). Future
trends in temperature and precipitation for the period 2015-2075 were analysed using three Global
Climate Models (GCMs) under two Shared Socioeconomic Pathways (SSP): SSP2-4.5 and SSP5-
8.5. These projections were used to evaluate the impacts of climate change on streamflow and
irrigation water requirements. The CROPWAT model was employed to estimate water irrigation
demand, while runoff was simulated using the HEC-HMS hydrological model. Reservoir
operations were modelled using the HEC-ResSim model based on the established rule curve.
Finally, the performance of the Nachchaduwa Reservoir was assessed using the three key indices
of the RRV framework to determine its capacity to meet irrigation water demands under future
climate conditions. The novelty of this study lies in the integration of multiple GCMs and ensemble
modelling techniques with hydrological and reservoir simulation tools. To the best of our
knowledge, this is the first comprehensive study to apply such an integrated approach to evaluate

reservoir performance and sustainability for irrigation supply in the Dry Zone of Sri Lanka.
2. Study area and data

Sri Lanka is an island country situated at the southern tip of the Indian Ocean, entirely within the
tropical zone with latitudes of 5° 55' - 9° 50' N and longitudes of 79° 42' - 81° 53" E, covering an
area of 65,609 km?. The topography slopes from south-southwest to north-northeast. The southern
part of Sri Lanka features high mountains rising above 1,500 m. The southwest and northeast
monsoons significantly influence rainfall patterns across the country. According to the Department
of Meteorology (1969), the southwest monsoon, often called the Yala season, begins in May and
ends in September. The Maha season, or northeast monsoon, typically starts in November or

thereabouts. Its timing varies throughout the year and is more unpredictable (Kitamura, 1990).

The Malwathu Oya river basin is the second-largest in the country, covering 3,284 km?, and is

extensively utilised for various purposes, including drinking water, fisheries, and irrigation for
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around 200,000 local farmers in the North Central Province (Figure 1). This river basin plays a
crucial role in the national economy by making a significant contribution to agricultural
production. However, the river experiences seasonal and geographical fluctuations due to
variations in climate across different times and areas. Anuradhapura District accounts for about
two-thirds of the basin's upper catchment, while the lower catchment extends across Vavuniya and
Mannar Districts. The upper watershed of Malwathu Oya is intercepted by five major reservoirs:
Nachchaduwa, Mahakanadarawa, Nuwarawewa, Tissa Wewa, and Pavatkulam, along with several
medium and minor tanks. The irrigation systems of Nachchaduwa, Nuwarawewa, and Tissa Wewa
are supplemented with water diverted from the Mahaweli through the Kala Oya Yoda Ela, sourced
from the Kala Oya basin.

® Rain Gauge
@ Streamgauge station
B Nachchaduwa Reservoir
1 Malwathu Basin
DEM
Elevation(m)
[ <=60
[ 60-80
== 80 - 100
= 100 - 120
I 120 - 162

Figure 1. Study area map showing the Malwathu Oya River Basin and Nachchaduwa reservoir in

Sri Lanka’s Dry Zone

Nachchaduwa Reservoir is situated in the uppermost part of the Malwathu Oya river basin and was

constructed in 1906. It is owned by the Department of Irrigation. The reservoir's elevation is 96 m
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above mean sea level in Sri Lanka's arid zone (Figure 1). It is designed to irrigate 5,960 acres,

supporting 2,500 farming households, and functions to manage field channels and distributary

canals. (https://icid-ciid.org/award/his_details/35). Paddy is the primary crop cultivated during the

Maha season in Sri Lanka's arid zone. Various cash crops are grown during the Yala season

alongside paddy, which occupies a smaller area due to limited irrigation water. Other field crops,

such as Kurakkan, maize, sorghum, greengram, cowpea, soybeans, groundnuts, and chillies, are

cultivated across both the Maha and Yala seasons in Sri Lanka.

Nachchaduwa Reservoir is summarised in Table 1.

Table 1 Characteristics of Nachchaduwa reservoir.

Key information about the

Reservoir Characteristics Value Units

Flood control water level 102.31 | m (above MSL)
Normal high-water level 101.70 | m (above MSL)
Minimum water level 94.06 m (above MSL)
Capacity at flood control water level | 67.2 MCM

Capacity at normal high-water level | 58 MCM

Capacity at minimum water level 2.1 MCM

Dam Characteristics

Dam crest level 105.1 m (above MSL)
Dam length 1646 m

Service Spillway Characteristics

Crest level 95.58 m (above MSL)
Maximum discharge capacity 312 m’/s
Catchment Area 29000 | Net (km?)
Command Area 62670 Gross (km?)

2.1 Data

2.1.1 Observed reference data

The Asian Precipitation — Highly-Resolved Observational Data Integration Toward Evaluation

(APHRODITE) gridded data (0.25°% 0.25°) for Sri Lanka was utilised for rainfall, and gridded
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minimum (Tmin) and maximum temperature (Tmax) data from Princeton University (1.0°x 1.0°)
served as the observational data. The temperature dataset derives from Princeton University’s
global meteorological forcing (PGF) (Sheffield et al., 2006), which includes 1.0° resolution fields
of near-surface meteorology for global land regions. The river basin inflow data, reservoir
parameters, streamflow data, and crop data were obtained from the Department of Irrigation and

the Department of Agriculture. Further details of this data are provided in Table 2.

Table 2. Data used in the study and sources

Data Time Data resolution | Source
(spatial/temporal)
APHRODITE 1988 —2015 | 0.25°x 0.25°daily | Yatagai et al., (2012)

Precipitation data

Princeton University 1980 — 2015 | 1.0°% 1.0°/daily http://hydrology.princeton.e
Temperature data: du/data/pgt/

Minimum and
maximum

temperatures (Tmin,

Tmax)

Reservoir data: 2009 —2021 | point /daily Department of Irrigation, Sri
Inflows, Release, Lanka

Storage

Crop data: Crop area, | 2010—2021 | -/season Department of Agriculture,
crop type, crop Sri Lanka

calendar

2.1.2 Climate models data

The IPCC has developed several climate datasets, with the latest being CMIP6. Eight precipitation
and temperature datasets from GCMs within CMIP6, covering both historical (1985-2014) and
future periods (2015-2075), were downloaded from the Earth System Grid Federation website

(https://esgf-node.llnl.gov/search/cmip6/). These models were chosen based on previous studies
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and literature reviews from Sri Lanka and the South Asian region. Specific details of this data are

outlined in Table 3.

Table 3. Eight CMIP6 GCM models evaluated in this study

GCM Model Spatial scale Institute
(LatxLon)

Access ESM 1 5 | 1.87°%x1.25° Commonwealth Scientific and Industrial Research
Organisation, Australia

CanESM5 2.79°x2.81° Canadian Centre for Climate Modelling and
Analysis, Canada

CMCC _ESM2 1.0°x1.25° Fondazione  Centro  Euro-Mediterraneo  sui
Cambiamenti Climatici (CMCC) in Lecce, Italy

EC Earth3 0.35°x0.35° EC-Earth Consortium, Europe

CNRM_ESM2 1.40°x1.40° Centre National de Recherches Meteorologiques
(France)

GFDL _ESM4 1.25°%1.0° NOAA/ Geophysical Fluid Dynamics Laboratory,
USA

MIROC6 1.40°x1.40° Atmosphere and Ocean Research Institute (The
University of Tokyo), National Institute for
Environmental Studies, and Japan Agency for
Marine-Earth Science and Technology, Japan

MRI ESM2 0 1.12°x1.12° Meteorological Research Institute, Japan

3. Methodology

3.1. Ranking and selection of GCMs

Future climate conditions in the basin can be projected using GCMs data. Since many GCMs are

available, selecting an appropriate model is essential for reliable climate impact assessments. The

overall methodology framework, which connects the selection of GCMs, climate projection,

streamflow and reservoir release predictions, calculation of crop water demand and irrigation water
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needs, and the assessment of reservoir performance under current and future conditions, is shown

in Figure 2.
GCM Precipitation, Stream flow and In-situ Rainfall and Land use and
Temperature data Topography Temperature crop types
| | Legends
wlv ¢ Data
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e 1 Process
Y Irrigation water <~ Output

Inflow to
reservoir

demand &
release

Bias correction &
downscaling

h 4
Future projection

Reservoir
hydrological

characteristics

_Hec-ResSim-—_

(SSP2-4.5, SSP5- e i
8.5 o
¢ Reservoir Rule
) y . Current & Future Clwve
’/"Ensemble Mean of Reservoir
{future Precipitation and——— performance

\_ Temperature

\ Reliability / / Resiliency / Vulnerability \‘

A
N 4 \

Figure 2. A framework for assessing the reservoir performance to irrigation water supply under

climate change scenarios

This study evaluated the performance of eight CMIP6 GCMs in simulating precipitation, Tmin,
and Tmax, comparing them with reference datasets: APHRODITE precipitation (0.25° x 0.25°
resolution) and Princeton University’s Tmin and Tmax datasets (Table 2). Model performance was
evaluated using statistical measures that quantify how well GCM outputs match observed data. To
select the most suitable GCMs, a Compromised Programming (CP) method was used, which
combines multiple evaluation criteria—Normalised Root Mean Square Error (NRMSE),
Normalised Mean Absolute Error (NMAE), and Relative Bias (RB). The formulas for NRMSE,
NMAE, and RB are provided as follows,

% S, (0—P)?
NRMSE = — X 100

(1
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1
—Xi=110;=P;]

NMAE = X 100 )

— 211‘1=1(Pi_0i)
= 2550 X 100 3)

RB
0; = observed values

P;= predicted/simulated values
0= mean of observed values

n= number of observations

CP ranks models based on their overall performance across variables (Precipitation, Tmin, Tmax)
and statistical metrics (Ringuest & Ringuest, 1992). To ensure consistency, all metrics were
normalised to a common scale (Anil et al., 2021). The distance between each GCM's performance

and the ideal performance was then calculated using the Lp metric, expressed as:

p)l/p

Lp = (Xfoq|xy —xf 4)

Where Lp is the distance of the GCM model i to the ideal; the value of the jth performance metric
for GCM model 1; the ideal value of the jth metric; and p is the order of the norm (we used p=I1 in
this study, as we consider equal importance across all the metrics). equal importance across all the

metrics).

