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Highlights 

1. Crop growth components calibration improves SWAT streamflow and N load 

prediction.  

2. Coupled SWAT-DSSAT enables using more accurate HRUs’ optimal irrigation 

scheduling. 

3. Nitrate load reduction could be identified under each BMP, highlighting difference in 

their environmental impacts. 

4. Combined BMPs show best environment and farmers’ benefits than individual BMP. 

 

Abstract:  

In any agricultural watershed, best management practices (BMPs) are a conservational 

way to reduce non-point source pollution and, soil and water resources sustainability. The 

objectives of this study were to calibrate and validate the modified Soil and Water 

Assessment Tool (SWAT) in the Violada Watershed (VW), Spain and assess the BMPs 

scenarios, already tested at field scale, using the Decision Support System for Agro 

Technology Transfer model (DSSAT), and finally, to access the BMPs impact on water 

quality off-site. To this end, daily streamflow discharge and NO3- concentration were 

measured at VW outlet from October 2015 to September 2017 for model evaluation. The 

SWAT-CUP was used for sensitivity analysis, calibration and validation for both 

measured variables after manual calibration of the main crops yield. Three management 

scenarios were compared to the current conditions (baseline): (i) recommended N 

fertilization, (ii) optimum irrigation and; (iii) combined recommended N fertilization and 

optimum irrigation (combined BMPs). The SWAT crop growth model calibration 

demonstrated that the annual average of crop yield and actual evapotranspiration 

estimations were satisfactory. Monthly calibration and validation results were satisfactory 

for streamflow discharge and NO3-N load, with Nash-Sutcliffe efficiency (NSE) 

according to the criteria reported in the literature. The two individual scenarios results 

showed difference in their environmental impact and therefore combined BMPs scenario 

was considered more efficient in reducing NO3-N load (51%) than the recommended N 

fertilization (36%) and the optimum irrigation (12%), while including all additional 

environment and farmers' benefits of both individual scenarios. Under these combined 

scenarios, all crops yields were maintained or increased, and the total irrigation water and 

N mineral fertilizers application reduction were about 5% and 27 %, respectively. 



However, further work is still needed to consider additional BMPs to limit the soil N 

residual losses during the non-cropped period. 
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1. Introduction 

Agricultural diffuse pollution is of concern in Spain, as in most European countries (De 

Stefano et al., 2013). It is considered a major nonpoint source pollution contributor of 

surface and groundwater bodies (Aragüés and Tanji, 2003) mainly due to the excess of 

crop fertilizers, exported by the irrigation return flows (IRF) in irrigated areas (Hamilton 

and Helsel, 1995; Laegreid et al., 1999; Zhang et al., 1996). IRF also have the potential 

to disrupt the natural hydrologic water balance of river basins (Haddeland et al., 2006). 

The pollutant transport from agricultural irrigated areas to water bodies is being 

considered as one of the most urgent environmental issues that human societies face (Reis 

et al., 2016). Regarding nitrogen (N) pollution, several factors such as irrigation 

management (Martin et al., 1994), N fertilizer management (Moreno et al., 1996), soil 



characteristics (Sogbedji et al., 2000), and rainfall patterns conditions (Klocke et al., 

1999) influence nitrate (NO3-N) leaching and load to the IRF. Faced with the problem of 

large nitrate contamination of water resources, many policies were developed such as the 

European Water Framework Directive (EU, 2000) and Nitrates Directive (EC, 1991) with 

the aim to achieve a good ecological status for water bodies and to keep nitrates 

concentration below a threshold of 50 mg L-1 (EC, 1991; EU, 2000). The directive on 

nitrate pollution requires member countries to define “vulnerable zones” and to establish 

codes of good agricultural practices in these vulnerable zones and also in the other areas 

on a voluntary basis. In addition, several Member States of the European Union reported 

different nutrient criteria for surface water (Poikane et al., 2019). In this context in Spain, 

the Royal Decree 817/2015, established the criteria for monitoring and evaluating the 

state of surface waters and the environmental quality standards (BOE, 2015). The nitrate 

levels were sets for each water body type to determine its state (“moderate" or "good"). 

