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Abstract

Knowledge of the renewable water resources of a watershed is strategic information which is vital for the long term planning of 

water and food security. In this study, we used a Soil and Water Assessment Tool (SWAT) model in combination with the sequen-

tial uncertainty fitting algorithm (SUFI–2) to simulate the water resource components (blue and green water) in the data scarce 

Kohnak watershed (in southwest Iran) based on river discharges. The simulation was performed for the period from 1992 to 2009 

by considering the first three years as warm up. Due to imperfect incomplete climate data, two solution methods, (1) combining 

CRU data with observed climate data, and (2) integrating expert knowledge in defining uncertainty parameter ranges in  the cali-

brating period, were used to increase the model accuracy prediction. Sensitivity and uncertainty analyses were also performed 

to improve the model performance. Simulated water resources components of blue water flow, green water storage, and green 

water flow were evaluated at the subbasin scale. The results showed that with the applied solution methods, SWAT could satis-

factorily predict discharge flows and water resource components in the Kohnak watershed. The spatial variabilities of blue and 

green waters were a function of the spatial variability of precipitation, soil depth, land cover type and slope. Both the blue and 

green water flows decreased from upstream to downstream. The green water storage was larger in the middle and lower subbas-

in. It indicates that these regions have relatively sufficient precipitation and green water resources, which are beneficial for the 

development of rain fed agriculture. This study showed that in data scarce watersheds, a SWAT model in combination with expert 

knowledge can be used as a suitable tool for water component prediction.

1 Introduction
Quantifying available water resources for natural ecosystem and 
society is one of the most important objectives for hydrologists. 
Renewable freshwater is the foundation for life in terrestrial and 
freshwater ecosystems (Jackson et al. 2001). The concepts of blue 
water and green water were first defined by Falkenmark (1995) 
and developed by others. Blue water flow is the sum of surface 
water and deep aquifer recharge. Green water flow is the actual 
evapotranspiration (AET) released to the atmosphere through 
a combination of evaporation from soil and water bodies and 
transpiration from vegetation. The green water storage (soil mois-
ture) is the amount of water in the soil profile at the end of a time 
period (Falkenmark and Rockström 2006). At a global level, about 
65% of water received as precipitation returns to the atmosphere 
as green water flow (i.e. transpiration from forest, grassland, 
wetlands and rainfed farmlands). Water resources availability and 
assessing the blue and green water distribution can be useful for 

water resources management and planning. In Iran, irrigated agri-
culture uses >90% total water usage and ~60% total renewable 
water resources (Alizadeh and Keshavarz 2005; Keshavarz et al. 
2005). Therefore it is important to obtain more realistic informa-
tion on water resources availability and quantifying the blue and 
green water flows as well as green water storage in individual 
watersheds and the whole country.

There have been many studies quantifying the green and 
blue water resources since the advent of the concept (Gerten 
et al. 2005; Guodong and Wenzhi 2006; Schuol et al. 2008; Fara-
marzi et al. 2009; Zang et al. 2013; Kiptala et al. 2014). Hydrologic 
models, which are powerful tools for simulating hydrological pro-
cesses and assessing water resources, can provide more insights 
into the mechanisms of land surface and hydrological processes. 
Among the hydrologic models, the Soil and Water Assessment 
Tool (SWAT) is one of that can be used to simulate green and blue 
water flow for the watersheds. SWAT is a conceptual, physically 
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based, continuous model. It operates on a daily time step and is 
designed to predict the impact of watershed management prac-
tices on hydrology, sediment and water quality on a gauged or 
an ungauged watershed. The major model components include 
weather generation, hydrology, sediment, crop growth, nutrient 
and pesticide subroutines (Arnold et al. 1998). To accurately 
simulate water quality and quantity, SWAT requires specific infor-
mation about topography, weather (precipitation, temperature), 
hydrography (groundwater reserves, channel routing, ponds or 
reservoirs, sedimentation patterns), soil properties (composition, 
moisture and nutrient content, temperature, erosion potential), 
crops, vegetation, and agronomic practices (tillage, fertilisation, 
pest control) (Neitsch et al. 2011). Faramarzi et al. (2009) adopted 
a SWAT model to simulate the blue and green water resources in 
Iran and the impacts of different irrigation practices on the water 
balances of areas with irrigated agriculture were discussed in this 
study. They suggested using the same modeling approach for the 
high resolution analysis of water resources in arid and semi-arid 
areas. Schuol et al. (2008) used SWAT to simulate green and blue 
water resources in Africa and the results were satisfactory, al-
though high uncertainties were observed in some subbasins. 

