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Abstract This study is an attempt to quantify the impact

of climate change on the hydrology of Armur watershed in

Godavari river basin, India. A GIS-based semi-distributed

hydrological model, soil and water assessment tool

(SWAT) has been employed to estimate the water balance

components on the basis of unique combinations of slope,

soil and land cover classes for the base line (1961–1990)

and future climate scenarios (2071–2100). Sensitivity

analysis of the model has been performed to identify the

most critical parameters of the watershed. Average

monthly calibration (1987–1994) and validation (1995–

2000) have been performed using the observed discharge

data. Coefficient of determination (R2), Nash–Sutcliffe

efficiency (ENS) and root mean square error (RMSE) were

used to evaluate the model performance. Calibrated SWAT

setup has been used to evaluate the changes in water bal-

ance components of future projection over the study area.

HadRM3, a regional climatic data, have been used as input

of the hydrological model for climate change impact

studies. In results, it was found that changes in average

annual temperature (?3.25 �C), average annual rainfall

(?28 %), evapotranspiration (28 %) and water yield

(49 %) increased for GHG scenarios with respect to the

base line scenario.

Keywords Hydrological modeling � Climate change �
HadRM3 � SWAT � Armur � Emission scenarios

Introduction

Global temperature is raising due to accumulation of green-

house gases in the atmosphere and affecting the natural and

managed ecosystems (Xie et al. 2008). The climatic vari-

ability can affect the precipitation pattern and other climatic

variables. The most important impact of climate change will

be changes in regional and localwater availability (Evan et al.

2012; Poulin et al. 2011; Yadav et al. 2010). Water avail-

ability is one of the vital components and responsible for

ecosystem, human livelihood, crop production and hydro-

electric power production (Grabow et al. 2013; Johnston and

Smakhtin 2014; Mialhe et al. 2015). For example, larger

reservoir spillways and drainage waterways will be required

where runoff is expected to increase, and higher water supply

storage needed where runoff is expected to decrease (Sethi

et al. 2015; Tiwari and Rai 2015; Tiwari et al. 2015). The

impacts of climate change on hydrology of watersheds are

usually evaluated by defining scenarios for changes in cli-

matic inputs to a hydrological model and these scenarios

based on the futuristic emissions of greenhouse gases (Gosain

et al. 2006; Hossain 2014; Johnston and Smakhtin 2014;

Srinivasan et al. 1998). The Intergovernmental Panel for

Climate Change (IPCC) Special Report on Emissions Sce-

narios (SRES) developed new emission scenarios based on

emissions of greenhouse gases (Girod et al. 2009; Solomon

2007). Emission scenario projections are developed based on

the driving forces like socio-economic development, popu-

lation growth and GHG emission (McGuire et al. 2001;

Willems and Vrac 2011). Evaluation of impact of climate

change on hydrology of catchment is very important for the
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policy makers to mitigate the impact and implementation for

the coping strategies (Delgado et al. 2010; Fischer et al.

2007). Hydrologic cycle affects the surface water runoff and

ground water recharge (Holman 2005; Zhu 2013). Ficklin

et al. (2009) evaluated the climate change impact on water

resources within agriculture systems of San Joaquin water-

shed, California (USA). A semi-distributed hydrological

model, soil and water assessment tool (SWAT) was used for

the hydrology and climate change impact studies. Results of

the study implied that changes in carbon dioxide (CO2) and

climatic parameters (temperature, precipitation) significantly

affect the water yield, evapotranspiration and other compo-

nents of hydrological cycle.Gosain et al. (2006) evaluated the

12 river basins of the India using SWAT for control or present

and GHG (greenhouse gases) or future climate scenario of

simulated weather data of HadRM2. At the initial analysis,

severity of drought and intensity of flood for country have

been analyzed under the GHG scenario. Neupane and Kumar

(2015) investigated the effects of potential land use change

and climate variability on hydrologic processes of Big Sioux

River (BSR) watershed, North Central region of USA. Future

climate change projections have been simulated using tem-

perature and precipitation data derived from Special Report

on Emission Scenarios (SRES) (B1, A1B and A2) for end

twenty-first century. Liu et al. (2015) analyzed the effects of

land use change and climate variability on the upper Naoli

River watershed, China, using SWAThydrological model. In

results, it has been found that the stream flow is significantly

affected by the combined effects of land use change and

climate variability.Murty et al. (2014) applied SWATmodel

onKen basin (India) to predict thewater balance components.

