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Identifying the most sensitive evapotranspiration 

routine parameter in an agriculture watershed by using 

HBV 

 
Abhishek Ranjan, DM Denis and H Mishra 

  
Abstract 
This research prioritizes the parameters influencing evapotranspiration using a conceptual rainfall-runoff 

semi-distributed conceptual model, known as Hydrologiska Byråns Vattenbalansavedlning (HBV), for a 

small irrigated agricultural watershed in the northern semi-arid region of Uttar Pradesh, India. Lands in 

the watershed are mostly agricultural with wheat and paddy as the major crops. It also has pastures and 

orchards with a few ponds that run dry during summer. All parameters used by the model to simulate 

evapotranspiration are parameterized. The considered parameters are successfully modeled, calibrated, 

validated and their sensitivity obtained. The study prioritizes the parameters that influence 

evapotranspiration in descending order with the most sensitive the first and the least, last. The parameter 

“athorn” responsible for quantifying Evapotranspiration is identified as the most sensitive parameter. 

Objective functions as BIAS, RMSE, R2, NSE, and RE are mostly minimum at a sensitivity range of -

10% and +10% of “athorn” and its value ranges between from 0.83 to 0.083. 

 

Keywords: Evapotranspiration, HBV model, sensitivity analysis, identifiability analysis, infiltration, 

percolation 

 

Introduction 

Evaporation and transpiration occur simultaneously and there is no easy way of distinguishing 

between the two processes. (Vanderlinden, K., et al, 2004) [55] When the crop is small, water is 

predominately lost by soil evaporation, but once the crop is well developed and completely 

covers the soil, transpiration becomes the main process. Evapotranspiration is 

an important process in the water cycle because it is responsible for 15% of the atmosphere's 

water vapor (Paul J. et al, 2012) [39]. If one predicts evapotranspiration rates, one will be able 

to estimate the water demands of the crop. This may help in the decision of whether to irrigate 

or not (Singh et al, 1995) [50]. Evapotranspiration (ET) is the second largest component of the 

terrestrial water budget after precipitation. In semi-arid regions, about 90% of annual 

precipitation is consumed in ET (Suat Irmak, 2017) and the accurate estimation of ET is 

required for efficient management tasks from local to regional scales, such as irrigation water 

management. Evapotranspiration is not easy to measure; specific devices and accurate 

measurements of various physical parameters or soil water balance in lysimeter are required to 

determine the evapotranspiration. These methods are often expensive and demanding in terms 

of accuracy of the measurement. A few methods are: Energy balance (Walker et al., 2011) [56] 

micro climatologically methods (Teng-Fei, et al. 2017) [53], Soil water balance (Jensen, 2014), 

ET computed from meteorological data (Teng-Fei, et al. 2017) [53], also evapotranspiration 

estimated from pan evaporation method (Jensen, 2010) [30].  

The most widely used approach is the one recommended by the Food and Agriculture 

Organization (FAO), where ET is calculated by a reference crop evapotranspiration (ETo) 

multiplied by a crop-specific coefficient (Allen et al., 1998). These methods are generally 

categorized as temperature, Radiation, and a combination of input data required. It is well 

recognized that if ETo is calculated by a different method (Ghobari. A.L, 2000). such as, 

Penman-Monteith, Priestley-Taylor, pan evaporation, Hargreaves, Blaney Criddle, Pan 

Evaporation, Christiansen Pan Evaporation etc, although the combination based Penman-

Monteith equation is considered as the best methods (Allen et al., 1998), across a wide range 

of climates and is recommended by the FAO as the standard method (Tamm. T, 2002) [51]. In 

some parts of the world, in a semi-arid climate, Hargreaves and Samani (1985) [26] may be 

suitable for the prediction of ETo (Hargreaves, G.L, 1985) [26]. 
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Why uses this model 