The decisions for balancing green and blue water for 
food, nature and society will be necessary to improve the water 
resources planning and management, especially for developing 
countries, where the totality of global population growth and 
malnourishment is essentially concentrated (Falkenmark and 
Rockström 2006).

The main objectives of this research were: to calibrate and 
validate a hydrologic model for the Kohnak watershed with a 
scarce dataset located in south west of Iran; to evaluate the effect 
of integrating CRU data and expert knowledge in calibrating on 
model accuracy prediction; and to estimate the blue and green 
water at the subbasin level. In order to satisfy the objectives of 
this study, a SWAT model in combination with the Sequential Un-
certainty Fitting program (SUF-2) (Abbaspour 2011) were selected 
for the calibration and uncertainty analysis and also to estimate 
the blue and green water hydrologic components.

2 Methodology

2.1 Study Area
Kohnak watershed with a total drainage area of 1 140 km2 is lo-
cated in the province of Khuzestan, Southern Iran. It lies between 
latitudes 32°03’ N and 32°39’ N and longitudes 48°28’ W and 
48°55’ W (Figure 1). This watershed is a tributary of the Dez River 
basin the northern part of the Karun–Dez watershed, the largest 
basin of Iran. The major river in the watershed is the Kohnak river. 
The long term average rainfall and temperature ranges in the re-
gion are 383 mm and 23.5 °C respectively. The average elevation 
is 1 809 m. Soil depth is <5 cm in the steep areas and as deep as 
150 cm in the lowlands. The soil textural classes are mainly silty 
loam and silty clay loam. The main land uses are deciduous forest 

at the northern part and rainfed and irrigated cropping systems 
in the southern parts. 

Figure 1  Location of Kohnak watershed and its subbasins in 
southern Iran.

2.2 SWAT Model 
SWAT is open source software and provides the capability to 
analyse data on a daily, monthly and yearly basis (Kalogeropoulos 
and Chalkias 2012). A SWAT model is a watershed scale model for 
predicting the long term impacts of land management on water, 
sediments, and agricultural chemical yields in large complex 
un-gauged basins with varying soils, land use, and management 
conditions (Arnold et al. 1998; Gul and Rosbjerg 2009; Besalat-
pour et al. 2012; Khoi and Suetsugi 2012). It is a physically based, 
conceptual, continuous-time river basin model that operates on 
a daily time step (Neitsch et al. 2011). The hydrology of the model 
is based on the water balance equation in the soil profile where 
the processes simulated include precipitation, infiltration, surface 
runoff, evapotranspiration, lateral flow and percolation (Bouraoui 
et al. 2005). It integrates all relevant eco-hydrological processes 
including water flow, nutrient transport and turnover, vegetation 
growth, and land use and water management at the subbasin 
scale. The area of study is subdivided into a number of subbasins, 
which are characterized by one or more hydrologic response 
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units (HRUs) such that each consists of homogeneous land use, 
management and soil characteristics. HRUs are the spatial units 
where the vertical flows of water and nutrients are calculated, 
which are then aggregated and summed for each subbasin. 
Runoff, sediments and chemicals are simulated for each HRU and 
then aggregated for the subbasin, and routed to the watershed 
outlet. Furthermore, water flow is routed through the channel 
network using the variable storage routing method or the Musk-
ingum routing method (Arnold et al. 1998; Neitsch et al. 2011; 
Khoi and Suetsugi 2012; Kalogeropoulos and Chalkias 2012).