The hydrological studies were carried out for 25 years’

(1985–2009) time period.

In this paper, SWAT, a semi-distributed hydrological

model has been used to evaluate the changes inwater balance

components and impact of the climate change on watershed.

Calibration and validation of themodel have been performed

for the study area as shown in Fig. 1. Hydrological studies

were carried out at the regional scale for long-term scale of

30 years. Future climatic projection (2071–2100) for the

study area was computed, based on the IPCC Hadley centers

regional climate model (HadRM3) data for A2 and B2 GHG

scenarios. Water balance components based on GHG sce-

nario were compared with the historical value to evaluate the

percentage changes of the study area. The methodology

processes have been shown in Fig. 2.

Study area

For the present study, model run is done on Armur

watershed belonging to the river system of Godavari,

India (Fig. 1). The total catchment area of the watershed

is 20,319 hectares. Armur mandal is situated in Nizam-

abad district under the state of Telangana (India). The

total geographical area of the district is 7956 Km2. The

district is located in the northwestern part of the state

bordering Maharashtra state. It lies between 18�0500000

and 19�0000000 north latitudes and 77�3200000 and

78�4000000 east longitudes. Topography of Armur is

sloping from northeast to southwest. It has about 10 m

of low and high altitudes difference between areas

(375.00–365.00 m above m.s.l.).

There are four seasons categorized in a year: winter

(Jan–Feb), summer (March–May), southwest monsoon

(June–September) and northeast monsoon (October–De-

cember).The annual rainfall in the district is around

1000 mm. The average minimum and maximum tempera-

ture have been found to be 13.7 �C (winter) and 39.9 �C

(summer), respectively (Fig. 1).

Data

Simulation of the river basin requires certain type of data

before simulation is done. The data required by SWAT for

basin simulation are

Digital elevation model

Shuttle radar topographic mission (SRTM) has provided

digital elevation data (DEMs) of 90 m resolution. The

downloaded digital elevation model from SRTM has

projection system of WGS_1984_UTM, Zone_45 N at

90 m resolution and the position of study area is maxi-

mum, latitude and longitude are 7800000000N and

1800000000E, minimum 7900000000N and 1900000000E,

respectively.

Land cover/land use

1 km grid cell size and taken from University of Maryland

Global Land Cover Facility.

Soil map

FAO digital soil map of the world having a scale of

1:5,000,000.

Weather data

High-resolution (1� latitude 9 1� longitude) daily gridded

temperature data set for the period 1969–2005 and

(0.5� 9 0.5�) gridded daily rainfall data for the period

1971–2005 over Indian region from Indian Meteorological

Department (IMD) Pune, India.
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HadRM3 simulated weather data

The Hadley’s center regional climate model, HadRM3

provided a revised version of climate change simulation at

a spatial resolution of 0.44� 9 0.44�. The model comprises

of three ensemble members for the medium-to high-

emission scenarios, i.e. 3 9 30 year of daily data for the

control (1961–1990) and future perturbed (2071–2100)

runs. The GHG scenario (A2 and B2) and baseline sce-

narios were generated for the maximum temperature,

minimum temperature, rainfall, relative humidity, solar

radiation and wind speed.

Fig. 1 Location map of Armur watershed, Telangana (India)
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Methodology

SWAT model

The AVSWAT (SWAT extension of ArcView GIS), a

distributed hydrologic model has been used for the water-

shed. The model has potential to predict land management

practices, sediment and agricultural chemical yields.

Catchments with varying soils, land use and management

conditions can be estimated for long time period (Srini-

vasan et al. 1998). To satisfy this objective, model requires

specific climatic input parameters as precipitation, tem-

perature, solar radiation, relative humidity and wind speed.

Besides the climatic parameters, other information such as

topography map or DEM, soil properties, vegetation and

land management practices occurring in the watershed are

required for model setup (Santhi et al. 2006; Srinivasan

et al. 1998).