 The Ebro River Basin Authority has supported studies to characterize water quality in 

the Ebro River Basin (NE Spain, the largest Spanish fluvial system), in recent years (CHE, 

2016, 2018). As Lassaletta et al. (2009) indicated, the agricultural practices were the main 

factor explaining the increasing tendency of nitrate concentration in the 46% monitored 

sites in the Ebro River Basin, where in its middle Valley, Nitrate Vulnerable Zone has 

increased 34% from 2013 to 2018 (Gobierno de Aragón, 2019). In addition, the author 

appealed for the application of good agricultural practices at watershed level. Several 

other experimental studies have been conducted in the Ebro Valley, at district or 

watershed levels, in order to analyze and quantify the induced N contamination due to 

irrigation and fertilization management to the IRF (Barros et al., 2012a, b; Cavero et al., 

2012; Isidoro et al., 2006a, b). These studies revealed the poor IRF quality and highlighted 

the over-fertilization tendency especially for maize (Malik et al., 2019). In addition, 

Andrés and Cuchí (2014) revealed the need to enhance the performance and the 



sustainability of the irrigation system in the Lasesa irrigated district due to inefficient 

irrigation.  

Furthermore, efficient N and irrigation management is a multi-faceted task and also 

requires an integrated approach based on the adoption of BMPs. In addition, with non-

point source pollution emerging from large watersheds, such as the Ebro River Basin 

characterized by mixed land uses and soils, it is quite difficult to associate water 

improvements to specific BMPs using just monitoring data (Santhi et al., 2001). The 

application of watershed simulation models in combination with field data is 

indispensable when pollution is generated by non-point sources. These models are useful 

to simulate complex watersheds with varying soils, land use, and management conditions 

over long periods.  

The Soil and Water Assessment Tool (SWAT) is one of the most widely used water 

quality watershed and river basin-scale models worldwide (Arnold et al., 1998). 

Numerous SWAT applications across a range of conditions (different watershed scales, 

climatic zones, environments and management systems) were reported in the literature 

(Gassman et al., 2014; Krysanova and Srinivasan 2015). SWAT has been applied across 

the United States (Dakhlalla and Parajuli 2019; Merriman et al., 2019); Africa (Hallouza 

et al., 2018; Aouissi et al., 2014); Europe (Pagliero et al., 2014) and other parts of the 

world (Nguyen et al., 2019). In Spain, Sorando et al. (2019) used the SWAT model to 

simulate the water balance and nitrate pollution in an intensively irrigated agricultural 

catchment (Flumen River, NE Spain). Skhiri and Dechmi (2012) evaluated different 

BMPs scenarios for minimizing phosphorus and sediments transport under sprinkler 

irrigation system in the Del Reguero watershed (Huesca, Spain). Epelde et al. (2015) 

analyzed the surface water and groundwater pollution in the Alegria River watershed 

(Basque Country, northern Spain) by performing a long-term simulation (22 years), 



taking into consideration changes in management practices during this period. Conan et 

al. (2003) found that SWAT adequately simulated the conversion of wetlands to dry land 

for the upper Guadiana River basin. Galván et al. (2009) applied SWAT to the Meca 

River, South West of Spain, to generate streamflow data which will be used further to 

determine nutrient load carried by the river into the Sancho reservoir.  