HRU water balance is represented by four storage volumes 
including snow, soil profile (0 m to 2 m), shallow aquifer (typically 
2 m to 20 m), and deep aquifer (>20 m) (Arnold et al. 1998). SWAT 
calculates peak runoff rate with a modified rational method 
(Chow et al. 1988). Soil water processes include evaporation, sur-
face runoff, infiltration, plant uptake, lateral flow, and percolation 
to lower layers (Neitsch et al. 2011). Lateral flow, which occurs 
when the storage in any layer exceeds field capacity after perco-
lation, is predicted with kinematics storage routing that is based 
on the degree of slope, slope length, and saturated hydraulic 
conductivity in each soil layer (Arnold et al. 1998). 

Groundwater flow contribution to total stream flow is 
simulated by creating shallow aquifer storage (Arnold and Allen 
1996). Percolation from the bottom of the root zone is considered 
as recharge to the shallow aquifer. To estimate potential evapo-
transpiration, three different methods including the Hargreaves 
method, the Priestley–Taylor method, and the Penman–Monteith 
method may be used (Arnold et al. 1998).

Sediment yield is estimated by the modified soil loss equa-
tion (MUSLE) model developed by Williams and Brendt in 1977 
(Neitsch et al. 2011). The crop model used by SWAT is a simplifica-
tion of the erosion–productivity impact calculator (EPIC) model 
that is based on daily accumulated heat units, the harvest index 
(HI), and above ground biomass (Arnold et al. 1998). 

2.3 Input Data and Model Setup
The basic input data to SWAT are a digital elevation model (DEM), 
stream network coverage, land use, soil map, and climate data. A 
DEM with grid size of 10 m × 10 m was used in this study. Stream 
network creation was done in the environment of ArcGIS using 
the DEM map. Soil data including sand, silt and clay contents, 
rock fragment content, organic carbon content, soil electrical 
conductivity (ECe), water content, porosity, bulk density, satur-
ated hydraulic conductivity (Ks), and soil hydrologic groups were 
obtained by studying soil profiles in the main landscape subunits. 
Climate data, including daily rainfall and temperature values, 
were obtained from the precipitation and air temperature sta-
tions in the study for a period of 17 y (1992 to 2009). Due to the 
imperfect and incomplete observed climate data, the obtained 
results were not good. Therefore for increasing the model accur-
acy, CRU (Climate Research Unit, http://www.cru.uea.ac.uk/) grid-
ded climate data were combined with observed data. Abbaspour 
et al. (2010; 2015) also got good results using CRU data. However Figure 2b  Soil input map for SWAT model.

Figure 2a  DEM input map for SWAT model.
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in this study the combination of regional climate data and CRU 
data gave better model prediction. CRU data are long term daily 
data with no missing values. 

Figures 2a, 2b and 2c (above) show the input maps (DEM, 
soil, and land use) to SWAT. In this study, surface runoff volume 
was estimated using a modified version of the Soil Conservation 
Service (SCS) curve number (CN) method (USDA–SCS 1972). The 
Muskingum method was used to compute the channel flood 
routing to the outlet of the watershed. The amount of evapotran-
spiration was calculated using the Hargreaves method.