In order to setup the model, the digital elevation model,

land use/land cover and soil map were projected into

common projection system. Model has capability to

delineate the DEM into watershed or basin and divided into

sub-basin. The layers of land use/land cover, soil, map and

slopes categories were overlaid and reclassified into

hydrological response unit (HRUs). Hydrologic response

units (HRUs) have been defined as the unique combination

of specific land use, soil and slope characteristics (Arnold

et al. 2012). The model estimates the hydrologic

components such as evapotranspiration, surface runoff,

peak rate of runoff and other components on the basis of

each HRUs unit. Water is then routed from HRUs to sub-

basin and sub-basin to watershed (Tripathi et al. 2004). The

equation of mass balance performed at the HRU level is

given as follows:

St ¼ So þ
X

t

i¼1

ðRday � Qsurf � Ea � wseep � QgwÞ;

where St is the final storage (mm), So is the initial storage

in day i (mm), t is the time (days), Rday is the rainfall

(mm/day), Qsurf is the surface runoff (mm/day), Ea is

evapotranspiration (mm/day), Wseep is seepage rate

(mm/day) and Qgw is return flow (mm/day).

In order to estimate the surface runoff, there were two

methods available: SCS curve number (Soil Conservation

Service) and Green and Ampt infiltration method. In this

study, the SCS curve number method was used to estimate

surface runoff. The SCS curve number is described by the

following equation:

Qsurf ¼
Rday � 0:2S
� �2

Rday þ 0:2S
� � ;

where Qsurf is accumulated runoff or rainfall excess

(mm/day), Rday is the rainfall depth (mm/day) and S is

the retention parameter (mm). The retention parameter is

defined by the following equation:

Fig. 2 Methodology flow diagram
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S ¼ 25:4
100

CN
� 10

� �

The SCS curve number is a function of the soil’s

permeability, land use and antecedent soil water conditions

(Arnold et al. 2012). Hargreaves method was used for

estimation of potential evapotranspiration (PET):

kEo ¼ 0:0023 � Ho Tmax � Tminð Þ0:5�ðTavg þ 17:8Þ;

where k is the latent heat of vaporization (MJ/kg), Eo is the

potential evapotranspiration (mm/d) and Ho is the

extraterrestrial radiation (MJ/m2/d). Tmax, Tmin, and Tavg are

the maximum, minimum, and mean temperature, respec-

tively, for a given day (�C).

Watershed delineation

Using the ArcGIS, digital elevation model (DEM) was used

to generate the stream network of the watershed and identify

the outlet points for a given threshold value. Automatic

delineation delineates the main watershed into 14 sub-wa-

tersheds (Fig. 3). Land use/land cover of study area has been

shown in Fig. 4. Land use and soil grids are then overlaid and

the basic units of modeling (Hydrologic Response Unit,

HRUs) are extracted. In the present study, HRUs are defined

by taking all land uses and soil type occupying 10 % ormore

of sub-basins into account. Areas of the minor land uses and

soil type (\10 % of a sub-basin) were re-allocated to major

land uses to reflect 100 % sub basin areas.

Results and discussion

Calibration and validation of the model

Calibration is tuning of model parameters based on

checking against observation to ensure the same response

over time. In this process, model parameters varied until

Fig. 3 Sub-basins and stream

lines of delineated watershed

Armur
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recorded flow patterns were accurately simulated. For this

study, the manual calibration was applied (Green and

Vangriensven 2008; Roy et al. 2014; Yang et al. 2007;

Zhang et al. 2009). The steps followed were based on the

recommendations given in the SWAT user manual (Arnold

et al. 2012). Calibration was commenced by the monthly

average of surface runoff volume (Benaman et al. 2005;

Cao et al. 2006).

The catchment so taken for the study is an ungauged

one, so no observed discharge data were available for the

purpose of model calibration and validation. The trans-

posed observed discharge data from a gauged catchment

(Gandlpet) adjacent to the study area with similar physio-

graphic characteristics was taken to calibrate the model

parameter. For model calibration purpose, observed trans-

posed discharge data of the catchment for the period of

1987–1994 has been taken. Subsequently, calibrated

parameters have been used to validate the model for the

period of 1995–2000 (Table 1).

Observed and simulated average monthly flow for cali-

bration and validation period have been shown in Fig. 5

and 6, respectively. Several statistics such as mean, stan-

dard deviation, coefficient of determination (R2), Nash–

Sutcliffe efficiency (ENS) and prediction efficiency (PE)

have been computed to evaluate the model predictions

against the observed values.