However, Dechmi et al. (2012) reported that the SWAT2005 irrigation function (when 

irrigation dose is manually specified in the model management file) was unable to 

represent appropriately the hydrological processes in intensively irrigated areas. In fact, 

this SWAT version did not reproduce correctly the IRF generated under intensive 

sprinkler irrigation in Del Reguero watershed, located in one of the larger irrigated areas 

in Spain. In this SWAT version, when the specified irrigation doses exceeded the soil 

field capacity, the excess water between soil saturation and field capacity limits returned 

to the source and was not considered in the daily soil water balance calculation. Therefore, 

this version was modified and then used to evaluate BMPs scenarios to improve surface 

water quality in terms of sediment load and phosphorus losses in this area (Dechmi and 

Skhiri, 2013). Recently, Dechmi et al. (2018) evaluated and modified the last SWAT2012 

version to correctly simulate the main hydrological processes in intensively irrigated 

watersheds when the irrigation is target manually and the irrigation water source is outside 

of the watershed. Moreover, processes that link crop, water, and nutrient balances in 

SWAT are important, particularly when simulations are used for off-site water quantity 

and quality evaluations. However, calibration of SWAT crop yield component in 

agricultural ecosystems has rarely been reported despite the influence of crop growth on 

hydrology and nutrient cycles (Nair et al., 2011; Sinnathamby, 2017). In addition, the 

crop growth model in SWAT is based on a simplification of EPIC crop model (Williams 

et al., 1984), which implies the need to calibrate the crop yields parameters in such 

ecosystems.  



This work aimed to (1) calibrate and evaluate SWAT-DSSAT model for simulating crop 

yield, streamflow and nitrate load in a watershed with intensive irrigated areas (Violada 

Watershed; NE Spain) and (2) assess BMPs scenarios of irrigation and N fertilization for 

off-site N pollution reduction using the already tested scenarios by Malik and Dechmi 

(2019) at field scale. This research could be good alternative for improving water quality 

in the study area as well as other similar irrigated watersheds under Mediterranean 

condition. 

2. Materials and Methods 

2.1 Study area description and data collection 

La Violada watershed (VW) is located in the central part of the Ebro River Basin in 

northeast Spain with a total area of 20,524 ha (Fig. 1), in which the altitude varies between 

345 m and 414 m. The lower part corresponds to the irrigated area of the Violada 

Irrigation District (VID) and represents 26% of the VW total area. The VID belongs to 

the Alto Aragón Irrigation System (AAIS), one of the largest irrigation area of Spain. 

Currently, the VID is not designated as a Nitrate Vulnerable Zone in the AAIS. The rest 

of the watershed is dedicated mainly to rainfed agriculture (54%) and other uses such as 

non-productive and forest (20%). Four gullies flow from the VW drylands and join the 

drainage network of the VID (Valenticosa, Las Pilas, Azud, and Valdepozos Gullies), 

while the two main drainage ditches collecting the IRF join upstream the gauging station 

named D14 (Fig. 1). The D14 receiving water body corresponds to the type “Low 

Mediterranean Mountain mineralized rivers” whose nitrate quality limits are 10 mg NO3 

L-1 for “good state” and 25 mg NO3 L
-1 for “moderate” state. 

The VID is managed by three Water User Associations (WUA): Almudévar, Tardienta, 

and Gurrea de Gállego WUA. Almudévar WUA was modernized during 2008 and 2009 

(from traditional irrigation systems to pressured irrigation systems). The 92% of the VID 



is characterized by a remotely controlled solid set sprinkler irrigation system while only 

8% is still under traditional surface irrigation. The remotely controlled sprinkler irrigation 

consisted of software that allows the retrieving of actual irrigation information (day, time 

and volume) applied at hydrant (almost plot) level. 

The climate is semiarid with an annual average of precipitation and reference 

evapotranspiration of 324 mm and 1227 mm, respectively. The annual average maximum 

and minimum air temperatures are 21ºC and 7ºC, respectively.  Those data were obtained 

from the Tardienta meteorological station (41° 58' 45'' N - 0° 32' 21'' O), considering the 

2015-2017 period (Fig. 1). The most extended soils in the watershed are Typic 

Calcixerept and Typic Xerorthent covering together 76% of the total area (Fig. 2a). The 

main non–irrigated crops were barley (hereafter barley_RN) and wheat (hereafter 

wheat_RN) covering 46% of the total area of the VW in 2016. For the same season, the 

main irrigated crops were alfalfa, maize long season (hereafter maize-LS), and cereal 

