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Study on Climate Elasticity of Runoff in Kirindi 

Oya and Maduru Oya Basins in Sri Lanka 
 

 

 

   

Abstract—Water management decisions commonly depend 

on long-term precipitation trends, however, they are also 

affected by monthly to seasonal runoff variability and climate 

change impacts. A review summarizing the findings related to 

climate change impacts on runoff in the dry zone is carried out 

and presented in this article. This study is based on the climate 

elasticity of runoff in Kirindi Oya and Maduru Oya basins. 

Water scarcity as well as unpredictably of high-intensity rainfall 

events affect basin runoff generation. This paper used the HEC-

HMS model to analyse the basin response and non-parametric 

estimation of the elasticity of climate parameters to runoff for 

ensuring reliable future predictions using available limited data 

sources.  Hypothetical climate change scenarios have been used 

to study the relationship between runoff and climatic variables 

by comparing the change in runoff over a period for each 

parameter. The resulting analysis will provide further insights 

into the relative benefits of investments toward improving 

runoff monitoring versus improved climate forecasting. 
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I. INTRODUCTION  

There is a prevailing notion that climate has changed at an 

unprecedented rate over the past decades. According to the 

global scale, climate change is the primary cause of changes 

in runoff. In other words, climate plays an important role in 

hydrological processes on various scales [1]. Climate 

elasticity is defined as the proportion of the change in the 

runoff due to the change in climate variables. The most 

common climate variables are precipitation, temperature, 

relative humidity, wind speed, evaporation, absolute vapour 

pressure, and sunshine hours [1]. 

The dry zone basins in the country are the most vulnerable 

areas to climate change impacts. Most of the catchments in 

this area are not hydrologically climate resilient. Therefore, 

with the uncertainty of rainfall patterns, the variability in river 

discharges is generally very high especially due to the heavy 

amount of precipitation in the dry zone within a short time 

interval. It causes unmanageable excessive runoff 

unexpectedly frequently causing severe floods. Hydrological 

model simulations incorporating the probable variation of 

climate parameters can be used effectively in decreasing the 

uncertainty of the runoff generation which is a significant 

achievement intended through this research. 

II.  OBJECTIVES 

A. Main Objective 

 Understanding the impact of projected climate variation 
on runoff generation due to variability in climate parameters 
such as precipitation, temperature, and evaporation, and 
quantifying the probable impact on river discharge in river 

basins in the dry zone and finding the dominating climate 
variables that cause runoff deviation. 

B.  Specific Objectives 

• To identify the climate parameters that affect water 

resources and enhance the understanding of the 

impact of climate variation on water resources, 

• To signify the rainfall-runoff relationship in the dry 

zone basins and  recognize future scenarios, and 

• To understand the present situation of the basins and 

introduce a hydrological model for Kirindi Oya and 

Maduru Oya enabling reliable future forecasts. 

III. METHODOLOGY 

The study of previous models developed and applied 

in the dry zone based on a systematic literature survey was 

found to be very effective for introducing climate impacts. To 

simulate basin streamflow, the HEC-HMS (US ACE, USA) 

model was selected. The standard rainfall-runoff analysis, 

rainfall elasticity of streamflow analysis, and climate change 

scenario analysis were also considered. Fig.1 shows the 

methodology flowchart followed during this study. 

 
 Fig 1: Methodology flowchart 
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       Fig 2: Kirindi Oya Basin                      Fig 3: Maduru Oya Basin 

A. Study Area 

The Kirindi Oya river basin in the South-Eastern part of the 

dry zone of Sri Lanka flows from the medium range hills of 

the country to the Indian Ocean [12]. The river is 118 km long 

and the catchment area is 1,203 km2. The area of the 

Thanamlwila sub-basin is 686 km2. Maduru Oya river basin 

is another major stream located in the North Central province. 

The river is the 8th longest river in Sri Lanka. The catchment 

area is 1,481 km2 and the area of the Padiyatalawa sub-basin 

is 230 km2. Figs.1 and 2 show the layout of the subbasins with 

the area covered under this research study and the locations 

of the gauging stations. 