The Lp metric is always positive, with lower values indicating better model performance;
therefore, GCMs with the smallest Lp values are preferred (Perez-Verdin et al., 2018; Muhammad
et al., 2019; Shiru & Chung, 2021). Based on this criterion, the best-performing climate models
were selected for use in future climate projections, impact assessments, and adaptation planning.
From these, the top-ranked GCMs were chosen to project future climate conditions across Sri

Lanka and to simulate future streamflows in the Malwathu Oya River basin.
3.2. GCM bias correction

Biases in daily precipitation, Tmin, and Tmax from three top-ranked GCMS were corrected. This
bias correction was applied to both historical data and two representative future scenarios (SSP2-

4.5 and SSP5-8.5), which were then used to produce future projections. A quantile mapping (QM)
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method was utilised to correct GCM precipitation data, while a linear scaling (LS) method was
employed for GCM temperature datasets. The historical period covered 1988-2014, while the
near-future and mid-future periods were considered as 2015-2049 and 2050-2075, respectively. A
multi-model ensemble approach was used to combine outputs from the three GCMs, generating
an ensemble mean for further analysis. The combined ensembled GCM projections, along with

observed trends, were used for comparison of future climate scenarios.
3.3. Irrigation demand assessment

The FAO-developed CROPWAT model version 8.0 was used to estimate crop water and irrigation
requirements. In addition, the CLIMWAT 2.0 climatic database was utilised alongside the
CROPWAT model. This study employed Tmin, Tmax, and precipitation data from the
Nachchaduwa station provided by the Meteorological Department, while RH, wind speed, and
sunshine hours values were obtained from the CLIMWAT 2.0 model. Soil data was gathered from
existing literature to estimate irrigation needs. Reference evapotranspiration (ETO) depends on
temperature, wind speed, RH, and solar radiation. However, some studies assume temperature
changes will be more significant than other parameters (Shahid 2011; Chowdhury et al. 2016; Mall
et al. 2017; Bhatt et al. 2019). Therefore, in this study, Tmin, Tmax, and precipitation were used
to estimate future (2015-2075) crop water and irrigation requirements, while other parameters
were kept constant.

3.4. HEC-HMS hydrological model set up

The future inflow to the reservoir was simulated using a calibrated and validated Hydrologic
Engineering Centre-Hydrological Modeling System (HEC-HMS). A systematic calibration and
validation process was carried out for HEC-HMS to accurately replicate the hydrological response
based on the historical datasets summarised in Table 2. HEC-HMS supports both distributed and
lumped parameter methods for simulating streamflow in conceptualised river basins (Feldman,
2000; Ansari et al., 2023; Guduru et al., 2023; 1zadi et al., 2024; Knebl et al., 2005). In this study,
the model was configured to predict streamflow at a downstream gauging station and at the
upstream reservoir inflow point. Observed precipitation and temperature data from rain gauge
stations served as model inputs, and calibration was performed until the results closely matched
observations. The Simple Canopy approach was employed to model vegetation—water interactions

(Sok & Oeurng, 2016). For soil water balance, the Soil Moisture Accounting (SMA) method was
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used, as it is suitable for continuous simulations under both wet and dry conditions (Feldman,
2000). Parameter values for SMA infiltration processes were assigned according to
recommendations by Chow et al. (1988) and De Silva et al. (2014). Direct runoff was simulated
using the Clark Unit Hydrograph method, chosen for its minimal input requirements. The two key
parameters, the storage coefficient and the time of concentration, were estimated, with the latter
calculated using the Kirpich formula (Kirpich, 1940). Daily streamflow data from 2009-2012 were
utilised for calibration, while data from 2012-2015 were used for validation. Sensitivity analysis
was conducted to identify the most influential parameters affecting runoff generation. Model
performance was evaluated through visual comparison of simulated and observed hydrographs,
with parameter adjustments made across multiple calibration trials. The overall accuracy of the

model was assessed using statistical performance indicators.
3.5. HEC-ReSim reservoir model setup for the Nachchaduwa reservoir

The Nachchaduwa reservoir model was used to simulate future reservoir operations from 2025 to
2075, employing the calibrated and validated HEC-ResSim reservoir simulation model. The
process involved three main stages. The first stage established the watershed by defining its
physical components, including stream networks, reservoirs, water demand diversions, and
calculation points located at confluences, boundaries, or monitoring sites. Next, the reservoir
network was configured as the core element of the model. This step incorporated reservoir
characteristics, performance sets for different areas, and the allocation of downstream water
demands. Irrigation needs were simulated through diversions, whereby water was extracted for
irrigation and then returned to the river channel. Conversely, water allocated for domestic use was
removed from the system and not returned. In the final stage, input data such as reservoir inflows,
time steps, lookback periods, and other operational constraints for each scenario were integrated.
Once the system was set up, the model was calibrated using data from 2005-2014 and validated
with data from 2015-2021. After achieving satisfactory calibration and validation, the model was
used to simulate future reservoir operations based on inflow forecasts generated by the

hydrological model.
3.6 Model evaluation indices

This study used various performance indices to evaluate HEC-HMS and HEC-ResSim models.

For HEC-HMS, indices included Nash—Sutcliffe Efficiency (NSE), Coefficient of Determination
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(R?), Root Mean Square Error (RMSE), and Percent Bias (PBIAS), which measure how accurately
the model reproduces observed flows, the strength of correlation, and bias. HEC-ResSim was
assessed using NSE, R, and Kling—Gupta Efficiency (KGE), providing a comprehensive
evaluation of reservoir simulations by combining correlation, bias, and variability measures. Using
these metrics ensures a balanced, reliable assessment of model performance, fostering confidence

in scenario analysis and decision-making. The formulas for these performance indices are provided

below,

NSE=1— % (5)
PBIAS = ZE(—"(;‘)’) x 100 6)
- — __n(0P)-(0) BIPY ™

J[nZO%—(z 0)°] [nZPF-(2P)?]

RZ=1- —2{;111((2‘_%); @®)
RMSE = Jiz%‘:l(oi — P)? ©)
KGE=1—/(—-1)2+ (B - 12+ (y — 1)2 (10)
B = % (11)
y=22 (12)

Where 0; is Observed data; O is the Mean of the observed data; P, is predicted data; P is mean of

predicted data; n is the number of observations; o}, is the standard deviation of predicted data; o,

1s the standard deviation of observed data; n is the number of observations.
3.7. Reservoir performance analysis

The reservoir performance was evaluated with the RRV metric and the RSI index under future

projected scenarios. The formulations for RRV and RSI are provided as follows,
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Ny

Reliability = ~ (13)
. Ny
Resilience = —~ (14)
Ny
iy 1 Nf
Vulnerability = —)..” D; (15)
Ny j=1
RSI = Reliability X Resilience X (1 — Vulnerability ) (16)

N, is number of time steps when demand is fully satisfied (no failure); N is total number of time

steps N, is number of times the system recovers from a failure; Ny is total number of failure events;

D; is average deficit magnitude during the j th failure period.

For the RRV and RSI analyses, reservoir performance was assessed by comparing the available
water supply to the irrigation water demand at each time step (monthly, seasonal, or yearly).
Reliability indicates the system's probability of meeting demand over time, with values near 1 (or
100%) showing high reliability. Resiliency reflects the system’s ability to recover from failure,
with higher values indicating faster recovery. Vulnerability measures the average severity of
failures, with lower values representing less severe deficits. The Sustainability Index (SI)
combines these metrics to evaluate system performance; higher SI values denote more sustainable,
balanced reservoir operation (Hashimoto et al., 1982; Loucks, 1997; McMahon et al., 2006;
Sandoval-Solis et al., 2011).