The Hydrologiska Byråns Vattenbalansavedlning (HBV) 

model, which was developed by the Swedish Meteorological 

and Hydrological Institute (SMHI) in 1972, is widely used as 

a water balance model. Its capability in conducting 

hydrological analysis related to the water balance is well 

known and it has been used in more than 30 countries 

(Bergstrom, 1992) [8]. Das et al. (2008) [15] have shown a 

strong performance of the distributed HBV model. Several 

important strengths of the HBV model are its physically based 

parameters, (Teixeira, 2008) [52]. Which are useful due to the 

simplicity of linking them to physical attributes. The 

excessive number of free parameters as compared with other 

models the HBV model has only eight parameters, while the 

Sacramento model, Xinanjiang model, NedbØr-AfstrØmnings 

(NAM) model, and Pitman model have 21, 15, 15, and 16 

parameters, respectively (Gan et al., 1997) [19]. Simple data 

demands, user-friendliness, ease of operation and high level 

of performance (Lindstrom et al., 1997) [31, 33]. Singh (1995) 
[50] has also shown the broad usage of the HBV model over a 

wide span of geographical and climatologically conditions. 

Although the HBV model has generally been used in 

relatively more humid regions than Europe, where the HBV 

model was developed, such as the northern part of China, 

(Steven. R.R., et al. 2015) [49] its applicability to more arid 

regions was also evaluated, including some successful 

applications in arid regions of Indonesia (Dance, 2012; 

Sanata, 2013) [14]. In India HBV model are more evaluated in 

Himalayan basins (Doherty & Johnston, 2003) [17]. Looking 

into its applicability worldwide an effort is made to use it for 

“Identifying the most sensitive Evapotranspiration routine 

parameter in an Agriculture watershed”. 

 

Materials and Method 

Study area 

The study area, (Figure 1) Semrakalwana watershed is a small 

Agriculture watershed in Allahabad district located at latitude 

of 250 18’ 30’’N and longitude of 81048’30’’E and comes 

under the UTM zone 44N. The soils in this watershed are 

mostly clay loam, sandy loam, and loam. The major crops 

grown in the village are wheat and paddy followed by pulses 

and potatoes (Denis. D. M., et al 2016; Mishra. H.,et al 2017; 

Renthlei. Z., et al 2017) [42]. This watershed also has a few 

ponds that are dry in summer and it is irrigated by canals that 

pass through it. 

 

 
 

Fig 1: Location map of the study area 

 

About the HBV model 

The HBV model is a conceptual hydrological model and 

quantifies all parameters of the hydrologic cycle under all 

climate conditions especially in Scandinavian countries. It is 

used to assist hydropower operations by providing 

hydrological forecasts in Germany (Bergstrom, 1995) [7, 9]. 

HBV model has been applied in more than 40 countries all 

over the world (Lindstrom, 1997) [31, 33]. It has been applied to 

countries with such different climatic conditions, for example, 

Sweden, Zimbabwe, India, and Colombia. The model has 

been applied for scales ranging from lysimeter plots 

(Lindstrom and Rodhe, 1992) to the entire Baltic Sea drainage 

basin (Bergstrom and Carlson, 1994; Graham, 2000) [23]. The 

model has a snow routine, soil routine, and a runoff 

generation routine called the response routine. The soil 

routine groundwater recharge and actual evaporation are 

simulated as functions of actual water storage.  

The HBV model is set up using hourly hydro-meteorological 

data. In (Figure 2) model input data are required as rainfall, 

air temperature, and potential evapotranspiration. Land cover 

and discharge are also needed for the validation and 

calibration. Further, the model is used as a semi-distributed 

model by dividing the catchment into subbasin (Andreassian 

V et al., 2004) [3]. Each subbasin is then divided into zones 

according to altitude, the lake area, and vegetation. The model 

is normally run on daily values of rainfall and air temperature, 

and daily or monthly estimates of potential evaporation (Peter 

E., 2007) [40]. The model is used for flood forecasting in the 

Nordic countries, and many other purposes, such as spillway 

design floods simulation (Bergstrom et al., 1992) [8], water 

resources evaluation (Brandt et al., 1994) [11], nutrient load 

estimates (Arheimer, 1998) [5], etc. 
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Fig 2: Flow diagram represents the process and structure of the HBV model. 

 

HBV model component 

Soil routine 

The major parameters influencing the soil routine are the ones 

controlling the response function as a ratio of the effective 

precipitation (ΔQ) and the contribution of runoff (ΔP). They 

are an empirical coefficient (β) that controls the contribution 

to the response function and controls the drainage from the 

soil and is given in Equation 1. 

 
 Δ𝑄

Δ𝑃
= (SM/FC)β     Equation 1 

 

Where,  

SM is the computed soil moisture and FC is maximum soil 

moisture storage. 