2.4 Sensitivity Analysis, Calibration and Valida-
tion

In this study, various SWAT parameters related to discharge and 
sediment were estimated using the SUFI-2 algorithm that is 
present in the SWAT-CUP2 software (Abbaspour 2011). In SUFI-2, 
parameter uncertainty accounts for all sources of uncertainties 
such as uncertainty in driving variables (e.g. rainfall), conceptual 
model, parameters, and measured data (Abbaspour 2011). The 
degree to which all uncertainties are accounted for is quantified 
by measure referred to as the p-factor, which is the percentage 
of measured data bracketed by the 95% prediction uncertainty 
(95PPU). The 95PPU is calculated at the 2.5% and 97.5% levels 
of the cumulative distribution of an output variable obtained 

through Latin hypercube sampling, disallowing 5% of the very 
bad simulations. As all forms of uncertainties are reflected in the 
measured variables (e.g. discharge), the parameter uncertainties 
generating the 95PPU account for all uncertainties (Abbaspour 
2011).

The SUFI-2 model starts by assuming a large parameter un-
certainty (within a physically meaningful range), so that the meas-
ured data initially fall within the 95PPU. Then the uncertainty 
decreases in steps while monitoring the p-factor and the d-factor. 
The d-factor captures the goodness of calibration, as a smaller 
95PPU band indicates a better calibration result. The d-factor is 
the ratio of the average distance between the above percentiles 
and the standard deviation of the corresponding measured vari-
able. A value <1 is a desirable measure for the d-factor. Theoretic-
ally, the value for p-factor ranges between 0 and 100% (an ideal 
situation would lead to a p-factor approaching 100%). The degree 
to which the values deviate from these numbers can be used to 
judge the strength of the calibration (Abbaspour 2011).

An initial sensitivity analysis was done to determine sensi-
tive parameters among the input parameters selected for calibra-
tion of the SWAT models (Table 1). The data for the period 2000 
to 2009 were used to calibrate the model and the remaining five 
years of data (1995 to 1999) were used to validate the model. 

Table 1  Selected input parameters for the calibration 
process.

Name Definition
Range

Min Max

r_CN2.mgt SCS runoff curve number -0.4 0.4

r-SOL_BD.sol Soil bulk density (g/cm) -0.4 0.4

r_SOL_AWC.sol
Soil available water storage capacity  

(mm water/mm soil)
-0.5 0.5

r_SOL_K.sol Soil hydraulic conductivity (mm/h) -0.8 0.8

v_GW_DELAY.gw Groundwater delay time (d) 0 400

v_GWQMN.gw
Threshold depth of water in the shallow aquifer required 

for return flow to occur (mm)
0 500

v_EPCO.hru Plant uptake compensation factor 0.01 1

v_ESCO.hru Soil evaporation compensation factor 0.01 1

r_HRU_SLP.hru Average slope steepness  (m/m) 0 0.3

v_CH_N2.rte Manning’s n value for main channel 0 0.3

v_CH_K2.rte
Effective hydraulic conductivity in the main channel 

(mm/h)
0 150

v_SMFMX.bsn Maximum melt rate for snow during the year (mm/°C/d) 0 10

v_SMFMN.bsn Minimum melt rate for snow during the year (mm/°C/d) 0 10

v_TIMP.bsn Snow pack temperature lag factor 0.01 1

r_PCPMM Average total monthly precipitation -0.5 0.5

r_PCPSKW.wgn Skew coefficient for daily precipitation in month -0.5 0.5

r_PCPSTD.wgn
Standard deviation for daily precipitation in month 

(mm/d)
-0.5 0.5

v: parameter value is replaced by given value or absolute change; 
r: parameter multiplied by (a given value+1).

In this study, due to imperfect incomplete climate data, 
in addition to adding CRU data to observed climate data, expert 
knowledge is also incorporated in the calibration period. In this 
process, after each calibration run the fitted parameter values 

Figure 2c  Land use input map for SWAT model.
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were evaluated for each subbasin regarding the respective soil, 
land use, slope, and the other special characteristics of each 
subbasin. Then the new suitable ranges were selected for the 
parameters after consulting with regional experts for the next 
calibration period. In a conventional method, the new range of 
parameters for the next calibration run is determined by an opti-
mization program (i.e. SUFI-2 in this study).