4. Results

4.1. CMIP6 GCM ranking, bias correction and future scenario projections

Based on statistical performance and the overall evaluation of CP, the total Lp summations were
ranked to identify the most suitable models. According to these rankings, the three best-performing
GCMs—EC-Earth3, MRI-ESM2.0, and CNRM-ESM2—were selected for further analysis of
precipitation and temperature (Tmin and Tmax) in Sri Lanka. Table 4 presents the aggregated CP

sum Lp values of the corresponding GCMs used in the ranking process.

Table 4. Compromised programming aggregated sum Lp values of the corresponding GCMs

GCM Lp Sum |Lp Sum |Lp _Sum | Total Sum | Rank
(Rainfall) | (Tmin) (Tmax)
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Access ESM 1 5 86.8151 126.577 87.06 300.4521 5
CanESMS5 92.0888 166.175 74.7268 332.9906 8
CMCC_ESM2 111.0982 | 127.0709 | 78.7807 316.9498 6
EC_Earth3 87.3779 75.2503 81.4918 244.12 1
CNRM_ESM2 91.709 71.28 88.1575 251.1465 2
GFDL_ESM4 99.6075 71.8944 92.5154 264.0173 4
MIROC6 90.04723 138.775 99.0054 327.8276 7
MRI_ESM2 0 87.6884 89.4792 79.034 256.2016 3
Note: Lp — compromised programming aggregated sum values

4.2 Future projections of bias corrected GCMs

Figure 3 illustrates the temporal variability of precipitation and temperature over the Malwathu
Oya River Basin, highlighting distinct shifts under SSP2-4.5 and SSP5-8.5 scenarios for the near-
future (2025-2049) and mid-future (2050-2075) periods compared to the baseline (1988-2014).
The baseline rainfall trend fluctuated significantly in the basin, while Tmin increased rapidly
compared to Tmax, providing evidence of climate change. Relative to the baseline period, annual
rainfall is expected to increase gradually, reaching 2-4% by the near-future. Subsequently, it is
likely to increase more rapidly by 7% in the mid-future under the medium emission scenario SSP2-
4.5. A higher emission scenario, SSP5-8.5, results in a doubling (14.22%) of annual rainfall
changes compared to SSP2-4.5. These changes are expected to become more pronounced, with
increased variability and more extreme weather events, leading to a higher risk of flooding.
Furthermore, long-term shifts in precipitation patterns may occur, with some years experiencing

sustained changes in average annual rainfall.
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Figure 3. Baseline and future climate projections for the Malwathu Oya River Basin showing (a)

Precipitation, (b) Minimum temperature, and (¢) Maximum temperature under historical, SSP2-

4.5, and SSP5-8.5 scenarios for near-future (2025-2049) and mid-future (2050-2075) in the

Malwathu Oya River Basin.

The baseline period provides historical temperature data, acting as a reference for future trends.

Projections for the near future indicate a gradual rise in average temperatures. This trend is

expected to become more evident in the mid-term future, with notable increases in both Tmin and

Tmax. The entire basin will remain substantially warmer, with an increase of 0.5-2.5°C in both

Tmin and Tmax.
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Table 5 shows the percentage changes in annual rainfall, Tmin, and Tmax relative to the baseline.
The analysis under the SSP2-4.5 and SSP5-8.5 scenarios reveals significant trends. Rainfall is
projected to increase by about 2 to 5% in the near-future and by 7 to 14% in the mid-future for
SSP2-4.5, whereas SSP5-8.5 indicates a 22% decrease in the near-future and a 15% decrease in
the mid-future. Tmax shows minor variation compared to Tmin, with a 4-5% increase in the near-
future and a 7-10% increase in the mid-future across both scenarios. Tmax rises by 1 to 2% in the

near-future and 3 to 6% in the mid-future for both SSP scenarios.

Table 5. Projected percentage changes in the climate variables for the Malwathu Oya River Basin
for SSP2-4.5 and SSP5-8.5 scenarios under near-future (2025-2049) and mid-future (2050-2075)
relative to the baseline (1988-2015).

Climate Baseline SSP2-4.5 SSP5-8.5
Variables (1988-2014) - -
Near-Future | Mid-Future Near-Future Mid-Future

(% change) (2024-2049) | (2050-2075) (2024-2049 (2050-2075)
Rainfall (mm) 1254.5 1287.9 1342.1 1309.1 1433.0

- +2.6 +6.9 +4.3 +14.2
Temperature 24.2 25.1 25.8 253 26.5
Minimum (°C) +3.9 +6.8 +4.7 +9.6
Temperature 31.6 32.1 32.8 32.3 333
Maximum (°C) | +1.5 +3.6 +2.0 +5.4

The comparison of average monthly rainfall, Tmax, and Tmin during the baseline (1988-2015)
and future projections is shown in Figure 4. The analysis of average monthly rainfall and
temperatures (Tmin and Tmax) reveals distinct seasonal patterns, with projected increases in
temperature and variable rainfall trends under the SSP2-4.5 and SSP5-8.5 scenarios for both near-

and mid-future periods. Examination of monthly averages indicates that April and May are
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expected to experience the highest Tmax values, followed by June through September, while the
lowest Tmax occurs in December and January. The average annual Tmin is projected to be highest
in May and June compared to the baseline, with moderately elevated values from July to
September; the minimum Tmin occurs from December to February. Rainfall is projected to peak
from October to December, followed by January, with the lowest precipitation occurring in June

and July.
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Figure 4. Average monthly (a) Rainfall, (b) Minimum Temperature, (c) Maximum Temperature
during the baseline period (1988-2014) and future projections under SSP2-4.5 and SSP5-8.5
scenarios for the near-future (2025-2049) and mid-future (2050-2075) in the Malwathu Oya River

Basin.
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Figure 5 presents the percentage changes in rainfall, Tmin, and Tmax relative to the baseline
scenario under future climate projections. The results indicate a clear upward trend in both Tmin
and Tmax across all future scenarios, reflecting the intensification of warming due to climate
change. The projected increase in Tmin is generally higher under SSP5-8.5 than SSP2-4.5, with
the most pronounced warming occurring in the mid-future period. Tmax follows a similar trend,

with increases exceeding those of Tmin, particularly under the high-emission SSP5-8.5 scenario.

In contrast, rainfall projections exhibit substantial temporal and scenario-dependent variability.
Certain months, notably November to February and June, are projected to receive increased
precipitation, while April to May and July to October show moderate to significant declines,
suggesting a potential shift in the seasonal distribution of rainfall. Under SSP5-8.5, rainfall
becomes more variable, with higher interannual fluctuations compared to SSP2-4.5. These
projections imply that future climate conditions in the Malwathu Oya River Basin are likely to
involve elevated temperatures and altered rainfall patterns, which may have important implications

for water availability and hydrological processes in the region.
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Figure 5. Percentage change in (a) Rainfall, (b) Minimum Temperature, and (c) Maximum
Temperature during near-future (2025-2049), and mid-future (2050-2074) periods under SSP2-

4.5 and SSP5-8.5 scenarios from the baseline scenario in the Malwathu Oya River Basin.
4.3 Hydrological simulations
4.3.1 HEC-HMS model calibration and validation for the baseline period

Figure 6 illustrates HEC-HMS model simulated and observed flow data at the Kappachchiya
streamflow gauging station during both calibration and validation periods. The model's
performance was evaluated using NSE, RMSE, and PBIAS metrics. The simulated hydrographs

effectively reproduced the overall flow patterns and seasonal variability of the observed
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streamflow. Model performance metrics indicated NSE values of 0.63 for calibration and 0.52 for
validation, and PBIAS of 14.5% and 18.25%, respectively. According to Moriasi et al. (2007),
NSE values above 0.50 and PBIAS within £25% represent satisfactory performance for
streamflow simulations. These results confirm that the HEC-HMS model reliably captures
streamflow dynamics in the Malwathu Oya River Basin, demonstrating its suitability for scenario-

based hydrological analyses in data-scarce, monsoon-influenced regions.
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Figure 6. Calibration (July 2009—December 2012) and validation (January 2012—December 2015)
of the HEC-HMS model for the Malwathu Oya River Basin.

4.3.2 HEC-HMS model simulation for future SSP scenarios
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Figure 7 illustrates the annual average inflow to the Nachchaduwa Reservoir under both historical
and future climate scenarios. The historical period exhibits higher interannual variability compared
to the projected scenarios. Under the SSP2-4.5 scenario, the near-future period (2025-2049) shows
a slight reduction in annual inflows relative to the historical baseline, while the mid-future period
(2050-2075) displays minor declines in certain years, indicating moderate climate-induced
variations. Overall, inflows under SSP2-4.5 are projected to decrease by approximately 1.83% in
the near-future and 0.53% in the mid-future. In contrast, the SSP5-8.5 scenario indicates a notable
increase in near-future inflows, followed by enhanced variability during the mid-future, with
overall increases of 5.85% and 23.29%, respectively. These results suggest that future changes in
temperature and precipitation patterns could significantly influence river discharge, potentially
leading to greater hydrological variability and posing challenges for reservoir operation and water

resource management under changing climate conditions.
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Figure 7. Annual average reservoir inflow in Nachchaduwa Reservoir under historical conditions
and projected SSP2-4.5 and SSP5-8.5 scenarios for the near-future (2025-2049) and mid-future
(2050-2075).