The limit for the potential evapotranspiration is lp in mm and 

fc is field capacity in mm. lp is always a fraction of fc. LP is a 

soil moisture value above which the evapotranspiration 

reaches its potential value. The standard HBV model is run 

with monthly data of long term mean potential 

evapotranspiration, usually based on the Penman formula 

(Penman, 1956) [39]. The model calculates the potential 

evapotranspiration using the Thornthwaite method if the 

parameter “athorn” is greater than 0 else the model uses 

Penman formula. (Penman, 1956) [39]. In equation 2 given 

below explains it’s better.  

 

Potential evaporation = athorn · T (= 0 if T < 0) Equation 2 

 

Where, 

T is the actual air temperature. Thereafter a parameter stf is 

used. Stf describes the seasonal variation and is multiplied 

with athorn. It has three values 0, 1or 2. If 0 stf means no 

factor is used, 1 means 0 that the following factors are used 

(one for each month) [0.7 0.7 0.8 1.0 1.3 1.2 1.1 1.0 0.9 0.8 

0.7]. If stf = 2 is used athorn is multiplied by [0.6 1.9 2.4 1.8 

1.4 1.3 1.0 0.9 0.6 0.4 0.2 0.3]. These values were developed 

for Scandinavian conditions and cannot be assumed to be 

valid in general for this region of the planet.  

 

Methodology 

This research involves identifying the most sensitive 

Evapotranspiration routine parameter in an agricultural 

watershed using the HBV model. This research was carried 

out in three main stages which are: Calibration, Validation 

and Sensitivity analysis. 

 

Calibration  

Calibration is a process to search for the best parameter values 

that can be carried by following a trial and error procedure, 

which was the most used approach in the past (Habtom. B.K. 

2009) [24]. Accordingly, one makes an initial guess of the 

parameter value and runs the model, therefore, obtaining 

simulated data values that are visually compared with the 

corresponding observations (Brath, A et al, 2006). If the 

simulation is not satisfactory the parameter value is changed 

and the model is run again. The simulation is repeated until a 

satisfactory solution is obtained. (Abebe et al, 2010) [1]. An 

important part of the hydrological modeling process is to 

establish that the results are simulated by the model with the 

physical system to be representing (Seibert. J et al., 2012) [48]. 

The hydrological model is calibrated to get a good fit between 

the observed and simulated variables. The calibration method 

for the HBV model developed by (Harlin 1991) [25] used as 

different criteria for different parameters and optimization is 

made for one parameter at a time while keeping the others are 

constant (Press et al, 2010). 
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An important part of the hydrological modeling process is to 

establish that the results are simulated by the model with the 

physical system it represents (Abebe et al., 2010) [1]. The 

hydrological model is calibrated to get a good fit between the 

observed and simulated variables with the main parameter are 

used in this model are discussed below in Table 1.  
 

Table 1: The parameters calibrated, validated and checked for sensitivity analysis are 
 

parameter Parameter descriptions Unit 

ALFA Recession coefficient for the upper soil strata when water discharge equals to hq mm/day 

ATHORN For the quantification of Potential Evaporation mm/day0C 

BETA Exponent formula for drainage from soil No unit 

CEVPL Evaporation from lakes/ water bodies mm/day 

CFLUX Maximum capillary flow from upper strata to soil moisture zone mm/day 

CRITSTEP Number of time steps for which, the results are accumulated before calculation No unit 

ETF Temperature factor for evaporation No unit 

FC Field capacity mm 

HQ Recession coefficient for the upper soil strata when water discharge is equals to hq mm/day 

K0 Top recession coefficient for upper soil strata. per/day 

K4 Recession coefficient for lower soil strata per/day 

KHQ Recession coefficient for the upper soil strata when water discharge equals to hq per/day 

LP Limit for potential evaporation No unit 

PCALT Elevation correction factor for precipitation 1/100 m 

PCALTL Elevation of the station m 

PREC Precipitation mm 

RECSTEP Depending on the outflow from the soil strata No unit 

SOILSTEP 
Soil zones will be considered as one zone and only one soil computation 

will be performed at each time step to save computation time 
No unit 

STF 
Used to turn on a set of seasonal factors by which the parameter 

athorn will be multiplied 
mm/day0C 

UZL0 Lower limit for k0 recession mm 

 