B. Data and Data Resolution  

Digital elevation model 30 m × 30 m DEM files were 

taken from Nasa Earth Data. Using ArcGIS, catchments were 

delineated for this study. Daily rainfall data for three rainfall 

gauging stations each for the Thanamlwila subbasin and 

Padiyatalwa subbasin were collected from the Metrological 

Department (Figs. 2 and 3). 

Padiyatalwa MOH and Thanamalwila streamflow data 

were taken as the outlet discharge of subbasins. The daily 

streamflow data were collected from the Irrigation 

Department. A total of 8-year and 15-year data sets were 

selected for Maduru Oya and Kirindi Oya streamflow 

analysis, respectively. Additionally, daily evaporation data 

for the study area were selected from the Agromet Division 

of the Metrological Department. 

TABLE I- STATION DENSITY INFORMATION 
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Gauge Type 

No. of 

Selected 

Stations 

WMO 

Standard 

(km2/station) 

Station 

Density 

(km2/station) 

Satisfied 

or Not 
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Rainfall 3 575 228.76 satisfied 

Streamflow 1 1,875 686.26 satisfied 

Evaporation 1 5,000 686.26 satisfied 
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Rainfall 3 575 76.94 satisfied 

Streamflow 1 1,875 230.84 satisfied 

Evaporation 1 5,000 230.84 satisfied 

TABLE I indicates the WMO guidelines that should be 

considered when selecting the stations in the sub-basins. 

C. Data Checking and Analysis 

Visual data checking, single mass curve and double mass 

curve were considered for preliminary data analysis in a 

catchment over a given period. After the visual observation, 

there were identified missing daily rainfall data. The WMO 

guidelines stipulate that the allowable missing rainfall data 

percentage needs to be less than 10% of the total data set [2]. 

This limit has not been exceeded in any rainfall station, 

hence the closet station patching method was selected as the 

data filling method. After plotting the single mass curves for 

each station, missing data were obtained from the gauging 

station which shows the same trend or that is located nearby 

to replace the missing data by using the following formula. 

𝑀𝑖𝑠𝑠𝑖𝑛𝑔 𝑑𝑎𝑡𝑎

(𝑆𝑡𝑎𝑡𝑖𝑜𝑛 𝐴)
= (

Slope of station A

Slope of station B
) ×

𝑅𝑎𝑖𝑛𝑎𝑙𝑙 𝑑𝑎𝑡𝑎
(𝑆𝑡𝑎𝑡𝑖𝑜𝑛 𝐵)

                (1)                                     

After replacing the missing data, double mass curves were 

plotted to analyse the consistency of the data. Thiessen 

average rainfall was calculated to derive the mean areal 

precipitation using the area proportion weights calculated 

using ArcGIS version 10.3 (ESRI Inc., USA) 

D. Selection of sub-basins 

Two major rivers in the dry zone, Kirindi Oya and 

Maduru Oya were selected for the analysis. Two upper 

catchments from each of the river basins were selected to 

compare model performance over the actual scenarios and 

verify whether the concept of elasticity analysis within the 

dry zone is applicable or not. Daily streamflow data are 

available in Padiyatalawa MOH (in Maduru Oya Basin) and 

Thanamalwila (in Kirindi Oya Basin) gauging stations. 

Hence, the sub-basin of Padiyatalawa from Maduru Oya 

catchment and Thanamalwila sub-basin from Kirindi Oya 

catchment were selected for the model development. 

E. Preliminary survey before model selection 

This research focuses on analysing the climate elasticity 

of streamflow using model generated future flows and 

observed data. The choice of a suitable model, parameters 

and methods is an important part of the research. The model 

selection depends on various criteria and the basin type and 

the objectives of the hydrological prediction in respective 

basins were the main criteria that have been considered. 

The following are the steps and basic rules and guidelines 

used as the model selection criteria. It provided an efficient 

way and guidance for opting for a reliable decision. 