Figure 8 presents the average monthly streamflow of the reservoir throughout the year, from
January to December. The observed fluctuations indicate that reservoir inflows closely follow the
seasonal precipitation pattern, with peak flows occurring during the monsoon months. The overall
pattern resembles the historical trend, characterized by high flow in January, a sharp decline
between February and April, relatively low and stable flow from May to September, and a
substantial increase beginning in October, peaking around November or December. Under the

SSP5-8.5 scenario, greater monthly fluctuations are evident, with higher peak flows during wet
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months and more pronounced reductions during dry months compared to SSP2-4.5, suggesting
increased seasonal variability. The percentage change relative to historical conditions indicates
that the largest positive deviations occur during peak inflow months (November to February),
while the most significant reductions appear during the dry season (March to May and July to
September). These findings imply that climate change may intensify intra-annual variability in
reservoir inflows, potentially influencing water availability and necessitating adaptive

management strategies for sustainable reservoir operation.
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Figure 8. Reservoir inflows (a) Monthly fluctuations and (b) Percentage change in simulated
inflows from baseline for SSP2-4.5 and SSP5-8.5 under near-future (2025-2049) and mid-future
(2050-2075).
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4.4. HEC-ResSim modelling of the Nachchaduwa reservoir

Figure 9 compares the observed and simulated reservoir performance, depicting both release and
water level dynamics during the calibration period (July 2009—December 2014) and the validation
period (January 2016—December 2021). Figure 9 illustrates the model’s ability to replicate
temporal variations in reservoir releases and water levels under real hydrological conditions.
During both periods, the simulated releases closely follow the observed hydrograph, successfully
representing peak flows and seasonal fluctuations. Similarly, the simulated water levels exhibit
patterns that generally align with observed levels, with a slightly better agreement than that
observed for release patterns. The deviations between simulated and observed water levels are
likely attributed to unplanned or emergency reservoir operations at Nachchaduwa, which deviated
from standard operating procedures. Overall, the results indicate that the reservoir model performs
reasonably well in reproducing both releases and storage dynamics. Yassin et al. (2019) also noted
that challenges in reservoir modeling can often lead to discrepancies in simulation results,

emphasizing that water level dynamics typically have a greater influence on overall model
performance than reservoir release.
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Figure 9. Observed and simulated reservoir performance during calibration (2009 — 2014) and
validation periods (2016 — 2021) for (a) Reservoir release, and (b) Reservoir water level

parameters.

HEC-ResSim reservoir performance was evaluated using performance indices, including the NSE,
R, and KGE, with the results tabulated in Table 6. The reservoir model demonstrated satisfactory
performance during both calibration and validation periods, according to Moriasi et al. (2007). For
reservoir releases, the NSE values were 0.63 during calibration and 0.77 during validation,
indicating that the model can explain over 60% of the variance in observed flows (Figure 9). The
KGE values of 0.61 and 0.66 for calibration and validation, respectively, suggest satisfactory
performance. This implies that the model reasonably captures the overall trends and variability of
observed releases, although some deviations in the magnitude or timing of peaks are present.
According to Moriasi et al. (2007), KGE values in the range of 0.6-0.7 are considered satisfactory,
showing that the model is suitable for evaluating general reservoir behaviour. Meanwhile, the
correlation coefficients of 0.85 and 0.93 for calibration and validation confirm a strong
relationship. For reservoir water levels, NSE values are acceptable at 0.64 (calibration) and 0.62
(validation), with KGE values of 0.84 and 0.74, respectively, and R values of 0.84 and 0.81. This

indicates that the model parameters are reasonable and the results are reliable.

Table 6 HEC-ResSim reservoir model performance during calibration and validation.

Index Calibration Validation

Release Water level Release Water level
Nash Sutcliffe Efficiency | 0.63 0.64 0.77 0.62
Kling-Gupta Efficiency | 0.61 0.84 0.66 0.74
Coefficient of correlation | 0.85 0.84 0.93 0.81

4.5 Baseline and future trends of average seasonal irrigation water requirement using the

CROPWAT Model

Bias-corrected climate projections from CMIP6 GCMs, combined with the CROPWAT model,

were used to estimate average seasonal crop water and irrigation water requirements for the
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baseline period (2000-2022) and two future scenarios: SSP2-4.5 and SSP5-8.5. The resulting
monthly irrigation water requirement volumes, expressed in Million Cubic Metres (MCM), are
summarized in Table 7 for each scenario, including baseline, SSP2-4.5 near-future, SSP2-4.5 mid-
future, SSP5-8.5 near-future, and SSP5-8.5 mid-future. The analysis shows that irrigation demand
varies across months and scenarios, with the highest requirements from April to October, peaking
in June and July due to low rainfall. Conversely, the lowest demands are in November and
December, coinciding with the start of the monsoon. Although the SSP scenarios generally follow
similar seasonal patterns to the baseline, slight variations in monthly IWR reflect the impacts of

projected climate changes under different socio-economic pathways.

Table 7 Irrigation water requirement for different Scenarios

Irrigation water requirement volume in MCM/month
Months Baseline SSP2-4.5 SSP2-4.5 SSP5-8.5 SSP5-8.5
(1988 —2014) | near-future | mid-future near-future | mid-future
(2024 — 1 (2050 — | (2024 — 1 (2050 -
2049) 2075) 2049) 2075)
Jan 1.80 0.76 0.91 0.61 0.61
Feb 1.22 1.64 1.65 1.37 1.37
Mar 2.36 3.34 3.35 3.04 3.65
Apr 6.64 10.15 10.45 10.60 10.89
May 7.08 10.80 10.65 10.64 11.25
Jun 7.73 9.86 10.01 10.15 10.15
Jul 7.42 10.04 10.65 10.50 10.95
Aug 6.07 8.82 8.97 8.97 8.97
Sep 1.63 2.35 2.36 2.35 2.35
Oct 6.412 10.49 9.58 9.88 9.43
Nov 0 0 0 0 0
Dec 0.11 0 0 0 0
Note: MCM — Million Cubic Meter
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Figure 10 illustrates the seasonal variations in ET, under historical and future climate scenarios,
highlighting potential shifts in evaporative demand driven by climate change. The monthly ET,
exhibits a clear seasonal pattern, with higher values during the dry months and lower values during
the wet season. Future projections indicate an overall increase in ET, compared to the historical
baseline, with the most pronounced rises occurring in the mid-future period under both SSP
scenarios. Near-future projections for SSP2-4.5 and SSP5-8.5 show moderate increases,
suggesting intensified evaporative demand across the basin. The historical average ET, is 4.9
mm/day, rising to 4.98-5.08 mm/day under SSP2-4.5 and 5.0-5.16 mm/day under SSP5-8.5.
Across all scenarios, ET, values range from 3.50 mm/day to 6.5 mm/day, with the highest
evapotranspiration occurring in June (6.08—6.30 mm/day) and the lowest in December (3.62-3.74
mm/day). Higher ET, under SSP5-8.5 is attributed to projected increases in both minimum and
maximum temperatures. These results indicate that climate warming may elevate crop water
demand and influence reservoir management, particularly during peak dry periods, underscoring

the need for adaptive water resource planning.
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Figure 10. Monthly variation of ET, under historical (1988-2015) conditions and projected future
climate scenarios: SSP2-4.5, SSP5-8.5 under near-future (2025-2049) and mid future (2050—
2075).

4.6 Estimation of reservoir performance indices

The RRV framework was employed to assess reservoir performance, with the computed reliability,

resilience, and vulnerability indices under different scenarios presented in Figure 11. During the
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historical period, the reservoir reliability is 0.69. Under the SSP2-4.5 scenario, reliability slightly
decreases to 0.68 in the near-future and remains at 0.63 in the mid-future. For the SSP5-8.5
scenario, reliability declines further to 0.61 in the near-future and 0.60 in the mid-future, indicating
a marginal reduction in the reservoir’s ability to meet water demand under more extreme climate
conditions. Resilience, reflecting the reservoir’s capacity to recover from failures, is estimated at
0.53 under SSP2-4.5, increasing slightly to 0.59 in the near-future, then decreasing to 0.51 under
SSP5-8.5 in the mid-future. Vulnerability, representing the severity of water shortages when they
occur, is lowest during the baseline (0.13) and rises to 0.13, 0.20, 0.23, and 0.28 for SSP2-4.5 near-
future, SSP2-4.5 mid-future, SSP5-8.5 near-future, and SSP5-8.5 mid-future, respectively.