Validation  

Validation is a process of signifying that a site-specific model 

is accomplished in making precise predictions periods 

exterior a calibration period (Refsgaard J. C and Knudsen 

1996) [45]. A validation process involves two distinct steps: (a) 

Validation Check and (b) Post-Check action. The check step 

uses one or more computational rules to determine if the data 

is valid. The Post-validation action sends feedback to help 

enforce validation (Royce. F.L. 2004) [43]. The data series are 

going to into three sets. The first set of two years for warming 

the model and the second set of three years for calibration and 

remaining set for the validation (Fenicia. F et al. 2007) [18]. 

The objective functions are available in the HBV for testing 

the validity of modeling at the Semrakalwana Catchment with 

the HBV model. The objective functions used to measure the 

reliability of the model between calculated and the observed 

and correlation coefficient R2 (Gitte. B et al. 2009) [20]. 
 

Sensitivity Analysis 

‘Sensitivity analysis’ aims to describe how much model 

output values are affected by changes in model input values. 

It explores how changes in the model output can be 

qualitatively and quantitatively attributed to different change 

sources (Refsgaard et al., 1995) [44], of sensitivity analysis 

indicate the sensitivity of simulation to uncertainties in the 

values of input data in the model. Sensitivity analysis attempts 

to establish how the model depends on the attributed values, 

structure and assumptions (Fenicia. F et al, 1995). It is an 

important method for testing the quality of a given model, and 

it is also used for checking the reliability of the analysis 

(Bardossy. 2008) [6]. It helps in analyzing how sensitive the 

output is the changes in one input while keeping the other 

inputs constant. An objective function is used to establish the 

sensitivity of the parameters. 

The objective functions used in this research are BIAS, Root-

mean-square error (RMSE), coefficient of determination (R2), 

Nash-Sutcliffe efficiency (NSE) and Relative error (RE). 

In statistics, the BIAS of an estimator is the difference 

between this estimator's expected value and the true value of 

the parameter value and true value of the parameter being 

estimated. An estimator (or) decision rule with zero BIAS is 

called UNBIASED (Merz. R., et al. 2004) [35]. 

 

BIAS = abs (
1

n
(∑ [Qabs,i

n
i=1 − Qprd,i])) Equation 3  

 

Where 𝑄𝑎𝑏𝑠,𝑖 and 𝑄𝑝𝑟𝑒𝑑,𝑖 are the observed and predicted flow 

for each time step and 

‘n’ is the number of steps in the simulation period considered.  

Root-mean-square deviation (RMSD) or Root-mean-square 

error (RMSE) is a frequently used measure of the difference 

between values (sample and population values) predicted by a 

model (or) an estimator and the values observed (Almorox et 

al., 2004) [2]. 

 

RMSE = √∑ [Qabs,i−Qprd,i]
2n

i=1

n
   Equation 4  

 

Where 𝑄𝑎𝑏𝑠,𝑖 and 𝑄𝑝𝑟𝑒𝑑,𝑖 are the observed and predicted flow 

for each time step and n is the number of steps in the 

simulation period considered.  

𝑅2 is a statistical measure of how close the data are to the 

fitted regression line. It is also known as the coefficient of 

determinate, or the coefficient of multiple determinates for 

multiple regressions (Nash and Sutcliffe, 1970) [37]. In 

statistics, the coefficient of determination𝑅2 is a number that 

indicates the proportion of the variance independent variables 

that is predictable from the independent variable. 

 

R2 = 1 −
∑ [Qobs,i−Qprd,i]

2n
i=1

∑ [Qobs,i−Q̅obs,i]
2n

i=1

   Equation 5  
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Where, 𝑄𝑎𝑏𝑠,𝑖 and 𝑄𝑝𝑟𝑒𝑑,𝑖 are the observed and predicted flow 

for each time step and n is the number of steps in the 

simulation period considered (Healy, M.J.R. 1984) [27].  