• Define the problem 

• Determine what information is needed and what questions 

need to be answered 

• Availability of the data (metrological data, DEM data) 

• Select a model that is suitable for the problem rather than 

trying to fit the problem into a model  

• Required model outputs can achieve the objectives of the 

research and the subsequent study 

• Time constraints for the hydrological processes that need 

to be modelled 

F. Model selection 

After surveying several suitable models (HBV-96, HEC-

HMS, 2-P; i.e. Two parameter models) in the literature, the 

HEC-HMS version 4.1 (US ACE, USA) was selected to 

develop the hydrological model to estimate runoff elasticity 

to climate variables. In tandem with the above model 

selection steps, the most appropriate model was selected 

adhering to the steps that directly influenced the decision. 



G. HEC-HMS background 

The HEC-HMS hydrological model has been developed 

by the Hydrological Engineering Centre of the US Army 

Corps of Engineers. The model has several mathematical sub-

models which are used in the simulation of the rainfall-runoff 

process. A large number of data sets representing basin 

geographical conditions and time-series data are necessary 

for the calibration and validation process in the hydrological 

modelling of a catchment. Hence, the availability of limited 

observed data usually hinders modelling because data 

scarcity will impact the quality and certainty level of the 

model output. But HEC-HMS could be adopted for short term 

and long-term periods of rainfall-runoff simulation [5]. 

Further, it includes many of the well-known and well-

applicable hydrologic methods to be used in predicting runoff 

in river basins [2] and is freely available and user-friendly. 

The HEC-HMS User Manual depicts that there are six 

model components available from the component menu. But 

in this case, four model components have been used, namely,  

the Basin, Metrological, Control specification, and Time-

series data managers, with the following purposes. 

Basin model – To represent the physical characteristics of 

subbasin, reach, and junction components 

Metrological model - To define the metrological boundary 

conditions to the subbasin 

Control specification – To control the time duration of the 

simulation run by setting the start and end times 

Time series data – To input observed data such as streamflow, 

evapotranspiration, precipitation data, etc. 

1) Developing the basin model  

According to the WMO guidelines, it is recommended 

that the area extent covered by a single rain gauge station 

should not be larger than 575 km2 for better spatial 

representation of point rainfall data. Among the two sub-

basins selected, the Thanamalwila sub-basin was found to 

exceed this limit. Hence, the Thanamlwila sub-basin has been 

divided into three (3) further sub-basins to carry out the 

rainfall-streamflow simulation with additional rain gauge 

data for estimating Thiessen average rainfall. It was a semi-

distributed model which is less complicated. Padiyatalwa 

subbasin is smaller than the basin limit stipulated by the 

WMO guideline and therefore, the rainfall-runoff simulation 

was developed using a lumped model for this sub-basin. 

2) Developing the transform model 

Excess precipitation in the sub-basin was transformed 

into the direct runoff hydrograph using the transform model. 

Several elected parameters and the use of empirical equations 

were the backing criterion for the present study. To minimize 

the number of parameters and for lesser use of equations, the 

Clark unit hydrograph method was applied.  

3) Developing the loss model 

The soil moisture accounting method has been identified 

as the most appropriate and commonly used method as the 

main loss model considering several parameters including 

soil moisture content and applicability of continuous 

modelling as a criterion. This method is popular when 

continuous modelling of infiltration and evapotranspiration 

are undertaken [7]. The parameters needed for this method 

were determined by optimization and the main focus was on 

the more sensitive parameters which can change the statistical 

matching. However, the initial values were derived from the 

literature. The canopy method and surface method represent 

the losses that could take place in plant storage and through 

the surface. The simple canopy and surface methods were 

used because the lumped and pure/simple semi-distributed 

models were used in formulating the basin model. 

4) Developing the baseflow model 

Baseflow is a part of the streamflow that is not runoff, and 

it supplies water from the groundwater aquifers into the 

streamflow. Out of four sub-modules given in HEC-HMS, 

considering several parameters and soil moisture content as 

criteria, the recession baseflow model was selected. This 

method can be applied for continuous simulation, and it has 

produced the best fit against observation [6]. 