In addition to the RRV parameters, the RSI was computed for each scenario. Historical RSI is 0.32,
increasing slightly to 0.35 under SSP2-4.5 in the near-future before declining to 0.24 in the mid-
future. A similar trend is observed under SSP5-8.5, with near-future RSI slightly higher, indicating
more severe potential water shortages under extreme climate conditions. These results demonstrate
that reliability, resilience, and sustainability decline from SSP2-4.5 to SSP5-8.5, particularly under
high-emission pathways, while vulnerability increases. Overall, the findings suggest that the
reservoir may face unsustainable conditions under the SSP5-8.5 scenario compared to SSP2-4.5,

emphasizing the need for adaptive water management strategies.
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Figure 11. Reliability (Rel), Resiliency (Res), Vulnerability (Vul), and Reservoir Sustainability
Index (SI) under historical and future conditions for SSP2-4.5 and SSP5-8.5 scenarios, for near-

future (2025-2049) and mid-future (2050-2075).

5. Discussions
5.1. Importance of HEC-HMS model calibration and GCM Bias correction

Calibrating hydrological models in Sri Lanka is essential, especially given the anticipated impacts
of climate change. Kahaduwa and Rajapakse (2021) highlighted that variations in precipitation,
rising temperatures, and the increasing frequency of droughts and floods significantly affect water
resources, underscoring the need for accurate calibration and bias correction in future inflow
predictions. A 2020 study on village tanks reported substantial variability and low resilience,
emphasizing the importance of carefully simulating storage using observed data (Perera et al.,
2020). Therefore, applying bias correction to GCM outputs and rigorously calibrating streamflow
models are critical steps for generating reliable inflow projections for the Nachchaduwa Reservoir,

particularly when assessing future water resource reliability.
5.2. Historical performance and future challenges of Dry Zone reservoirs in Sri Lanka

Many small and medium-sized reservoirs in Sri Lanka have historically maintained reliable
operation; however, recent studies reveal vulnerabilities even in well-managed systems. Research
on village tanks indicates that while the reliability of water storage is moderate, resilience—the
capacity to recover from dry periods or failures—is relatively low, highlighting susceptibility to
climate variability and operational stresses (Perera et al., 2021). The Huruluwewa Irrigation
System demonstrates that adaptive management strategies, including optimized release regimes,
cropping patterns, and supplemental groundwater use, have been critical for sustaining water
supply reliability during drought years across two cropping seasons (Amarasinghe et al., 2021).
These findings suggest that although historical reliability metrics appear adequate, low resilience
and heightened vulnerability reveal underlying fragilities, which are important for benchmarking

Nachchaduwa Reservoir’s performance.

Projections for dry zone reservoirs in Sri Lanka indicate increasing risks to reliability under future

climate change. A study of village tank cascades shows that suitable areas for paddy cultivation

32



could decline by up to ~96% due to changes in water availability, reflecting reduced reliability and
greater irrigation deficits (Ratnayake et al., 2023). Kahaduwa and Rajapakse (2021) emphasize
that altered hydrological and precipitation patterns further complicate reservoir management.
Similarly, the Giritale Reservoir in the Polonnaruwa district demonstrates that shifts in rainfall and
temperature can substantially modify inflow and reservoir behavior, threatening future reliability
unless adaptation measures are implemented. Collectively, these studies indicate that
Nachchaduwa Reservoir is likely to experience decreased reliability under future climate
scenarios, particularly as seasonal variability, extreme weather events, and increased

evapotranspiration reduce water availability.
5.3 Status of Nachchaduwa reservoir reliability in future climate scenarios

The assessment of the Nachchaduwa Reservoir under future climate scenarios underscores the
challenges of maintaining irrigation water supply in Sri Lanka’s dry zones. Projected changes in
rainfall variability, combined with rising minimum and maximum temperatures (Tmin and Tmax),
are expected to impact reservoir inflows, consistent with observations in tropical monsoon-driven
catchments (Wijesekara et al., 2019; Gunawardhana & Kazama, 2011). Under the SSP2-4.5 and
SSP5-8.5 scenarios, inflow projections indicate both seasonal shifts and overall fluctuations in
annual water availability, resulting in lower reservoir reliability and increased irrigation deficits

during dry periods compared to the historical baseline.

Historically, the reservoir has provided water with moderate seasonal variability; however, future
climate projections suggest more erratic rainfall, shorter intense wet periods, and prolonged dry
spells. Such variability complicates management by causing increased spills during heavy rainfall
events and insufficient storage during dry periods, aligning with similar findings for reservoirs in
South and Southeast Asia under comparable emission pathways (Kumar et al., 2020; Pokhrel et
al., 2018). Simulations under future scenarios indicate declines in key performance indicators,
including reliability, resilience, and vulnerability. Reduced inflows during dry seasons, coupled
with increased evapotranspiration due to higher temperatures, exacerbate the mismatch between
water supply and irrigation demand, particularly during the Yala season when irrigation

requirements peak and natural inflows are minimal.

Resilience analysis shows that the reservoir’s ability to recover from droughts diminishes in mid-

and late-century projections, potentially leading to extended periods of stress that threaten crop
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productivity. Vulnerability increases, especially under SSP5-8.5, as elevated evapotranspiration
intensifies water scarcity. These findings highlight the need to reassess irrigation management
strategies under future climate conditions. Adaptive measures—such as crop diversification,
optimized water allocation rules, and the integration of supplementary groundwater resources—
could help mitigate increasing deficits. Previous studies demonstrate that incorporating climate
adaptation strategies into reservoir operations has been effective in other monsoon-fed systems

(Shrestha et al., 2014; Ehsani et al., 2017).
5.4 Adaptation strategies for climate change scenarios in Nachcaduwa reservoir

Adaptation strategies, such as enhancing water use efficiency, promoting crop diversification, and
integrating real-time reservoir operation models, could help mitigate some of the projected
impacts. Strengthening catchment conservation and exploring supplementary water sources,
including conjunctive use of groundwater, may further improve resilience to climate-induced
variability. It is also important to acknowledge the limitations of the current study, as uncertainties
in climate projections and hydrological modeling are inherent, particularly at the local scale. Future
research should incorporate stakeholder-driven scenario planning to better capture a range of

potential outcomes and guide adaptive management strategies.

Another key consideration is the potential for competing demands on the Nachchaduwa Reservoir,
including irrigation, fisheries, and domestic water supply, especially during drought periods. The
projected decline in sustainability indices under future scenarios indicates that existing operating
rules may no longer ensure adequate water reliability. Transitioning to a multi-objective
management approach that balances irrigation needs with ecological and livelihood requirements
is therefore essential. Overall, the study demonstrates that climate change is likely to significantly
reduce the reliability, resilience, and sustainability of the Nachchaduwa Reservoir for irrigation
purposes. These results underscore the urgent need for proactive adaptation measures, combining
both structural interventions and improved reservoir management, to safeguard agricultural

productivity and rural livelihoods in the Anuradhapura region.
6. Conclusions
The capacity of Nachchaduwa Reservoir to meet irrigation needs is likely to be affected by future

climate conditions unless proactive and integrated water management strategies are adopted. This
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study highlights the urgency of integrating climate resilience into irrigation planning and reservoir

operation frameworks in Sri Lanka. The key findings are summarized as follows:

e This study evaluated the Nachchaduwa reservoir's capacity to meet irrigation demands
under both past and future climate scenarios, utilising RRV metrics and the RSIL
Historically, the reservoir demonstrates moderate reliability and resilience, indicating
satisfactory past performance.

e Future precipitation is expected to increase compared to the baseline, with intensified
rainfall and more prolonged droughts. Both near and mid-term scenarios show rising
percentages, especially in SSP5-8.5, which predicts a sharp increase in mid-term rainfall.
Significant rises in Tmin and Tmax are observed, with mid-term minimum temperatures
increasing notably.

e Climate change affects streamflow variability and crop water demand under different SSP
scenarios. Both near- and mid-future scenarios predict increased crop water needs due to
higher temperatures and altered rainfall patterns.

e Future climate scenarios under SSP2-4.5 and SSP5-8.5 indicate declining reservoir
performance, with reduced reliability and resilience, increased vulnerability, lower RSI,

and greater water stress in Nachchaduwa reservoir.

This research shows RRV metrics and RSI are valuable for assessing reservoir performance amid
climate change. Results offer practical management insights, emphasising proactive adaptation
strategies to sustain irrigation water supply as climate variability increases. Measures like
optimised reservoir operation, water-saving irrigation, cropping adjustments, and tank cascade
restoration are key to minimising the climate change impacts on the performance of Nachchaduwa

reservoir.
Acknowledgements

This research was supported by the Organization for Women in Science for the Developing World
(OWSD) and the Swedish International Development Cooperation Agency (Sida).
Data Availability

The bias-corrected GCM data and hydrological data generated from this study are given in the
shared OneDrive cloud directory link as below

35



https://aitthai-
my.sharepoint.com/:f:/g/personal/st122532 ait ac th/EqiGonutWGBDorVNUT7dmXUBzsQLO

mzC7s_ RMS5_SallFVg2e=7NAV7t

Script Availability

The developed R scripts for GCM bias correction and Python scripts for projections are given in

the shared Onedrive cloud directory link as below,

https://aitthai-
my.sharepoint.com/:f:/g/personal/st122532 ait_ac_th/Ehx0v580F 1xOrKS 1ngzwCFMB9bYxco

WOQtkeZBupTkj0OIMw?e=ARM6pu

Conflict of Interest

There is no conflict of interest among the authors of this paper.