Two evaluation criteria including coefficient of determin-
ation (R2, Equation 1), and the Nash–Sutcliffe coefficient (NS, 
Equation 2) were used to evaluate the efficiency of the models 
developed, as follows.

R2 =
Qm ,i−Qm( ) Qs ,i−Qs( )

i
∑⎡
⎣
⎢

⎤

⎦
⎥

2

Qm ,i −Qm( )2 Qs ,i −Qs( )2
i
∑

i
∑

(1)

NS =1−
Qm −Qs( )i

2

i
∑

Qm ,i −Qm( )2
i
∑

(2)

where:

	 Qm	 =	 observations values,
	 Qs	 =	 prediction values, 

m	 =	  averages of the observed values, and
s	 =	 averages of the prediction values.

 R2 describes the proportion of the variance in measured 
data explained by the model. R2 ranges from 0 to 1, with higher 
values indicating less error variance, and typically values >0.5 
are considered acceptable (Van Liew et al. 2003). NS indicates a 
normalized statistic that determines the relative magnitude of the 
residual variance (noise) compared to the measured data variance 
(information) (Nash and Sutcliffe 1970). It shows how well the 
plot of observed versus simulated data fits the 1:1 line. NS ranges 
between - and 1.0 (1 inclusive), with NS =1 being the optimal 
value. Values between 0.0 and 1.0 are generally viewed as accept-
able levels of performance, whereas values <0.0 indicate that the 
mean observed value is a better predictor than the simulated 
value, which indicates unacceptable performance.

3 Results and Discussion
3.1. Sensitivity Analysis and Model Calibration 
Sensitivity analysis results showed that all the eighteen selected 
parameters related to hydrology were sensitive to river discharge. 
Parameters such as pcpmm (average total monthly precipitation), 
Pcpskw (skew coefficient of daily precipitation in month) and 
pcpstd (standard deviation of daily precipitation in month), were 
the most sensitive parameters.

The calibration and validation model performance re-
sults using the SUFI-2 algorithm for the monthly discharge in the 
Kohnak watershed are presented in Figure 3 and Table 2. Using 
the observed climate data of three rain and temperature gauges 
as input in the SWAT model, the calibration results for the 

discharge station produced a poor performance as seen in Figure 
3 and Table 2 (i.e. R2 and NS values are 0.01 and −14 respectively). 
However the accuracy of model discharge prediction using solu-
tion methods (i.e. including CRU climate data and expert know-
ledge) increased significantly both in calibration and validation 
periods. NS and R2 values for calibration (0.43 and 0.45 respective-
ly) and validation (0.3 and 0.42 respectively) periods showed satis-
factory prediction of river discharge by the SWAT model. 

Figure 3  Comparison between the observed (solid line) 
and simulated (dashed line) monthly hydrographs at 
Kohnak outlet station for both calibration (top) and 
validation (bottom) periods. 

Table 2  Model performance evaluation results.

NS R2

Calibrationa −14 0.01
Calibrationb 0.43 0.45
Validationb 0.30 0.42
aCalibration values using just observed climate data. 
bCalibration and validation values using both solution methods: i.e. (1)observed + CRU climate 
data, and (2) incorporating expert knowledge in calibration period.

3.2 Quantification of Water Resources Components
Figure 4 shows the spatial distribution of blue water and the 
respective 95% uncertainty ranges for different subbasins in 
Kohnak watershed. The most important factor which contributes 
to the spatial pattern of blue water is the precipitation (Figure 5). 
The other factors which play roles in distribution of blue water 
across the watershed are land cover, soil type and topography.
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The high precipitation and the geological formation, with 
low permeability and steeper slopes in the northern part of the 
watershed, result in a relatively large amount of river discharge 
and thus blue water in northern and eastern subbasins of Kohnak. 
The 95% uncertainty ranges of average annual blue water are 
wider for some subbasins, which have greater precipitation, and 
greater blue water. The greater the blue water is (like subbasins 
2,3, and 8), the greater the uncertainty ranges are (Figure 4). Xu 
and Zuo (2014), studying blue and green water in the Wei River 
basin, China also reported that with increasing precipitation and 
blue water quantity, the uncertainty ranges increased. Faramarzi 
et al. (2009), estimated blue water values for the whole country 
of Iran using a SWAT model and reported values in two ranges 
41 mm/y to 60 mm/y and 61 mm/y to 200 mm/y, which are close 
to the simulated values in this study.

