


 

many parameters and absence of physical realization, it is well-known that 
calibration of distributed watershed models is a very difficult task that doesn’t 
lead to a unique solution. Although some parameters have physical meaning but 
measuring of them for whole of watershed is not possible. 
There are different physically based hydrological models designed and applied to 
simulate the rainfall runoff relationship under different temporal and spatial 
dimensions. Many of these models share a common base in their attempt to 
incorporate the heterogeneity of the watershed and spatial distribution of 
topography, vegetation, land use, soil characteristics, rainfall and evaporation. The 
Soil and Water Assessment tool (SWAT) model is one of the watershed models 
that play a major role in analyzing the impact of land management practices on 
water, sediment and agricultural chemical yields in large complex watersheds. It 
is widely applied in many parts of the world (Arnold et al., 1998). An important 
issue to consider in the prediction of hydrology, sediment yield and water quality 
is uncertainties in the predictions. Analysis of uncertainty is often neglected in the 
evaluation of complex systems models, such as computational models used in 
hydrology or ecology. Furthermore, Uncertainty within model output is a major 
concern particularly when modeling results are used to set policy. Because of 
uncertainties associated with input, model structure, parameter, and output, the 
model predictions are not a certain value, and should be represented with a 
confidence range (Beven and Binley, 1992; Van Griensven et al., 2008). 
Furthermore, reasonable estimates of prediction uncertainty of hydrologic 
processes are valuable to water resources and other relevant decision making 
processes (Liu and Gupta, 2007). 
The use of several calibration and uncertainty analysis techniques are common 
among researchers in distributed watershed models. Methods like: generalized 
likelihood estimation (GLUE) (Beven and Binlley 1992), parameter solution 
(Parasol) (van Griensven and Meixner 2007), Markov chain Monte Carlo 
(MCMC) (Vrugt et al. 2003), and sequential uncertainty fitting (SUFI2) 
(Abbaspour et al., 2007). Yang et al. (2007) compared different uncertainty 
analysis techniques in connection to SWAT and found that SUFI-2 needed the 
smallest number of model runs to achieve a similarly good solution and prediction 
uncertainty. In addition SUFI-2 can easily be linked to SWAT and it can handle a 
large number of parameters and many calibration stations at the same time 
(Framarzi et al., 2009). The ultimate goal of the study is to set up the SWAT 
model for a large scale semi-arid Nishabour watershed and uncertainty assessment 
by using SUFI-2 method. 
 
Materials and methods 

Study area and data 

Nishabour watershed is located on the east of central Kavir and is in Razavi 
Khorasan province. Average of annual rainfall is about 260 mm and has a semi-
arid climate. Bianalud Mountains are located in the east north of watershed and 
elevations from sea level are decreases to West until lead to outlet of watershed. 



 

Table 1 showed the important characteristics of Nishabour watershed. In this 
study, the weather variables used for driving the hydrological balance are daily 
precipitation from six stations, minimum and maximum air temperature from two 
stations for the period 1992-2001 (Fig.1). Due to topographic variation in the 
region, 7 elevation bands were defined with laps rate of 0.154 m per 1 km 
elevation for precipitation, and 6 ºc per 1 km for temperature in the watershed. 
Digital Elevation Model with 50 m resolution was constructed from 1:25000 
topographic maps. Landuse and soil map of watershed were also prepared with 
the scale of 1:100000. 

    

Table 1. Physical Characteristics of  Nishabour watershed 

Area 
(km2) 

Mean Slope 
(%)  

Mean Elevation 
(m)  

Minimum 
Elevation (m)  

Maximum 
Elevation (m) 

9349 11.4  1555 1065 3305 

 

 
Figure 1. Nishabour watershed location in Khorasan Razvi province accompanied by stream 

network and meteorological stations 

 

SWAT Model and ArcSWAT Interface 

SWAT is a public domain model developed by Arnold et al. (1998). It is a 
spatially distributed, continuous river watershed  scale  model  developed  to  
predict  the  impact  of land management practices on water, sediment and 
agricultural  chemical  yields  in  large  complex watersheds with varying soils, 