Reference

1. Abeywardana, N., Schiitt, B. Wagalawatta, T. Bebermeier, W., 2019. Indigenous agricultural
systems in the dry zone of Sri Lanka: Management transformation assessment and
sustainability, Sustainability, 11, 910.

2. Amarasinghe, U. A., 2021. Adaptation to climate variability in Sri Lanka: A case study of the
Huruluwewa irrigation system in the dry zone. International Water Management Institute
(IWMI) Working Paper 200. https://www.iwmi.org/publications/working-papers/iwmi-
working-paper-200/

3. Anil, S., Manikanta, V., Pallakury, A. R., 2021. Unravelling the influence of subjectivity on
ranking of CMIP6 based climate models: A case study. International Journal of Climatology,
41(13), 5998-6016. https://doi.org/10.1002/joc.7164

4. Ansari, S., Kumar, M., Singh, R., 2023. Application of HEC-HMS for hydrological modeling
in river basins: A review. Environmental Modelling & Software, 165, 105456.
https://doi.org/10.1016/j.envsoft.2023.105456

5. Atique, L., Mahmood, 1., 2014. Disturbances in atmospheric radiative balance due to
anthropogenic activities and its implications for climate change. AEJAES, 14(1), 473-478.
https://doi.org/10.5829/idosi.aejaes.2014.14.01.473

36


https://aitthai-my.sharepoint.com/:f:/g/personal/st122532_ait_ac_th/EqiGonutWGBDorVNUT7dmXUBzsQL0mzC7s_RM5_Sa1IFVg?e=7NAV7t
https://aitthai-my.sharepoint.com/:f:/g/personal/st122532_ait_ac_th/EqiGonutWGBDorVNUT7dmXUBzsQL0mzC7s_RM5_Sa1IFVg?e=7NAV7t
https://aitthai-my.sharepoint.com/:f:/g/personal/st122532_ait_ac_th/EqiGonutWGBDorVNUT7dmXUBzsQL0mzC7s_RM5_Sa1IFVg?e=7NAV7t
https://aitthai-my.sharepoint.com/:f:/g/personal/st122532_ait_ac_th/Ehx0v58oF1xOrKS1nqzwCFMB9bYxcoWQtkgZBupTkj0lMw?e=ARM6pu
https://aitthai-my.sharepoint.com/:f:/g/personal/st122532_ait_ac_th/Ehx0v58oF1xOrKS1nqzwCFMB9bYxcoWQtkgZBupTkj0lMw?e=ARM6pu
https://aitthai-my.sharepoint.com/:f:/g/personal/st122532_ait_ac_th/Ehx0v58oF1xOrKS1nqzwCFMB9bYxcoWQtkgZBupTkj0lMw?e=ARM6pu

10.

11.

12.

13.

14.

15.

Awal, R., Fares, A., Bayabil, H., 2018. Assessing potential climate change impacts on irrigation
requirements of major crops in the Brazos headwaters basin, texas. Water, 10(11), 1610.
https://doi.org/10.3390/w10111610

Baghel, T., Babel, M. S., Shrestha, S., Salin, K. R., Virdis, S. G., Shinde, V. R., 2022. A
generalized methodology for ranking climate models based on climate indices for sector-
specific studies: An application to the Mekong sub-basin. Science of The Total Environment,
829, 154551. https://doi.org/10.1016/j.scitotenv.2022.154551

Bebermeier, W., Meister, J., Withanachchi, C.R., Middelhaufe, 1., Schiitt, B., 2017.Tank
cascade systems as a sustainable measure of watershed management in South Asia. Water, 9,
231.

Bhatt, J. R., Soni, P., Yadav, R., 2019. Assessment of climate change impacts on crop
productivity in the Indo-Gangetic Plains of India. Environmental Science and Pollution
Research, 26(6), 5676—5687. https://doi.org/10.1007/s11356-019-04377-2

Chandimala, J., Zubair, L., 2007. Predictability of stream flow and rainfall based on ENSO for
water resources management in Sri Lanka. Journal of Hydrology, 335(3-4), 303-312.
https://doi.org/10.1016/j.jhydrol.2006.11.024

Chaves, H. M. L., da Silva, C. C., Fonseca, M. R. S., 2023. Reservoir Reliability as Affected
by Climate Change and Strategies for Adaptation. Water, 15(13), 2323.
https://doi.org/10.3390/w15132323

Chen, J., Brissette, F. P., Chaumont, D., Braun, M., 2011a.Performance and uncertainty
evaluation of empirical downscaling methods in quantifying the climate change impacts on
hydrology over two North American river basins. Journal of Hydrology, 398(3—4), 294-302.
https://doi.org/10.1016/j.jhydrol.2010.12.028

Chen, J., Brissette, F. P., Leconte, R., 2011b. Uncertainty of downscaling method in quantifying
the impact of climate change on hydrology. Journal of Hydrology, 401(3—4), 190-202.
https://doi.org/10.1016/j.jhydrol.2011.02.020

Chow, V. T., Maidment, D. R., Mays, L. W., 1988. Applied Hydrology (2nd ed.). McGraw-
Hill.

Chowdhury, S., Al-Zahrani, M., Abbas, A., 2016. Implications of climate change on crop water
requirements in arid region: An example of Al-Jouf, Saudi Arabia. Journal of King Saud

University — Engineering Sciences, 28, 21-31. https://doi.org/10.1016/j.jksues.2013.11.001

37



16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Clift, P.D. Plumb, R.A., 2008. The Asian Monsoon: Causes, History and Effects; Cambridge
University Press: Cambridge, UK.

Cramer, W., 2014. Climate change 2014: Impacts, adaptation, and vulnerability. Working
Group II contribution to the IPCC 5th assessment report. Cambridge University Press.
Department of Meteorology, 1969. Climatological normals of Sri Lanka (1931-1960).
Colombo: Department of Meteorology, Ministry of Communications, Sri Lanka.

Department of Agriculture, Sri Lanka., 2019. National guidelines for climate-smart agricultural
technologies and practices for the dry and intermediate zones of Sri Lanka: Key challenges
faced by Sri Lanka’s agriculture sector with special reference to Malwathu Oya, Mi Oya, and
Yan Oya river basins,21-45. Department of Agriculture, Sri Lanka.

De Silva, C. S., Perera, L. C., Gunawardena, A., 2014. Parameterization of hydrological
processes for rainfall-runoff modeling in tropical catchments. Hydrological Sciences Journal,
59(7), 1352—-1367. https://doi.org/10.1080/02626667.2013.867795

Ehsani, N., Nazemi, A., Shiklomanov, A., 2017. Incorporating climate adaptation strategies in
reservoir operation under changing hydroclimatic conditions. Journal of Water Resources
Planning and Management, 143(4), 04016091. https://doi.org/10.1061/(ASCE)WR.1943-
5452.0000712

Espanmanesh, V., Guilpart, E., Bourgault, M.A., Tilmant, A., 2024. Adapting reservoir
operation to climate change in regions with long-term hydrologic persistence. Climate Risk
Management, 45, 100623. https://doi.org/10.1016/j.crm.2024.100623

Eyring, V., Bony, S., Meehl, G. A., Senior, C. A., Stevens, B., Stouffer, R. J., Taylor, K. E.,
2016. Overview of the Coupled Model Intercomparison Project Phase 6 (CMIP6) experimental
design and organization. Geoscientific Model Development, 9(5), 1937-1958.
https://doi.org/10.5194/gmd-9-1937-2016

FAO, 2011. Irrigation in Southern and Eastern Asia in Figures: AQUASTAT Survey-2011.
Water Reports. Food and Agriculture Organization of the United Nations (FAO).

Feldman, A. D., 2000. HEC-HMS technical reference manual. U.S. Army Corps of Engineers,
Hydrologic Engineering Center.

Ficklin, D. L., Abatzoglou, J. T., Novick, K. A., 2018. A new perspective on climate change
impacts on water, food, and energy security. Environmental Research Letters, 13(10), 104003.

https://doi.org/10.1088/1748-9326/aad9%e6

38



27.

28.

29.

30.

31.

32.

33.

34.

35.