The Nash-Sutcliffe model efficiency coefficient (E) is 

commonly used to assess the predictive power of hydrological 

discharge models. However, it can also be used to 

quantitatively describe the accuracy of model outputs for 

other things than discharge (such as nutrient loadings, 

temperature, contractions etc.) (Petersen, C.T et al., 1995) [41] 

 

NSE = 1 − (
∑ (Qsi−Qoi)2n

i=1

∑ (Qoi−Q̅oi)2n
i=1

)   Equation 6 

 

Where, Qs, Qo, and Qo are, respectively, the simulated flow, 

observed flow, and average observed flow. Nash-Sutcliffe 

efficiencies can range from -∞ to 1. An efficiency of 1 (E=1) 

corresponds to a perfect match between model and 

observations. An efficiency of 0 indicates that model 

predictions are as accurate as the mean of the observed data, 

whereas an efficiency less than zero (-∞ < E < 0) occurs when 

the observed mean is a better predictor than the model. 

Essentially, the closer the model efficiency is to 1, the more 

accurate of the model. 

The relative error indicates how good measurement is relative 

to the size of the thing being measured. The relative 

approximation error is usually defined as the ratio of the 

absolute error and actual value (Beven, 2003) [10]. 

 

RE =
∑ (Qoi−Qsi)n

i=1

∑ Qoi
n
i=1

    Equation 7  

 

Where Qs, Qo, and Qo are, respectively, the simulated flow, 

observed flow, and average observed flow. 

 

Results and Discussion 

This chapter deals with the results and discussion obtained by 

adopting the methodology given above. It “Identifying the 

most sensitive Evapotranspiration routine parameter in an 

Agriculture watershed by using HBV” the parameter 

influencing ETp, which using a conceptual model HBV. The 

model is calibrated, parameter parameterized and range of the 

parameter is identified to repersent in Table 2. The Objective 

function is used to find the acceptable range of each 

parameter influencing the ETp. 

 

Table 2: Show parameter used in Initialization the model 
 

S. No. Parameters Initial Values Lower limit Upper limit Sensitivity Minimum Range 

1 ALFA 1 0.1 3 NO CHANGE 1 

2 ATHORN(mm/dayoC) 0.166 0.0166 0.498 0.083 to 0.83 0.1494 – 0.1826 

3 BETA 1.34 0.134 4.02 NO CHANGE 1.026 & 1.474 

4 CEVPL 1.15 0.155 3.45 NO CHANGE 1.15 

5 CFLUX (mm/day) 1.5 0.15 4.5 NO CHANGE 1.35 & 1.65 

6 CRITSTEP 1 0.1 3 NO CHANGE 1 

7 ETF -1 0.1 -3 NO CHANGE -1 

8 FC (mm) 200 20 1500 NO CHANGE 100 & 200 

9 HQ (mm/day) 2 0.2 6 NO CHANGE 2 

10 K0 (per/day) 1 0.1 3 NO CHANGE 1 

11 K4 (per/day) 0.0054 0.00054 0.0162 NO CHANGE 0.0054 

12 KHQ (per/day) 0.124 0.0124 0.372 NO CHANGE 0.1364 & 0.1116 

13 LP 3 0.1 1 NO CHANGE 0.9 & 1.1 

14 PCALT 0.6 0.01 0.3 NO CHANGE 0.09 & 0.11 

15 PCALTL (m) 500 50 1500 NO CHANGE 450 & 550 

16 PREC (mm/day) 3 0.3 9 NO CHANGE 2.1 

17 RECSTEP 1 0.1 3 NO CHANGE 1 

18 SOILSTEP 3 .3 9 NO CHANGE 3 

19 STF 1 0.4 12 NO CHANGE 1 

20 UZL0 1 0.1 3 NO CHANGE 1 

 

Sensitivity analysis for ‘athron’ 

When, stf is 1 athron is a correction factor and the acceptable 

range of the athron has been found be between -10 to +10 of 

0.083. Between this range the R2 is found to be maximum, 

BIAS minimum, RMSE is minimum, NSE maximum and RE 

minimum.  

The below graph shows the difference between objective 

functions for ‘athorn' parameter. The Figure 3 shows the 

graph in between Parameter percentage change and Objective 

function values. There are changes happened in ETp 

(Evapotranspiration) while using this parameter in the model. 

In this graph, we also show the R2, RMSE, BIAS, NSE & RE. 

The objective function value will be minimum at -10% to 

10%. 