(barley-wheat) with 25.0%, 19.0% and 15.5% of the VID area, respectively. In addition, 

the VID is characterized by intensive cropping system, dominated by maize short season 

(hereafter maize-SS) and sunflower after winter crops covering together a 33% of the 

VID. The crop input data necessary for model calibration and validation, as leaf area 

index, harvest index and N in plant are provided from field experiments performed during 

the study period. Agricultural practices data for each crop were determined through 

farmers’ interviews performed during the study period (148 interviews from October 

2015 to September 2017). For each crop, the dates of application and the type of the 

fertilizer were determined through these interviews. For VID irrigation management, date 

and water dosses applied in each event were obtained from the Almudévar Water User 

Association records from the remote database registration.  

Daily water sampling and continuous water flow measurement at VW outlet gauging 

station (D14) were performed during the study period using automatic water sampling 



(ISCO 6712C) and Thalimedes, respectively. For each water sample, nitrate 

concentration (NO3
−; mg L−1) was determined by an auto-analyzer (Bran+Luebbe AA3). 

The daily nitrate load (NO3-N, kg ha−1) at D14 was calculated as the product of the daily 

flows (m3 s-1) and NO3-N concentration (mg L−1).  

2.2  SWAT model overview 

The SWAT2012 system embedded within ArcGIS (Arnold et al., 2012) was used for this 

study. SWAT is a continuous-time, semi-distributed, process-based watershed model. 

Major SWAT components include hydrology, weather, sediment transport, soil 

temperature, crop growth, nutrients, pesticides, and land management. The SWAT 

divides the sub-basins into Hydrological Response Units (HRUs) with homogeneous land 

use / land cover, soil and slope. The model estimates the daily volume of runoff over each 

HRU by solving the soil water balance input and output components as show the equation 

(1): 

��� =	��� + ∑ (
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�
��� −����� − ���)  (1) 

where SWt is the final soil water content on day i (mm), SW0 is the initial soil water content 

on day i (mm), t is time (days), Rday is the amount of precipitation on day i (mm H2O), I 

is the irrigation amount on a day i (mm), Qsurf is the amount of surface runoff on day i 

(mm), Ea is the amount of evapotranspiration on day i (mm), Wseep is the amount of water 

entering the vadose zone from the soil profile on day i (mm), and Qgw is the amount of 

return flow on day i (mm). 

The peak rate of runoff is computed by using a modified ‘rational method’ (Chow et al., 

1998). Similarly, surface runoff is estimated by using the Green-Ampt method or the 

modified SCS curve number method (USDA Soil Conservation Service, 1972). Lateral 

subsurface flow is estimated using kinematic storage model, whereas empirical 



approaches are adopted for groundwater (Arnold et al., 1998; Borah and Bera, 2003). 

Flow routing is estimated either by variable storage or by the Muskingum routing method 

(Neitsch et al., 2011). The potential evapotranspiration can be computed using one out of 

three methods i.e. Penman–Monteith method, the Priestley–Taylor method or the 

Hargreaves method (Arnold et al., 1998). A single crop growth model in SWAT, based 

on a simplification of EPIC crop model, is used to simulate all crops growth and yields 

parameters (Williams et al., 1984). This crop model simulates all crops with one crop 

growth model using unique parameter values for each crop. The phenological 

development of the crop is based on daily heat unit accumulation.   

The N processes modeled by SWAT and the various pools of nitrogen in the soil are 

described in Arnold et al. (1998). Plant N uptake is estimated using the supply and 

demand approach (Williams et al., 1984). Daily plant N demand is a function of plant 

biomass and biomass N concentration. Available N in the soil root depth is supplied to 

the plant. When N demand exceeds N supply, a nutrient stress is considered. Masses of 

NO3-N contained in runoff, lateral flow and percolation are estimated as products of the 

volume of water and the average concentration of nitrate (NO3-N) in the soil layer. 