Field, C. B., Barros, V. R. (Eds.)., 2014. Climate Change 2014: Impacts, Adaptation, and
Vulnerability. Part A: Global and Sectoral Aspects. Contribution of Working Group II to the
Fifth Assessment Report of the Intergovernmental Panel on Climate Change. Cambridge
University Press. Retrieved from https://www.ipcc.ch/site/assets/uploads/2018/02/WGITARS-
FrontMatterA FINAL.pdf

Final Report, 2005. Opportunities to Improve Land and Water Management Practices in
Bhutan. Department of Agriculture, Bhutan. Retrieved from
https://www.aciar.gov.au/sites/default/files/2022-08/LWR-2007-212-final-report.pdf
Fordham, D. A., Wigley, T. L., Brook, B.W., 2011 Multi-model climate projections for
biodiversity risk assessments. Ecological Applications 21, 3316-3330. doi:10.1890/11-0314.1.
Guduru, P, Raju, B. S., Rao, D. V., 2023. Hydrologic modeling using HEC-HMS in semi-arid
catchments. Journal of Hydrology, 622, 127214.
https://doi.org/10.1016/j.jhydrol.2023.127214

Gunarathna, M. H. J. P., Kumari, M. K. N., 2014. Impact of sedimentation and aquatic weeds
on water availability of irrigation reservoirs in Sri Lanka. Tropical Agricultural Research,
26(1), 147—-157. https://doi.org/10.4038/tar.v2611.8073

Gunawardhana, L. N., Kazama, F., 2011. Assessing climate change impacts on hydrological
processes in Sri Lankan catchments. Hydrological Processes, 25(18), 2813-2824.
https://doi.org/10.1002/hyp.8040

Hashimoto, T., Stedinger, J. R., Loucks, D. P.,1982. Reliability, resiliency, and vulnerability
criteria for water resource system performance evaluation. Water Resources Research, 18(1),
14-20. https://doi.org/10.1029/WR0181001p00014

Hatfield, J.L., Antle, J., Garrett, K.A., [zaurralde, R.C., Mader, T., Marshall, E., Nearing, M.,
Robertson, G.P., Ziska, L., 2020. Indicators of climate change in agricultural systems. Clim.
Chang. 17191732 https://doi.org/10.1007/s10584- 018-2222-2

Hemanandhini, V., Rajkumar, R., 2023. Performance evaluation of CMIP6 climate models for
selecting a suitable GCM for future precipitation at different places of Tamil Nadu.
Environmental Monitoring and Assessment, 195(6), 754. https://doi.org/10.1007/s10661-023-
11454-9

39



36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

Heydari, M., Othman, F., Taghieh, M., 2016. Optimization of multiple and multipurpose
reservoir system operations by using matrix structure (Case study: Karun and Dez reservoir
dams). PLoS ONE, 11(6), e0156276. https://doi.org/10.1371/journal.pone.0156276

Hou, X., Zhang, L., Liu, Y., 2024. A 19852023 time series dataset of absolute reservoir storage
for 27,000 global lakes and reservoirs. Earth System Science Data, 16(4), 1235-1248.
https://doi.org/10.5194/essd-16-1235-2024

Izadi, A., Karimi, P., Ahmadi, M., 2024. Comparison of lumped and distributed HEC-HMS
modeling approaches for flood prediction. Water, 16(1), 101.
https://doi.org/10.3390/w16010101

IPCC, 2021. Climate Change 2021: The Physical Science Basis. Contribution of Working
Group I to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change,
Cambridge University Press.

Johnson, F., Sharma, A., 2011. A nesting model for bias correction of variability at multiple
time scales in GCM precipitation simulations. Water Resources Research, 47(2), W02518.
https://doi.org/10.1029/2010WR 009105

Kahaduwa, A. U., Rajapakse, L., 2021. Review of climate change impacts on reservoir
hydrology and long-term basin-wide water resources management. Hydrological Sciences
Journal, 66(1), 1-18. https://doi.org/10.1080/02626667.2021.1977908

Khadka, D., Babel, M. S., Abatan, A. A., Collins, M., 2022. An evaluation of CMIP5 and
CMIP6 climate models in simulating summer rainfall in the Southeast Asian monsoon domain.
International Journal of Climatology, 42(2), 1181-1202. https://doi.org/10.1002/joc.7296
Kirpich, Z.P. 1940., Time of concentration of small agricultural watersheds. Civil Engineering,
10(6), 362.

Kitamura, Y., 1990. Mechanism of the northeast monsoon over the Indochina Peninsula and
Thailand. Journal of the Meteorological Society of Japan, 68(5), 547-561.
https://doi.org/10.2151/jmsj1965.68.5 547

Knebl, M. R., Yang, Z. L., Hutchison, K., 2005. Regional scale hydrologic modeling using
HEC-HMS and GIS. Journal of Hydrology, 314(1-4), 20-45.
https://doi.org/10.1016/j.jhydrol.2005.03.012

40



46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Kumar, R., Babel, M. S., Shrestha, S., 2020. Climate change impacts on reservoir operation
and water availability in South and Southeast Asia. Journal of Hydrology: Regional Studies,
31, 100738. https://doi.org/10.1016/j.ejrh.2020.100738

Lamboll, R., Stathers, T., Morton, J., 2017. Climate change and agricultural systems. In:
Agricultural Systems: Agroecology and Rural Innovation for Development, 2 ed. Elsevier, pp.
441-490. https://doi.org/10.1016/B978-0-12-802070-8.00013-X.

Lai, S., Lei, X., Ruan, Y., Sun, G.,Xing, Z., 2022. Flood season staging and adjustment of
limited water level for a multi-purpose reservoir: Longtan Reservoir, China. Water, 14(5), 775.
https://doi.org/10.3390/w14050775

Lin, C.-Y.,Tung, C.-P.,, 2017. Procedure for selecting GCM datasets for climate risk
assessment.  Terrestrial, ~Atmospheric and Oceanic  Sciences, 28(1), 43-55.
https://doi.org/10.3319/TA0O.2016.06.14.0

Loucks, D. P, 1997. Quantifying trends in system sustainability. Hydrological Sciences
Journal, 42(4), 513-530. https://doi.org/10.1080/02626669709492013

Macadam, L., Pitman, A. J., Whetton, P. H., Abramowitz, G., 2010. Ranking climate models by
performance using actual values and anomalies: implications for climate change impact
assessments. Geophysical Research Letters 37, L16704. doi:10.1029/2010GL043877.

Mall, R. K., Gupta, A., Sonkar, G., 2017. Effect of climate change on agricultural crops. In
Current Developments in Biotechnology and Bioengineering: Crop Modification, Nutrition,
and Food Production, 23—46. Elsevier. https://doi.org/10.1016/B978-0-444-63661-4.00002-5
Madduma Bandara, C.M., 1985. Catchment ecosystems and village tank cascades in the dry
zone of Sri Lanka a time-tested system of land and water resource management. In: Lundqvist,
J., Lohm, U., Falkenmark, M. (Eds.), Strategies for River Basin Management. The GeoJournal
Library, vol. 6. Springer, Dordrecht, pp. 99—113. https://doi.org/10.1007/978-94-009-5458-
8 11.

McMahon, T. A., Finlayson, B. L., Delleur, J. W., 2006. Water resources planning and
management: Sustainability, efficiency, and equity. Cambridge University Press.

Melkamu, T. A., Negash, W. A., Abdella, K. M., 2017. Assessment of the impacts of climate
change on Gibe-III reservoir using reliability, resilience, and vulnerability (RRV) indices.

Scientific Engineering Research, 8(10), 1606—1628.

41



56.

57.

58.

59.

60.

61.

62.

63.

64.

Mohan, S., Ramsundram, N. 2014., Climate change and its impact on irrigation water
requirements on temporal scale. Irrigation & Drainage Systems Engineering, 3(1), 1-8.
https://doi.org/10.4172/2168-9768.1000118

Mohan, R., Bhaskaran, P. K., 2019. Evaluation and bias correction of global climate models in
the CMIPS5 over the Indian Ocean region. Environmental Monitoring and Assessment, 191(11),
688. https://doi.org/10.1007/s10661-019-7700-0

Moriasi, D. N., Gitau, M. W,, Pai, N., Daggupati, P., 2007. Model evaluation guidelines for
systematic quantification of accuracy in watershed simulations. Transactions of the ASABE,
50(3), 885-900. https://doi.org/10.13031/2013.23153

Muhammad, M. K. L., Nashwan, M. S., Shahid, S., Ismail, T., Song, Y. H., Chung, E. S., 2019.
Evaluation of empirical reference evapotranspiration models using compromise programming;:
A case study of Peninsular Malaysia.  Sustainability, 11(16), 4267.
https://doi.org/10.3390/sul1164267

Murray, F., 2004. Potential for Aquaculture in Community-Managed Irrigation Systems of the
Dry-Zone, Sri Lanka: Impacts on Livelihoods of the Poor. Ph.D. Thesis, University of Stirling,
Stirling, UK,

Naveendrakumar, G., Vithanage, M., Kwon, H.H., Igbal, M.C.M., Pathmarajah, S.,
Obeysekera, J., 2018. Five Decadal Trends in Averages and Extremes of Rainfall and
Temperature in Sri Lanka. Adv. Metrol. 2018.

Ministry of Agriculture, Livestock Development, Irrigation, Fisheries and Aquatic Resources
Development, 2019. National guidelines for climate-smart agricultural technologies and
practices. United Nations Development Programme (UNDP).

Olukanni, D. O., Adejumo, T. A., Salami, A. W., Adedeji, A. A., 2018. Optimization-based
reliability of a multipurpose reservoir by Genetic Algorithms: Jebba Hydropower Dam,
Nigeria. Cogent Engineering, 5(1), 1438740. https://doi.org/10.1080/23311916.2018.1438740
Perera, K. T. N., Wijayaratna, T. M. N., Jayatillake, H. M., Manatunge, J. M. A., 2021.
Framework for the sustainable development of village tanks in cascades as an adaptation to
climate change and for improved water security, Sri Lanka. Water Policy, 23(3), 537-552.
https://doi.org/10.2166/wp.2021.262

42



65.