5) Developing the routing model 

The Muskingum routing method was selected after 

analysing the parameters, channel slope, and channel 

geometry as criteria. Water in the stream can travel 2 miles 

(3.22 km) per hour based on a rule of thumb in flat terrain. 

Hence, the K value of Muskingum has been calculated by 

dividing the reach length by flow velocity. Reach length was 

calculated using ArcGIS. No sub reaches were calculated by 

using simulation time as 24 hours. The routing method is 

needed for the Thanamlwila sub-basin only with one reach. 

TABLE II- ROUTING PARAMETERS OF THANAMALWILA WATERSHED 

Reach No. Length Muskingum (k) No. of Sub reaches 

Reach 1 10.27 km 3.19 hr 1 

 

6) Developing time-series data 

Daily streamflow data in respective basins from 

streamflow gauging stations (Thanamlwila, Padiyatalawa 

MOH), daily evaporation data (Thanamalwila, 

Girandurukotte stations) and Thiessen average rainfall based 

on gauge weight were used in the time series data manager. 

Thiessen polygons for the Thanamalwila watershed were 

created respectively for each sub-basin that was created in the 

basin model using the help of ArcGIS (ESRI, USA). 

Padiyatalwa watershed was taken as a lumped basin model, 

hence the Thiessen average rainfall was directly estimated 

using the available rainfall gauging stations. 

TABLE III- THIESSEN WEIGHTAGES FOR SELECTED BASINS 

Basin name 

Weightage 

Thanamlwila Wellawaya Bandaraeliya 

Thanam-

-alwila 

Basin 1 0.41 0.55 0.02 

Basin 2 0.11 0.70 0.18 

Basin 3 1.00 - - 

Padiyatawla 
Thissapura 

Giranduru 

-kotte WS 
Bibile Agri 

0.40 0.34 0.24 

7) Calibration of the Model 

Before applying the developed model for any practical 

simulation purpose, the model calibration and validation 

based on observed results are essential to establish model 

reliability. As a result, the model reliability and efficiency can 



be significantly improved by fine-tuning initial model 

parameters. The observed rainfall data and streamflow data 

for the selected stations were collected from the Metrological 

Department and Irrigation Department, respectively. Model 

results were checked according to the optimization of 

objective functions during the process. Parameters were 

optimized till the objective function’s statistical result 

achieved a satisfactory converging result. For this study, two-

thirds of the data series have been used. 

TABLE IV-DATA USED FOR CALIBRATION PERIOD 

Sub Basin Calibration Period 

Padiyathalawa From 2007-Oct-01 to 2012-Sep-30 

Thanamalwila From 2000-Oct-01 to 2010-Sep-30 

8) Validation of the Model 

To further ensure if the calibrated model has grasped 

basin specific characteristics and reproduces them adequately 

or not, the model needed to be verified. After calibrating the 

model with optimum parameters, the remaining time series 

data sets have been used in model validation. 

TABLE V- DATA USED FOR VALIDATION PERIOD 

Sub Basin Validation Period 

Padiytalawa From 2012-Oct-01 to 2015-Sep-30 

Thanamalwila From 2010-Oct-01 to 2015-Sep-30 

9) Objective Functions 

The objective functions were used to test the performance 

of the model in the calibration and validation within the 

adequate confidence level by matching the observed data and 

simulated data and optimizing the goodness of fit. After the 

model runs, the model with the best fitting hydrographs was 

checked using objective functions. Additionally, a sensitivity 

analysis was conducted to recognize parameter sensitivity. 

The selection criteria of the objective function were different 

concerning the objective of the study while in the dry zone 

basins, it was required to evaluate both low flows as well as 

high flows. Nash-Sutcliff and MRAE were used to match the 

peaks and matching the shape of the hydrograph. Annual 

mass balance error was used to estimate the deviation 

between the observed and simulated flows. 