Coefficient of determination (R2) measures the disper-

sion between observed value and simulated value from

model:

Coefficient of determination R2
� �

¼
n
P

QobsQsimð Þ �
P

Qobsð Þ
P

Qsimð Þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

n
P

Q2
obs

� �

�
P

Qobsð Þ2
h i

n
P

Q2
sim �

P

Qsimð Þ2
h i

r

Fig. 4 Land use map of study

area
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Nash Sutcliff EfficiencyðENSÞ

¼ 1�

Pn
i¼1 Qobs; i� Qsim; ið Þ2

Pn
i¼1ðQobs; i� �Qobs; iÞ

;

where Qobs is the observed discharge (m3/s) and Qsim is the

simulated discharge (m3/s) from model. The range of R2

lies between 0 and 1. Value of R2, 0 and 1 indicates no

correlation and perfect correlation, respectively, between

observed and simulated values. Nash–Sutcliffe efficiency

(ENS) values lies between -? and 1. ENS values, 1

indicates that the perfect match, whereas 0 value indicates

that simulated values are accurate as mean of the observed

values.

Sensitivity analysis

The sensitivity analysis was carried out for a period of

6 years and out of 26 parameters only 10 of them revealed

meaningful effect on the simulated flow as shown in Fig. 7.

These sensitive parameters were considered for model

calibration (Muleta and Nicklow 2005; Setegn et al. 2010).

The remaining parameters had no significant effect on

Table 1 Calibration and validation statistics of average monthly simulated and gauged flows

Period (Monthly) Standard error % error R2 ENS

Observed Simulated

Calibration 1987–1994 7.72 8.3 2.2 0.8 0.69

Validation 1995–2000 10.67 12.86 -7.54 0.77 0.54
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Fig. 5 Calibration results of

average monthly simulated and

observed flow
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average monthly simulated and

observed flow
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stream flow simulations. Changes in their values do not

cause significant changes in the model output.

The sensitivity analysis results are shown in Fig. (7).

Flow calibration was performed for 8 years, from January

1987 to December 1994. Descriptions of some critical

sensitive parameters were given in Table 2. Manipulation

of sensitive parameter values was of carried out within the

allowable ranges (Table 3).

Climate change assessment

Hadley center’s regional climatic model (RCM) data were

analyzed to study the variation induced in the climate

parameters through the GHG scenarios (Chen et al. 2011;

Ghosh and Mujumdar 2008; Willems and Vrac 2011).

Long term variations in temprature (maximum, minimum

and average) have been shown in Fig. 8 and rainfall vari-

ations shown in Fig. 9. The baseline (1961–1990) linear

trend of the average surface minimum temperature was

computed as 0.09 �C/year. The GHG (2071–2100) linear

trend of the average minimum temperature was 0.016 and

0.018 �C/year for A2 and B2 scenarios, respectively. With

reference to baseline scenario, the average minimum tem-

perature increased by 3.07 and 3.09 �C based on A2, B2

scenarios, respectively.

For baseline scenario (1961–1990) and GHG

(2071–2100) A2, B2 scenario linear trend of the average

surface maximum temperature is 0.042, 0.074 and

0.001 �C/year, respectively. Figure 8 also shows, with

respect to baseline scenario, that average minimum tem-

perature increased by 3.25 and 3.29 �C in the consideration

of A2, B2 scenarios, respectively.

Assessment of model output

HadRM3 simulated daily weather data of baseline

(1960–1990) and GHG scenarios (2071–2100) were used

to run the model. Results from the model have been ana-

lyzed on annual and monthly basis. Considering the
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Fig. 7 Relative sensitivity of

model parameters

Table 2 Soil and water assessment tool (SWAT) parameters and

their descriptions

Parameters Descriptions

CN2 Initial SCS CN-2 value

ESCO Soil evaporation compensation factor

GWQMN Threshold water depth in shallow aquifer for flow

SOIL_AWC Soil available water capacity

SOIL_Z Soil depth

ALPL_BF Base flow alpha factor

GW-REVAP Ground water ‘revap’ coeff

Table 3 Initial and finally adjusted parameter values of flow calibration

No. Sensitive parameters Lower and upper bound Initial value Fitted value

1 CN2 -25 to 25 % Default -25 %

2 ESCO 0–1 0.95 0.1

3 GWQMN -1000 to 1000 0.00 10

4 SOIL_AWC -25 to 25 -25 5

5 SOIL_Z -25 to 25 -25 10

6 ALPHA_BF 0–1 0.95 0.8

7 GW-REVAP -0.036 to 0.036 -0.036 0.015
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benchmark of baseline period, percentage changes in water

balance components for future scenario have been shown

in Fig. 10 (% change in rainfall), Fig. 11 (% change in

evapotranspiration), and Fig. 12 (% change in water yield)

on annual basis, whereas monthly percentage changes have

been shown in Fig. 13 and Fig. 14 for A2 and B2 scenario.