66.

67.

68.

69.

70.

71.

72.

73.

Perez-Verdin, G., Monarrez-Gonzalez, J. C., Tecle, A., Pompa-Garcia, M., 2018. Evaluating
the multi-functionality of forest ecosystems in northern Mexico. Forests, 9(4), Article 178.
https://doi.org/10.3390/f9040178

Pokhrel, Y. N., Hanasaki, N., Kanae, S., 2018. Impacts of climate variability and change on
reservoir inflows in South and Southeast Asia. Water Resources Research, 54(6), 4025-4046.
https://doi.org/10.1029/2017WR021741

Pradhan, P., Shrestha, S., Mohana Sundaram, S., Virdis, S. G. P., 2021. Evaluation of the
CMIPS5 general circulation models for simulating the precipitation and temperature of the
Koshi River Basin in Nepal. Journal of Water and Climate Change, 12(7), 3282-3296.
https://doi.org/10.2166/wcc.2021.124

Ratnayake, S. S., Reid, M., Larder, N., Kadupitiya, H. K., Hunter, D., Dharmasena, P. B.,
Kumar, L., Kogo, B., Herath, K., Kariyawasam, C. S., 2023. Impact of climate change on
paddy farming in the village tank cascade systems of Sri Lanka. Sustainability, 15(12), 9271.
https://doi.org/10.3390/su15129271

Riahi,, K., van Vuuren, D. P., Kriegler, E., Edmonds, J., O’Neill, B. C., Fujimori, S., Bauer, N.,
Calvin, K., Dellink, R., Fricko, O., Lutz, W., Popp, A., Cuaresma, J. C., K¢, S., Leimbach, M.,
Jiang, L., Kram, T., Rao, S., Emmerling, J., ... Tavoni, M., 2017. The shared socioeconomic
pathways and their energy, land use, and greenhouse gas emissions implications: An overview.
Global Environmental Change, 42, 153—168. https://doi.org/10.1016/j.gloenvcha.2016.05.009
Ringuest, J. L., Ringuest, J. L., 1992. Compromise programming. Multiobjective optimization:
behavioral and computational considerations, 51-59. DOI: 10.1007/978-1-4615-3612-3 4
Salwey, S., Coxon, G., Pianosi, F., Lane, R., Hutton, C., Bliss Singer, M., McMillan, H., 2024.
Developing water supply reservoir operating rules for large-scale hydrological modelling.
Hydrology and Earth System Sciences, 28, 4203—4218. https://doi.org/10.5194/hess-28-4203-
2024

Salazar, J. F., Molina, R. D., Zuluaga, J. 1., Gomez-Velez, J. D., 2024 . Wetting and drying
trends in the land—atmosphere reservoir of large basins around the world. Hydrology and Earth
System Sciences, 28, 2919-2947. https://doi.org/10.5194/hess-28-2919-2024

Sandoval-Solis, S., McKinney, D. C., Loucks, D. P., 2011. Sustainability index for water
resources planning and management. Journal of Water Resources Planning and Management,

137(5), 381-390. https://doi.org/10.1061/(ASCE)WR.1943-5452.0000122

43



74.

75.

76.

77.

78.

79.

80.

81.

82.

Seneviratne, S. 1., Nicholls, N., Easterling, D., Goodess, C. M., Kanae, S., Kossin, J., Zhang,
X., 2012. Changes in climate extremes and their impacts on the natural physical environment.
In C. B. Field et al. (Eds.), Managing the Risks of Extreme Events and Disasters to Advance
Climate Change Adaptation, 109-230. Cambridge University Press.

Shahid, S., 2011. Trends in extreme rainfall events of Bangladesh. Theoretical and Applied
Climatology, 104, 489—499. https://doi.org/10.1007/s00704-010-0363-y

Shanmugam, S., Rajkumar, R., Hemanandhini, V., 2023. Lapse rate-adjusted bias correction
for CMIP6 GCM precipitation data: An application to the Monsoon Asia Region.
Environmental Monitoring and Assessment, 195(10), 1017. https://doi.org/10.1007/s10661-
023-12187-5

Shiru, M. S., Chung, E.S., 2021. Performance evaluation of CMIP6 global climate models for
selecting models for climate projection over Nigeria. Theoretical and Applied Climatology,
146, 599-615. https://doi.org/10.1007/s00704-021-03746-2

Shrestha, S., Babel, M. S., Perret, S. R., 2014. Climate change impact assessment on reservoir
operation and water management in monsoon-driven catchments. Hydrological Processes,
28(19), 5446-5460. https://doi.org/10.1002/hyp.10267

Shrestha, R. R., Cannon, A. J., Hoffman, S., Whibley, M., Lima, A., 2025. Benchmarking
historical performance and future projections from a large-scale hydrologic model with a
watershed hydrologic model. Hydrology and Earth System Sciences, 29, 2881-2900.
https://doi.org/10.5194/hess-29-2881-2025

Sok, S., Oeurng, C., 2016. Application of the Simple Canopy model for simulating vegetation—
water interactions in tropical catchments. Hydrological Processes, 30(10), 1682—1694.
https://doi.org/10.1002/hyp.10723

Sreelatha, K., Anand Raj, P., 2019. Ranking of CMIP5-based global climate models using
standard performance metrics for Telangana region in the southern part of India. ISH Journal
of Hydraulic Engineering 1-10. https://doi.org/10.1080/09715010.2019.1634648.

Srivastava, A., Grotjahn, R., Ullrich, P. A., 2020. Evaluation of historical CMIP6 model
simulations of extreme precipitation over contiguous US regions. Weather and Climate

Extremes, 29, 100268. https://do.org/10.1016/j.wace.2020.100268

44



83.

&4.

85.

86.

87.

88.

9.

90.

91.

92.

Sun, Q., Miao, C., Duan, Q., 2015. Comparative analysis of CMIP3 and CMIP5 global climate
models for simulating the daily mean, maximum, and minimum temperatures and daily
precipitation over China. Journal of Geophysical Research: Atmospheres 120,4806—4824.
UN-Water, 2020. United Nations World Water Development Report 2020: Water and climate
change. UNESCO. https://en.unesco.org/themes/water-security/wwap/wwdr

Wang, L., Zhang, Y., Li, Q., 2021. Regional water supply capacity assessment in different
climate scenarios: A case study of Chuxiong, China. Journal of Hydrology, 602, 126—139.
https://doi.org/10.1016/j.jhydrol.2021.126139

Wang, C., Shi, X., Mao, J., Zhang, Y., 2024. Historical and projected future runoff over the
Mekong River basin. Earth System Dynamics, 15(1), 75-90. https://doi.org/10.5194/esd-15-
75-2024

Wijesekara, H. W., Pathirana, A., Harada, K., 2019. Impact of climate variability on reservoir
inflows in tropical monsoon-driven catchments. Hydrological Sciences Journal, 64(12), 1457—
1471. https://doi.org/10.1080/02626667.2019.1648112

Wu, W, Li, Y., Luo, X., Zhang, Y., Ji, X., Li, X., 2019. Performance evaluation of the CHIRPS
precipitation dataset and its utility in drought monitoring over Yunnan Province, China.
Geomat. Nat. Hazards Risk, 10, 2145-2162.

Yassin, F., Hidayat, N., Nugroho, D., 2019. Evaluation of reservoir modeling approaches and
their impact on water level simulation. Journal of Hydrology, 574, 1038-1050.
https://doi.org/10.1016/j.jhydrol.2019.05.012

Yatagai, A., Kamiguchi, K., Arakawa, O., Hamada, A., Yasutomi, N., Kitoh, A., 2012.
APHRODITE: Constructing a Long-Term Daily Gridded Precipitation Dataset for Asia Based
on a Dense Network of Rain Gauges. Bull. Am. Meteorol. Soc. 93, 1401-1415.
https://doi.org/10.1175/BAMS-D-11-00122.1

Yoshinobu Kitamura, technical Bulletin of the Tropical Agriculture Research Center, N0.27,
Management of irrigation systems for rice double cropping culture in the tropical monsoon
area, Tropical Agriculture Research Center.

Zubair, L., Rao, S. A., Yamagata, T.,2003. Modulation of Sri Lankan Maha rainfall by the
Indian Ocean Dipole. Geophysical Research Letters, 30(2), 1063.
https://doi.org/10.1029/2002GL015639

45



93. Zubair, L., Ropelewski, C. F., 2006. The strengthening relationship between ENSO and
northeast monsoon rainfall over Sri Lanka and southern India. Journal of Climate, 19(8), 1567—
1575. https://doi.org/10.1175/JCLI3670.1

94. Zubair, L., Siriwardhana, M., Chandimala, J., Yahiya, Z., 2008. Predictability of Sri Lankan
rainfall based on ENSO. International Journal of Climatology, 28(1), 91-101.
https://doi.org/10.1002/joc.1528

46