TABLE VI- OBJECTIVE FUNCTIONS USED FOR MODEL OPTIMIZATION 

Objective 
Numerical 

Performance 

Measure 

Satisfying Limit 

Matching the shape of 

the hydrograph 

The mean relative 

absolute error 
(MRAE) 

Near to 0 

Matching peaks Nash-Sutcliff Should exceed 0.50 

Matching the observed 
data and predicted data 

R squared correlation 
(R2) 

Near to 1 

TABLE VI indicates the limitations and types of 

performance measure of the objective functions [7]. 

H. Rainfall Elasticity of Streamflow 

This study was carried out with a non-parametric 

estimator which is a simple and direct method but capable of 

adequately depicting the dependency of streamflow on 

climatic variables. Here, none of the parameters can be 

increased accordingly to the extent of the analysis part and 

the approach directly uses observed long-term metrological 

data to identify how the climate variables affect the response 

of streamflow [10]. Using this approach, the climate elasticity 

of streamflow was investigated and it was reported that 

precipitation is more sensitive than evaporation as an 

estimator. This non-parametric method is more efficient and 

gives a strong and realistic estimation [10].  Subsequently,  

hydrologically modelling data was used for this analysis and 

the result was compared with the observed data.  

To estimate the rainfall elasticity of streamflow, the non-
parametric estimator (Ꜫp) was used. It can be expressed as, 

                   Ꜫp = median (
𝑄𝑖−�̅�

𝑃𝑖−�̅�
/

�̅�

�̅�
)                                    (2) 

where  P̅ and Q̅ are the mean annual rainfall and mean annual 

streamflow, respectively. The  𝑝𝑖 and 𝑄𝑖  are annual 

streamflow and rainfall for the ith year [11]. 

But Ꜫp is weak statistically when the data sample is small. 

In this study, an alternative non-parametric estimator of 

climate elasticity (Ꜫ) was obtained to minimize the error 

associated with the sample size. The equation was rearranged, 

thus the regression analysis and calculating of the slope can 

be used as an alternative method to compare the results, as, 

                                
∆𝑄𝑖

�̅�
 = Ꜫ 

∆𝑋𝑖

�̅�
                                           (3) 

where X̅ and Q̅ are the mean annual climate factors and mean 

annual streamflow, respectively. The ∆Qi and ∆Xi are the 

change in annual streamflow and climate variables (i.e. 

precipitation, evaporation, etc.), respectively. 

 Additionally, in the modelling approach, rainfall and 

evapotranspiration data were modified to incorporate future 

climate scenarios and climate change and variation of 

streamflow were obtained using the calibrated and validated 

model. Rainfall data were scaled by -15%, -10%, -5%, 0%, 

5%, 10%, 15% and evaporation data were scaled by 0%, 5% 

and 10% at the same time and streamflow data were 

calculated by using the difference in mean annual streamflow 

against of the baseline scenario which was taken as the 

modelled data without modifying the original series. 

IV. RESULTS AND ANALYSIS 

A. Data Analysis 

Thiessen polygons have been generated for each sub-

basin (Fig. 4) using ArcGIS version 10.8 (ESRI Inc., USA). 

Fig.5 indicates distributed HEC-HMS model of 

Thanamalwila watershed. 

         
Fig 4; Thanamalwila Thiessen polygon      Fig 5: Thanamalwila HEC-HMS 

                                                                                model 

B. HEC-HMS Modeling  

The objective function was used as a reference to match 

the observed flow with streamflow in the calibration process. 

Changing initial parameters with trial-and-error strategies 

helped to optimize the parameters. This method was initially 



challenging and parameter sensitivity analysis has been used 

to overcome this and identify the most sensitive model 

parameters to focus on. Following the sensitivity analysis, it 

was possible to obtain the dominant parameters that could 

most influence the relevant objective function. Subsequent to 

the calibration part, the verification process was started with 

the optimized parameters. TABLE VII shows the obtained 

results for the objective functions with respect to each basin. 