Outlet 



 

land use and management conditions over long periods of time (Neitsch et al., 
2005). SWAT is also a computationally efficient simulator of hydrology and 
water quality at various scales. The main components of SWAT are hydrology, 
climate, nutrient cycling, soil temperature, sediment movement, crop growth, 
agricultural management and pesticide dynamics. Spatial parameterization of the 
SWAT model is performed by dividing the watershed into sub-basins based on 
topography. These are further subdivided into a series of hydrologic response 
units (HRU) based on unique soil and land use characteristics. SWAT represents 
the local water balance through four storage volumes: snow, soil profile (0–2 m), 
shallow aquifer (2–20 m) and deep aquifer (>20 m). The soil water balance 
equation is the basis of hydrological modelling. The simulated processes include 
surface runoff, infiltration, evaporation, plant water uptake, lateral flow and 
percolation to shallow and deep aquifers. Surface runoff is estimated by a 
modified Soil Conservation Service (SCS) curve number equation using daily 
precipitation data based on soil hydrologic group, land use/land cover 
characteristics and antecedent soil moisture. In this study, potential 
evapotranspiration (PET) was simulated using   the Hargreaves method 
(Hargreaves et al., 1985). Actual evapotranspiration (AET) was predicted based 
on the methodology developed by Ritchie (1972). The daily value of the leaf area 
index (LAI) was used to partition the PET into potential soil evaporation and 
potential plant transpiration. LAI and root development were simulated using the 
crop growth component of SWAT.  A more detailed description of the model is 
given by Neitsch et al. (2005).  In this study, we used Arc-SWAT in which 
currently is embedded in an ArcGIS interface (Winchell et al., 2009). 
   

Uncertainty Analysis and SUFI-2 

Distributed watershed models suffer from large model uncertainties. There are 
three major sources of uncertainty in the outputs of a watershed model: conceptual 
model (structural) uncertainty, input uncertainty and parameter uncertainty. 
According to Abbaspour et al. (2009) the conceptual model uncertainties are due 
to: 

1. Simplifications in the conceptual model. For example, the  simplifications  
in  a  hydrological  model,  or  the assumptions  in  the  equations  for  
estimating  surface erosion and sediment yield. 

2. Processes occurring in the watershed but not included in the model. For 
example, wind erosion, soil losses caused by landslides. 

3. Processes that are included in the model, but their occurrences in the 
watershed are unknown to the modeler or unaccountable; for example, 
reservoirs, water diversions, irrigation, or farm management affecting 
water quality. 

4. Processes that are not known to the modeler and not included in the model. 
These include dumping of waste material and chemicals in the rivers, or 
processes that may last for a number of years and drastically change the 



 

hydrology or water quality such as constructions of roads, bridges, tunnels 
and dams. 

The uncertainty in input is by the errors in model input variables such as rainfall, 
temperature and extension of point data to large areas in distributed models. 
Parameter uncertainty is usually caused  as  a  result  of  inherent  non-uniqueness  
of  parameters  in  inverse  modeling. 
In this study the program SUFI-2 (Abbaspour et al., 2007) was used for a 
combined calibration and uncertainty analysis. In SUFI-2, parameter uncertainty 
accounts for all sources of uncertainties such as uncertainty in driving variables 
(e.g. rainfall), parameters, conceptual model and measured data (e.g. observed 
flow, sediment). In SUFI-2, the degree to which all uncertainties are accounted for 
is quantified by a 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. Latin hypercube 
sampling is used to draw independent parameter sets (Abbaspour et al., 2007). 
The ideal value for p-factor is where all of observed values are enclosed by the 
95PPU (p-factor equals 1). Another  measure  quantifying  the  strength  of  a 
calibration/uncertainty analysis is the so called r-factor, which  is  the  average  
thickness  of  the  95PPU  band divided by the standard deviation of the measured 
data. The magnitude of r-factor is directly related to the amount of uncertainty in 
the simulated outputs. In other words, the larger the r-factor the larger the 
uncertainty. The ideal value for the r-factor is when it is close to zero (uncertainty 
in predicted output is minimum). When acceptable values of r-factor and p-factor 
are reached, the parameter uncertainties are the desired parameter ranges. The 
objective function chosen in this study is defined as (Krause et al., 2005):  

 
(1) 

 
 

Result and discussion 
The SWAT first is set to a period of 10 years of simulation (1992-2001). The 
watershed was divided into 22 subbasins. Furthermore, to have a better spatial 
resolution the multiple HRU definition was used for each subbasin and finally, the 
watershed was divided into 146 HRUs. Continuous discharge data of the station 
located at the outlet of the watershed are used for model calibration and 
validation. Due to some errors of measured discharge data, we have to reduce the 
warm up, calibration and validation period. So, the mentioned periods is set to 1 
year (12 months), 4 years (48 months) and 3 years (36 months) respectively.  