Results based on annual studies for baseline

(1961–1990) period indicate that the maximum value of

rainfall, evapotranspiration and water yield are 1854 mm

(1981), 698 mm (1970) and 1232 mm (1981), respectively.

The minimum values are 722 mm (1986), 451 mm (1961)

and150 mm (1987) for rainfall, evapotranspiration and

Fig. 8 Long-term (maximum, minimum and mean) temperature variations for baseline and GHG scenarios

Fig. 9 Long-term (30 years)

annual average rainfall

variations
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water yield, respectively. Considering the benchmark of

average rainfall (for baseline period), maximum rainfall

has increased by 86 % and minimum rainfall decreased by

32 % corresponding to A2 scenario. In the same time, for

B2 scenario maximum rainfall has increased by 22 % and

minimum rainfall decreased by 12 %. However, it has been

noticed that frequency of rainfall is decreasing but average

rainfall has increased by 28 % and 29.3 % for A2 and B2

scenarios, respectively. The minimum rainfall has

increased by 17.70 % and 41.4 % for A2 and B2 scenarios

with respect to the minimum rainfall of the baseline

scenario.

Fig. 10 Percentage changes in

rainfall for GHG scenario

(2071–2100) with respect to the

baseline (1961–1990)

Fig. 11 Percentage changes in

evapotranspiration for GHG

scenario (2071–2100) with

respect to the baseline

(1961–1990)
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The maximum and minimum evapotranspiration

values of A2 scenario have changed by ?39 % and

–12 % respectively, against the average evapotranspi-

ration of baseline. For B2 scenario, maximum and

minimum evapotranspiration values have changed by

?28 % and –10 %, with reference to the average

evapotranspiration of baseline. Average value of evap-

otranspiration has increased by 14 % for A2 scenario

and 28 % for B2 scenarios, with respect to the average

evapotranspiration value of baseline. Estimated value of

maximum evapotranspiration has found to be increased

by 18.6 % and 12.6 % for A2 and B2 scenarios

respectively, comparing with the maximum evapotran-

spiration of the baseline. Minimum evapotranspiration

has increased by 38.4 % and 22.6 % for A2 and B2

scenarios, with respect to minimum evapotranspiration

of the baseline.

Comparing with the average water yield of baseline,

maximum water yield will be increasing by 162 % for A2

and 238 % for B2 scenarios, and minimum water yield is

decreasing by 66 % and 30 % for A2 and B2 scenarios,

respectively. Average water yield has increased by 43 %

for A2 and 49 % for B2 scenarios respectively, with

respect the average value of baseline.

Fig. 12 Percentage changes in

water yield for GHG scenario

(2071–2100) with respect to the

baseline (1961–1990)
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Fig. 13 Percentage changes in

water balance components for

A2 scenario (2071–2100) with

respect to the baseline

(1961–1990)
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From Fig. 14, it has been noticed that mean monthly

value for water yield increased by 35 mm for A2 scenario

(2071–2100) with respect to base line scenario

(1961–1990). Mean monthly value for water yield

increased by 72 mm for B2 scenario (2071–2100) with

respect to base line scenario (1961–1990). In the monsoon

season rainfall increased by 23.77 and 24.55 %, evapo-

transpiration increased by 14 and 6 % and water yield

increased by 60 and 72 % times for A2 and B2 Scenario,

respectively, with respect to the average value of base line

scenario.

Conclusion

This paper has different aspects related to hydrological

modeling studies: (1) successfully applied the SWAT

model setup for watershed (2) calibrations and validation

have been carried out for the ungaged catchment using the

observed flow data of the adjacent gaged catchment. Sev-

eral evaluation parameters such as standard deviation,

coefficient of determination (R2), Nash–Sutcliffe prediction

efficiency (ENS) and prediction efficiency (PE) were used

to evaluate the model predictions against the observed

values (3) computed the water balance component of the

watershed in context of climate change. (4) In the monsoon

season, rainfall, evapotranspiration and water yield

increased by significant amount for GHG scenario (A2 and

B2) respectively with reference to the base line scenario (5)

this study will be very useful for decision-makers to assess

the benefits best management practices at the watershed

level.
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