TABLE VII- OBJECTIVE FUNCTION RESULTS 

Station Model Step MRAE NASH R² 

Padiyathalawa 
Calibration 2.387 0.502 0.567 

Validation 1.245 0.370 0.608 

Thanamalwila 
Calibration 1.826 0.532 0.637 

Validation 1.046 0.501 0.615 

C. Rainfall Elasticity of Streamflow 

The same overall rainfall data set used in HEC-HMS 

model processing was applied in this study too. It was 

identified that precipitation can create a significant impact on 

the runoff rather than any other climate variables [9]. In this 

study, precipitation was used to calculate the elasticity in a 

non-parametric approach. TABLE VIII shows rainfall and 

streamflow statistics of each basin. 

TABLE VIII- HYDROCLIMATIC STATISTICS 

Hydroclimatic Statics 
Padiyatalawa 

Sub Basin 

Thanamalwila 

Sub basin 

Mean annual Q (mm) 805.09 364.33 

Mean annual precipitation P (mm) 2,644.35 1,742.69 

Coefficient of variation of Q 0.75 0.558 

Coefficient of variation of P 0.36 0.21 

The standard deviation of Q (mm) 604.76 214.42 

The standard deviation of P (mm) 952.04 383.05 

Correlation coefficient P and Q 0.22 0.88 

Runoff coefficient 0.30 0.21 

The parametric estimator of climate elasticity, Ꜫp, was 

obtained as 4.08 for Thanamalwila. That means the 

streamflow would change on average by 40.8% for every 

10% change in precipitation when considering 15 years of 

historical data. To adopt this approach, the issues with the 

lack of adequate sample size had to be solved. To overcome 

this, the average gradient of the scatter plot was considered. 

     Then the streamflow elasticity estimation was carried out 

using the model data for the selected validation period. 

TABLE IX shows the Ꜫp values obtained in the study. 

TABLE IX: THE ESTIMATED ꜪP RESULTS 

Elasticity parameters 
Thanamalwila 

Sub basin 

Padiyatalawa 

Sub basin 

Mean of Ꜫp (observed data) 4.08 -12.77 

The slope of the graph between 

annual rainfall vs streamflow  1.58 0.43 

Mean of Ꜫp (observed data)-
validation period 7.86 2.28 

Mean of Ꜫp (modelled data)-

validation period 7.93 2.34 

Annual rainfall and streamflow were plotted to check the 

trend over the years considered in the study. It could be 

obtained that streamflow increases when rainfall increases. 

Fig.6 shows the simulated trend patterns. This study was 

carried out to have a better idea of how far climate elements 

influence streamflow under each hypothetical climate-

changing scenario. The study analyzed annual runoff, rainfall 

and evaporation simultaneously using simulated data. 

 

Fig 6: Annual trend of streamflow with rainfall (Thanamalwila) 

D. Hypothetical Climate Variable Changing Scenario 

The results obtained by using the hypothetical climate 

change variable scenarios are presented in Fig. 7.  

 

 

Fig 7 : Percentage changes in mean annual streamflow due to changes in    

         evaporation and precipitation for Padiyatalawa subbasin 

V. DISCUSSION 

Daily rainfall, streamflow, and evaporation have been 

used in the present study. Due to the lack of data, three (3) 

stations for rainfall, one (1) each for streamflow and 

evaporation have been used for each river. The WMO 

guidelines were incorporated to ensure that minimum 

standards for spatial distribution were maintained. A 35-year 

time series data set was required and recommended for 

research purposes to establish long-term climate trends. But 

due to the data scarcity of streamflow, the data period was 

increased to overcome missing data issues while ensuring the 

missing data percentage would not exceed the 10% allowable 

limit. The selected data periods were re-adjusted accordingly. 

The double mass curve indicated slight abnormalities in the 

data set and data consistency was tested using regression 

analysis. All values were within the acceptable range. 

By matching modelled data with measured data, users 

can confidently make decisions based on the application of 

the model. If there is any variation in the calibrated model, it 

could be due to measurement errors and uncertainties. 