All model parameters could be compared on a standard scale 

and sensitivity result based on an RMSE measure. In the HBV 

model formulation, ‘athron' plays a key role in partitioning 

the effect of ETp. 
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Fig 3: Sensitivity analysis for ‘athron’ 

 

Analysis for ‘BIAS’  

In statistics, the BIAS of an estimator is the difference 

between this estimator's expected value and the true value of 

the parameter value and true value of the parameter being 

estimated. An estimator (or) decision rule with zero BIAS is 

called UNBIASED. 

 

Analysis for ‘RMSE’  

Root-mean-square error (RMSE) is a frequently used measure 

of the differences between values predicted by a model. The 

RMSD represents the sample standard deviation of the 

differences between predicted values and observed values. 

These individual differences are called residuals when the 

calculations are performed over the data sample that was used 

for estimation and is called prediction errors. 

 

Analysis for ‘R2’  

In statistics, the coefficient of determination 

denoted R2 or r2 and pronounced "R squared", is a number 

that indicates the proportion of the variance in the dependent 

variable that is predictable from the independent variable. 𝑅2 

Is a statistical measure of how close the data are to the fitted 

regression line. It is also known as the coefficient of 

determinate, or the coefficient of multiple determinations for 

multiple regressions. In statistics, the coefficient of 

determination 𝑅2 is a number that indicates the proportion of 

the variance independent variables that is predictable from the 

independent variable.  

 

Analysis for ‘NSE’  

Nash–Sutcliffe efficiency can be used to quantitatively 

describe the accuracy of model outputs other than discharge. 

This method can be used to describe the predictive accuracy 

of other models. Nash–Sutcliffe efficiency can range from −∞ 

to 0. The Nash-Sutcliffe model efficiency coefficient (E) is 

commonly used to assess the predictive power of hydrological 

discharge models (Graham, 2000) [23]. However, it can also be 

used to quantitatively describe the accuracy of model outputs 

for other things than discharge. An efficiency of 1 (E=1) 

corresponds to a perfect match between model and 

observations. An efficiency of 0 indicates that model 

predictions are as accurate as the mean of the observed data, 

whereas an efficiency less than zero (-∞ < E < 0) occurs when 

the observed mean is a better predictor than the model. 

 

Analysis for ‘RE’ 

The relative error indicates how good measurement is relative 

to the size of the thing being measured. The relative 

approximation error is usually defined as the ratio of the 

absolute error and actual value. 

 

 
 

Fig 4: Simulation of ETp for model Warming Period 2009-2010. 
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Simulation results of the Calibration Period 

The optimum values of the evapotranspiration routine 

parameters (ALFA, ATHORN, and STF) were determined by 

considering the coefficient of determining (R2) as high as 

possible. The selection of the best parameter set was made 

based on quantitative interpretation. For warming of model 

(Figure 4) to simulate the evapotranspiration in 2009-2010. 

 

Table 3: Acceptable range of the parameters and objective function values range 
 

S. No Parameters 
Acceptable 

Range 

Objective Function 

R2 RMSE BIAS NSE RE 

1 Athorn 0.1494 – 0.1826 0.998615 to 0.997892 0.013996 to 0.013996 0.845899 to 0.845898 0.989982 to 0.989982 -0.1 to 0.1 

 

Low field capacity (50 mm) suggests a system, which is filled 

quickly. In this way, water is available for direct runoff. 

Moreover, a high value of ALFA is needed to capture the 

quick response of the system. All the parameters represent the 

characteristics of the catchment. During the calibration, it is 

seen that athron was the most sensitive parameter for 

evapotranspiration and other parameters have not been 

changed during model calibration. 

 

 
 

Fig 5: Relationship between observed and simulated ETp by 

calibrated parameters for 2009-10. 

 

The parameters calibrated are given in Table 3. These 

parameters were calibrated for the years2009, 2010, 2011, 

2014 and 2015. Results of ETp obtained are shown in the 

figures 5-15. Parameters shown in Table 4. are responsible for 

the Potential Evapotranspiration. 

 

 
 

Fig 6: Observed and Calibrated ETp for 2010 

 

 
 

Fig 7: Relationship between observed and simulated ETp by 

calibrated parameters for 2010 

 

 
 

Fig 8: Observations and Calibration ETp for 2011 

 

 
 

Fig 9: Relationship between observed and simulated ETp by 

calibrated parameters for 2011. 
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Simulated values are very high in magnitude compared to the 

Observed values, so an adjustment has to be done in the 

simulated values for 2014 & 2015 is to be done in Table 4 and 

Table 5. 