Parameter uncertainty 
To calibrate the watershed model, first we selected 29 parameters of SWAT for 
stream flow calibration based on the literature (Abbaspour et al., 2007; Faramarzi 
et al., 2009). The absolute sensitivity analysis indicated that 20 out of 29 
parameters are pretty sensitive to stream flow variation. Table 2 showed the initial 



 

parameter range before calibration and final parameter range after model 
calibration. These parameters were set into the SUFI-2 algorithm. The 95PPU as 
calculated represents a combined model prediction uncertainty including 
parameter uncertainty resulting from the non-uniqueness of effective model 
parameters, conceptual model uncertainties, and input (i.e., rainfall) uncertainties. 
In SUFI2, the combined effect of all uncertainties is depicted by the final 
estimates of parameter uncertainties. For calibration, the model was run for 4 
iteration and in each iteration, 500 model calls were performed, for a total of 2000 
simulations. The calibration parameters and their initial and final ranges are 
presented in table 2. Figure 2 and 3 illustrates the 95PPU intervals of the last 
iteration for an extract of the calibration and validation period at the station 
located in the main outlet of the watershed. In the initial iteration, 80% of the 
observed monthly runoff values were within the 95PPU, but the R-factor was 
quite large (4.66) indicating large model uncertainties.  In subsequent iterations 
for the calibration period the R-factor decreased to 1.41 (validation: 2.8) but the 
95PPU bracketed only 67% of the observed discharge values (53% for validation). 

Conceptual model uncertainty 
The large 95PPU band (or large r-factor) in calibration and validation period 
indicates that the uncertainty in the conceptual model is also very important, and 
in our case quite large. It seems that not all processes, especially some that are 
important of the watershed, are included in the model. We believe that these 
processes are mainly related to the Establishment of several reservoirs in the 
upstream, which are made for facilitating the percolation of surface water into 
groundwater reservoirs. Furthermore, Land subsidence in some parts of the 
watershed especially in the west of the watershed (Lashkari et al., 2010). Another 
reason is the complexity in hydrological system for arid regions that related to 
simplification of models, also complex behavior between runoff and subsurface 
flow in low depth of rainfall events (Pilgrim et al., 1988; Hantush and Kalin, 
2005). 
Beyond the conceptual model uncertainty, it also seems that input data 
uncertainties exist because the p-factor especially in validation period is very low 
(53%). It may be related to input rainfall data and also the weak spatial variation 
of the station in the watershed.  
 

Table 2. Summary of the SWAT model parameters with initial and final range. 

Final range  Initial range  Parameter 

[-0.1, -0.05] [-0.2, 0.2] r__CN2.mgt______PAST*  
[0.1, 0.17] [-0.2, 0.2] r__CN2.mgt______RNGB  

[-0.18, -0.08] [-0.2, 0.2] r__CN2.mgt______MIXC  
[-0.06, 0.05] [-0.2, 0.2] r__CN2.mgt______CRDY  
[0.08, 0.17] [-0.2, 0.2] r__CN2.mgt______RNGE  
[0.02,0.18] [0, 0.5] r__GW_DELAY.gw  
[0.1, 0.15] [-0.1, 0.2] r__RCHRG_DP.gw  

[-0.8, -0.65] [-0.3, 0.3] r__GWQMN.gw  
[0.24, 0.4] [0.1, 0.6] v__ALPHA_BF.gw  



 

[-0.04, 0.1] [-0.3, 0.3] r__SOL_AWC().sol  
[0.12, 0.25] [0,0.7] r__SOL_K().sol  
[-0.02, 0.09] [-0.17,0.1] r__SOL_BD().sol  
[0.2, 0.36] [0.1, 0.6] v__ESCO.hru  
[0.06, 0.15] [-0.2, 0.2] r__SLSUBBSN.hru  
[0.08, 0.096] [0.03, 0.1] v__CH_N2.rte  

[0.017, 0.031] [0.01, 0.06] v__CH_N1.sub  
[1.6, 2.5] [2, 5] v__SFTMP.bsn  
[2.9, 3.6] [3, 5] v__SMTMP.bsn  
[0.9, 1.7] [0, 6] v__MSK_CO1.bsn  

 [2.17, 2.92] [0,7] v__MSK_CO2.bsn  
The qualifier (v_) refers to the substitution of a parameter by a value from the given range, 
while (r_) refers to a relative change in the parameter where the current value is multiplied 
by 1 plus a factor in the given range. 
 

 
Figure 2. 95PPU and observed monthly streamflow at the watershed outlet; calibration 

period 



 

 
Figure 3. 95PPU and observed monthly streamflow at the watershed outlet; validation 

period 
 
 

Conclusion 
Reasonable application of distributed and conceptual hydrological models is an 
important issue in watersheds for researchers, especially in arid and semi-arid 
regions, the hydrological behaviors are complicated in such watershed and 
calibration will be more difficult. In this article we address some calibration and 
uncertainty issues using SWAT to model a 9350 km2 Nishabour watershed. 
Results showed that calibration and validation of watershed model is not very 
satisfactory especially in validation period, because of high uncertainties in 
conceptual model such as dam structures, land subsidence and the complexity in 
hydrological system for arid regions. Finally, concluded that we cannot rely on 
distributed hydrologic models for water resources management in arid and semi-
arid regions with different source of uncertainty and without their consideration.  
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