Organic N transport with sediment is calculated with a loading function developed by 

McElroy et al. (1976) and modified by Williams and Hann (1978) for application to 

individual runoff events. The loading function estimates daily organic N runoff loss based 

on the concentration of organic N in the top soil layer, the sediment yield, and an 

enrichment ratio, which is the ratio of the concentration of organic N in the sediment to 

the concentration of organic N in the soil surface layer. Further details of the water 

balance and N process equations can be found in the SWAT theoretical documentation 

(Neitsch et al., 2011). 



2.3 SWAT model setup  

The ArcSWAT interface for SWAT2012 modified version was used to prepare the basic 

SWAT model setup of the watershed. For this first step, the model requires a digital 

elevation model (DEM), soil map, land use map, and slop as input data for delaying the 

different sub-basin and creating the HRUs in each sub-basin. The sources and description 

of data used in SWAT model set-up are presented in Table 1 and Figure 2. 

The soil unit delimitation of the VW was extrapolated from the soil map performed in the 

VID (Jiménez-Aguirre et al., 2018) by relief stereoscopic photo-interpretation. Aerial 

photographs (scale 1/33000) for the element analysis method, developed by Buringh 

(1960), were combined with the geologic and geomorphological maps (ITGE, 1995a, b). 

In addition, information from a low detailed previous soil map (Torres, 1983) classified 

under the FAO-UNESCO (1974) system was used.  

A 20-m pixel land use map corresponding to 2016 was selected as a representative pattern 

for SWAT simulations. Due to 31% of the VID area present double crops during this year 

and, in order to represent all VID land use in only one map (Fig.2c), several rotations 

were defined based on the combination of winter crop (barley, wheat, and peas) followed 

by the second crop such as maize-SS and sunflower (with the exception of wheat/maize 

rotation that was not applied by farmers). Accordingly, the VW was discretized into 15 

sub-basins, including 2795 HRUs in total.  

For the meteorological database required by the model, daily historical data related to 

precipitation, maximum and minimum daily air temperature, wind speed, relative 

humidity, and solar radiation from January 2013 to September 2017 were obtained from 

the Tardienta meteorological station located near to the study area (Fig. 1). In addition, a 

point source database was created to account for canal seepage, wash and industrial water 

that were poured in the watershed drainage network. 



Finally, detailed management input files were created for the main irrigated crops (wheat, 

barley, alfalfa, sunflower, maize-LS, and maize-SS) and non-irrigated crops (wheat_RN, 

barley_RN, and peas). Management inputs include irrigation events (date and dose), 

fertilization rates and dates, tillage, sowing, and harvest dates. Penman-Monteith potential 

evapotranspiration method (Allen et al., 1989) was used for all model simulations due to 

its robustness and the availability of data required. 

2.4 Model calibration and validation 

Crop yield, streamflow, and NO3-N load were calibrated and validated, using the 

SWAT2012 modified version by Dechmi et al. (2018), on a daily time step and 

considering the 2013-2017 period.  A warm-up period of three years (from January 2013 

to September 2015) was considered to reach reasonable starting values of the model 

variables after the model initialization. The data from October 2015 to September 2016 

were used for the calibration and the remaining data for validation. 

Sensitivity analysis 

First, a sensitivity analysis was performed to determine the most sensitive parameters 

using the SWAT Calibration and Uncertainty Programs interface SWAT-CUP 

(Abbaspour, 2009). The SUFI-2 (Sequential Uncertainty Fitting) algorithm, available in 

the SWAT-CUP software package, was used for the sensitivity analysis. SUFI-2 was 

proved as an efficient optimization algorithm (Bilondi et al., 2013) and runnable with the 

smallest number of model runs to achieve good prediction uncertainty ranges (Yang et 

al., 2008). This technique takes into account uncertainty parameters for all sources of 

uncertainties (input and observed data, as well as in the conceptual model). 