Figure 4  Spatial distribution of blue water in different 
subbasins of Kohnak watershed (top) and average 
annual simulated 95PPU ranges of the blue water flow 
for each subbasin (bottom).

Figure 5  Spatial distribution of precipitation in different 
subbasins of Kohnak watershed.

The green water storage (i.e. soil moisture) simulation re-
sults are presented in Figure 6. The results showed that the green 
water storage increased from upstream to downstream. The high-
est amounts of green water storage observed in subbasins 16 and 
20 in southern parts of the watershed. The green water storage 
in subbasin 16 showed great uncertainty, while in subbasins 8, 
5, 7, 1, 11, 3, 2 and 4 low uncertainties were estimated (Figure 6). 
The spatial variability of green water storage (soil moisture) is 
a result of soil depth, precipitation, and land cover and precipi-
tation. In northern parts of the Kohnak watershed, despite the 
higher precipitation, the green water storage is lower than in the 
southern subbasins due to less soil depth and water infiltration 
which caused more blue water (i.e. surface runoff; Figure 4). The 
green water storage is larger in the middle and lower subbasins. It 
indicates that these regions have relatively sufficient precipitation 
and green water resources, which are beneficial for the develop-
ment of rain fed agriculture.

Figure 7 shows the spatial distribution of green water flow 
(i.e. actual evapotranspiration) and respective 95% uncertainty 
ranges for different subbasins in the Kohnak watershed. The 
results showed that the lowest magnitude of green water flows 
were related to subbasins 8 and 17 with 150 mm/y to 200 mm/y. 

Precipitation (mm/y)

Blue water (mm/y)

Blue water (mm/y)
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The highest amount of green water flow observed in subbasin 16 
(351 mm/y to 400 mm/y). The green water flow spatial variability 
is a result of interactions between green water storage (i.e. soil 
water), land cover type, precipitation and soil depth (Xu and Zuo 
2014). In addition more information on management practices 
can increase the accuracy of SWAT predictions (Faramarzi et al. 
2009).

4 Conclusions
In this study the continuous semi-distributed SWAT model 

was successfully applied to quantify the green and blue water 
flows as well as the green water storage for the data scarce 

Kohnak watershed   located in the southwest of Iran. Combining 
CRU climate data with imperfect and incomplete local climate 
data, and integrating expert knowledge, for defining parameter 
ranges in the calibration period significantly increased the SWAT 
accuracy prediction for Kohnak river discharges. Calibration and 
validation results indicated satisfactory performance of the SWAT 
model in evaluating the hydrology of the watershed. The spatial 
distribution of blue and green water flows and green water stor-
age were presented for the entire watershed. Generally both blue 
and green water flows per unit of area decreased from upstream 
to downstream. The results obtained from this research are valu-
able for efficiently utilizing and allocating the water resources and 
planning of cultivation system and irrigation planning in this area.

Figure 6.  Spatial distribution of green water storage (i.e. 

soil moisture) in different subbasins of the Kohnak 

watershed (top) and average annual simulated 95PPU 

ranges of the green water storage for each subbasin 

(bottom).

Figure 7  Spatial distribution of green water flow (i.e. actual 

evapotranspiration) in different subbasins of the 

Kohnak watershed (top) and average annual simulated 

95PPU ranges of the green water flow for each subbasin 

(bottom).

Green water storage (mm/y)

Green water storage (mm/y) Green water flow (mm/y)

Green water flow (mm/y)
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