 
Table 4: Contents to be reduced from the simulated ETp values to 

adjust the rise in magnitude for the simulated ETp for the months of 

the year. 
 

Months ETp values 

January – March 2.8 

April 5.8 

May 6.8 

June 7.8 

July 6.8 

August - October 5.8 

 

 
 

Fig 10: Observed and Calibrated ETp for 2014. 

 

 
 

Fig 11: Relationship between observed and simulated ETp by 

calibrated parameters for 2014 

 

Table 5: Contents to be reduced from the simulated ETp values to 

adjust the rise in magnitude for the simulated ETp for the month of 

the year. 
 

Months ETp Values 

January – February 5.5 

March 6.0 

April 6.1 

May 7.3 

June 6.3 

July 7.0 

August 7.9 

September – October 7.3 

November 6.0 

December 5.2 

 
 

Fig 12: Observed and Calibrated ETp for 2015 

 

 
 

Fig 13: Relationship between observed and simulated ETp by 

calibrated parameters for 2015. 

 

Simulation results of the Validation period 

The HBV model is developing for Swedish conditions (Jan 

1996). However, it does work when data input is provided. 

The process of the model is used to understand at the village 

level. All input parameters influencing the total evaporation at 

the village is carefully parameterized. The model calibrates 

and validates it on a yearly timescale. 

 

 
 

Fig 14: Simulation of ETp for model validation Period 2009-

2010(athorn=0.083). 
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Fig 15: Relationship between observed and simulated ETp by 

calibrated parameters for 2009-10 (athorn=0.083). 

 

Discussion 

The HBV model was used successfully to model ETp for the 

study area. Both calibration and validation results show a 

strong relationship between the simulated and observed ETp 

from the study area. The results from the model calibration 

and validation are shown in Fig. Best results (with best 

R2=0.895) were attained during the calibration period than the 

validation period for the basin. These R2 values are shown in 

Figure 5-15. 

A high correlation between observed and simulated ETp of 

(R2 =0.895) during the calibration period and (R2 = 0.7288) 

during the validation period. Figures 14 and 15 show the 

regression between observed and simulated ETp during 

calibration and validation periods.  

 

Conclusion 

The use of the HBV model with generalized model 

parameters has grown unexpectedly fast. In this process a 

database of model parameters developed from regional model 

calibration has been very important. Equally important is the 

access to a consistent database of meteorological data used as 

input to the model. These two factors have opened new 

possibilities for nationwide hydrological mapping and many 

other aspects of large scale hydrological modelling and 

climate impact studies. 

This study evaluated the effects of various parameter scale 

selections in the HBV model simulation. A comparison of 

hydrological simulation using average parameter values from 

short temporal calibration and using manual optimization was 

also conducted. We can obtain the following conclusions: 

1. In Semrakalwana catchment hydrological modelling 

using the HBV model, athorn are the most sensitive 

parameters for ETp (Evapotranspiration) in this 

catchment.  

2. Powerful validation is essential for further development 

of a model for two reasons: identification of weak parts 

and evaluation of improvements. 

3. In some parameters, the RMSE and R2 values will not 

change i.e., constant 1 and 0 respectively. The BIAS 

value will be changing, when the parameter % value 

decreases and increases.  

4. BIAS, RMSE, R2, NSE, and RE the objective function 

values are mostly minimum at -10% and 10% of 

parameter percentage change range from 0.83 to 0.0083. 

 

This study presents the potential the HBV model to quantify 

the water balance components in semi arid region. This study 

presents a calibrated and validated value of potential 

evapotranspiration on a daily basis and a better way of 

selecting parameters for parameterization in different 

watersheds. The calibrated values represent the hydrology of 

the small agricultural watershed. The study revels that being 

an agricultural watershed the athron is the most sensitive 

parameter indicating that the land in the watershed is covered 

with vegetation. The value of athron for Samrakalwana 

watershed can vary between 10% +,- 0.083 only. The R2 

remains maximum while all the other objective functions  

BIAS minimum, RMSE is minimum, NSE maximum and RE 

remain minimum.  
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