The all-at-a-time (AAT) or global sensitivity analysis method was used considering the 

Nash–Sutcliffe efficiency coefficient (NSE) as the objective function. All parameters in 



the AAT are changed in order to see the impact of each one on the objective function. 

This method uses the following multiple regression approach to quantify the sensitivity 

of each parameter:  

� = � + ∑  �
!
��� "�          (2) 

where g is the objective function value, α is the regression constant, β is the coefficient 

of parameters, and n is the number of parameters. A t-test is then used to identify the 

relative significance of each parameter b. The larger the absolute value of t-stat, and the 

smaller the p-value, the more sensitive is the parameter. 

In this study, the AAT was performed through three iterations (250 simulations each one) 

of the 23 parameters related to the streamflow (Table 2). As the simulation of NO3-N load 

is significantly conditioned by the hydrological cycle and thus by the accuracy of 

discharge calibration, once the discharge was calibrated, a sensitivity analysis for 20 

parameters affecting nitrate cycle in the watershed was conducted (Table 3). The 

considered ranges of variation of streamflow and NO3-N load parameters are based on 

the listing provided in the SWAT-CUP manual (Abbaspour et al., 2015). The sensitivity 

analysis was performed for the period from October 2015 to September 2016. 

Calibration and validation 

Due to the important relationships between the crop growth and the soil moisture, and 

evapotranspiration in simulating the water and nutrients fluxes below the root zone, the 

SWAT crop model was first manually calibrated and validated.  

Eight crop parameters were adjusted until reaching similar crop yield to those measured 

in local conditions of the VW. The crop parameters used for crop yield calibration process 

are: biomass energy ratio, harvest index, maximum leaf area index, optimum air 

temperature, base temperature, maximum root depth, light extinction factor and fraction 



of N in plant at maturity. The crop yields considered were gathered from field surveys 

performed in 2016 (calibration data) and 2017 (validation data). In addition, actual 

evapotranspiration (ETa) values obtained from DSSAT model (version v.4.7) in Malik 

and Dechmi (2019) were used for simple comparison with those calculated by 

SWAT2012. Also, the starting point for calibrating harvest index, N in plant at maturity 

and leaf area index for the irrigated crops was derived from measured averages values. 

As Malik and Dechmi (2019) used in DSSAT model simulations, base, and maximum 

crop growth temperature values of the corresponding calibrated crops in the SWAT model 

were considered. In order to conduct these simulations in the DSSAT model, CERES-

Maize, CERES-Wheat-Barley, CROPGRO Sunflower and CROPCRO-PFM crop models 

were used for maize (both hybrids), wheat-barley, sunflower and alfalfa, respectively. 

After crop yield calibration and validation, daily and monthly streamflow automatic 

calibration was performed using SWAT-CUP. A total of 750 simulations were run in 

three iterations of 250 simulations with the parameters more sensitive according to the 

objective function (NSE). Then, once the streamflow was calibrated, the same process 

was repeated to calibrate the nitrate load using daily and monthly measured data. Then, 

the calibrated model was run to test both daily and monthly streamflow and nitrate load 

using the validation period (from October 2016 to September 2017).  

The calibration process was considered completed when the satisfactory values of the 

objective function (NSE), p-factor and r-factor (uncertainty parameters) were obtained. 

The p-factor represents the percentage of measured data bracketed by the 95% prediction 

uncertainty (95PPU) and the r-factor quantifies the average thickness of the 95PPU 

uncertainty band divided by the standard deviation of the measured data (Abbaspour, 

2009). 

Model performance 



SWAT performance was qualitatively evaluated using time series plots and quantitatively 

evaluated using the five following statistics, according to guidelines proposed by Moriasi 

et al. (2015):  

• Nash–Sutcliffe efficiency coefficient (NSE), interpreted as the proportion of 

variation in the observed values explained by the model (Nash and Sutcliffe, 

1970); it ranges between –∞ and 1, where 1 indicates perfect agreement between 

observed and simulated values;  
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where 
OBS

iX is the ith observed data, 
SIM

iX  is the ith simulated data, 
MEAN

OBSX  is the mean of 

observed data for the constituent being evaluated, and n is the total number of 

observations. A value of NSE = 1.0 indicates a perfect prediction, while negative values 

indicate that the predictions are less reliable than the average of the data.  