Parameters were optimized till the objective function’s 

statistical result achieved a satisfying result. Both calibrated 

models satisfied the acceptable limits. In the validation 

process, the Nash value of Padiyatalawa was not within the 

limit while the other statistical results were relatively 

acceptable. Additionally, the sensitivity analysis has shown 

that the recession constant and impervious percentage as key 

parameters to be monitored. Comparing improved model 

performance, calibrated model in Thanamalwila was found to 
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be more reliable than the other. Moreover, the Flow Duration 

Curves (FDC) were used to verify and fine-tune the results.  

Among the selected subbasins, it was found that the 

average runoff coefficient decreased as the basin area 

increased. The dry zone is generally flat and the soil layer 

allows high infiltration rates presumably causing this change. 

In the present study, the water year was considered as the 

period to prepare the streamflow and rainfall time series data 

sets. The correlation coefficient between rainfall and 

streamflow of Thanamalwila is 0.88 and Padiyatalawa shows 

a relatively lower value of 0.63. This approach helps to 

observe the strength of the relationship of climatic variables 

with runoff. Moreover, Padiyatalawa streamflow elasticity 

was negative while that of Thanamlwila was positive with a 

value of 4.08% which indicates concerns about future water 

management in already water-scarce dry zone basins. 

Annual variation of streamflow with rainfall in the 

Thanamlwila sub-basin showed that the streamflow increased 

while rainfall increased. But in the Padiyatalawa sub-basin, 

rainfall increased relatively slowly over the years while 

streamflow increased at a higher rate resulting in a negative 

Ꜫp. According to the observed variation of average monthly 

streamflow over average monthly rainfall, the streamflow 

followed the rainfall variation except for January to March in 

Thanamalwila. In this period, the streamflow pattern showed 

a sudden increase. During the North-east monsoon period, the 

streamflow has responded well in the dry zone. 

 The identified mismatching events between modelled 

and measured data were under the acceptable levels, hence 

elasticity calculation with modelled data was deemed 

reasonable with the major assumption that the calibrated 

model could simulate the streamflow well while the climatic 

parameters deviated from their original values within a 

reasonable range. 

Temperature data were not considered explicitly for this 

study and a hypothetical scenario was analyzed using 

modelled data without accommodating projected data. This 

could have caused uncertainty in output results. Further, other 

climate variables could have also impacted runoff rather than 

precipitation and evaporation and there may be deviations of 

assumptions made for the analysis. Future studies should 

address more climatic variables for a broader analysis. 

VI. CONCLUSIONS 

Model performance was at a satisfactory level based on 

selected objective functions. The HEC-HMS was found to 

perform better in high flow simulation but this study focused 

on both high- and low flows. Selecting rainfall stations within 

the subbasin improved the model performance. For the 

Thanamalwila subbasin, having more than one rainfall 

gauging station facilitated better simulated streamflow series 

because of the subdivided basin model. Nash values of the 

Thanamalwila during calibration and validation were 0.532 

and 0.501, respectively and within acceptable levels. 

Sensitivity analysis highlighted that the loss model 

significantly impacts the objective function. Non-parameter 

estimator method could produce reliable results for larger 

sample data sets and assumptions were made and modified 

equations had to be used in the calculations. Runoff elasticity 

results showed 7.86% for Thanamlwila and 2.34% for 

Padiyatalawa sub-basins emphasizing that rainfall has a 

stronger relation with streamflow in both subbasins. The 

accuracy of the results can be further improved using the 

effects of future climate scenarios instead of synthetic climate 

change scenarios. A 15% increase in rainfall caused a 212.5% 

increase in streamflow without change in evaporation 

whereas the same percentage of increase in evaporation 

caused a 23.82% increase in streamflow without change in 

rainfall in Padiyatalawa, indicating how strong the 

relationship between streamflow and rainfall is compared 

with streamflow and evaporation in the dry zone. The 

findings of the research are useful for future decisions and 

policymaking related to water management in the dry zone 

efficiently. 
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