 

• Percentage of bias (PBIAS), measures the average tendency of the model 

predictions to be larger or smaller, as compared with observed data; the optimal 

value is 0.0.  
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• Coefficient of determination (R2), describes the proportion of the variance in 

measured data explained by the model; it ranges from 0 to 1, where 1 is the optimal 

value meaning the ideal fit between observed and simulated values. 
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where 
MEAN

OBSX  is the mean of the observed data and 
MEAN

SIMX  is the mean of the simulated 

data. 

• The root mean square error (RMSE), between the simulated and observed 

values. Smaller values of RMSE indicate better fit. The RMSE was 

computed as:  
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The calibration objectives for streamflow and nitrate load were to maximize NSE and R2, 

and to minimize the absolute value of PBIAS and RMSE. 

2.5 Best management practices scenarios (BMPs) 

The calibrated and validated SWAT in the VW was used to assess the effects of BMPs 

on crop yield, NO3-N concentrations and loads in the IRF of the watershed, and residual 

NO3-N in soil. The management practices focused in this study were those cultural 

practices directly related to the N cycle and yield production, i.e. irrigation and NF 

application.  

Three scenarios were tested and compared with the simulated current situation (baseline 

scenario): (1) optimum irrigation + current N fertilization, (2) optimum N fertilization + 

current irrigation practices, and (3) optimum irrigation and N fertilization (combined 



BMPs). The SWAT model was run for the same hydrological years used in the calibration 

and validation processes. The considered scenarios were applied for the main irrigated 

crops (maize-LS, maize-SS, barley, wheat, sunflower, and alfalfa) and rainfed crops 

(barley_RN and wheat_RN) covering all together 65% of the total watershed area. The 

baseline scenario, the optimum irrigation and N fertilization practices are summarized in 

Table 4. 

For performing the optimal irrigation scenario in SWAT, the auto-irrigation function 

included in the SWAT interface can be applied. In this case, the SWAT model 

automatically calculates when crops require water and how much irrigation water needs 

to be applied considering the plant water demand or the soil water content. However, 

some studies revealed the deficiency of SWAT auto-irrigation function (Chen et al., 2018) 

and therefore, this option was not considered in this study.  In addition, Dechmi et al. 

(2010), reported that the DSSAT model presented better predictive capacity of crop 

growth parameters than EPIC model under similar study area conditions (the SWAT crop 

module is based on a simplification of EPIC crop model). Consequently, the optimal 

irrigation scheduling (irrigation timing and amount of water applied) obtained in the study 

area by Malik and Dechmi (2019) for each crop and soil type were considered as the 

optimal irrigation scenario in the SWAT model. Malik and Dechmi (2019) determined 

the optimum irrigation by adjusting the irrigation doses and timing to each considered 

crop requirement by the automatic irrigation option included in the DSSAT model 

considering a constant maximum soil allowable depletion value of 0.5.  It means that 

irrigation is triggered to refill the soil up to field capacity when half of the available water 

in the root zone is depleted. Finally, the irrigation water productivity index (WPI) was 

calculated in order to evaluate the irrigation management in the study area. WPI (kg m-3 

ha-1) represents the relationship between crop yield and the total volume of irrigation 



water applied during the crop cycle (for annual crops) or the total water applied in an 

annual cycle of irrigation (for perennial crops).   

Regarding N fertilization, for maize-LS as well as maize-SS, an optimal recommended 

rate of 250 kg N ha−1 (Isla et al., 2008) was split as 50 kg N ha−1 at pre-planting, 100 kg 

ha−1 for the first sidedress (vegetative stage, V7-8), and 100 kg N ha-1 for the second 

(silking stage, R1). In the case of wheat and barley, N requirements are averaged 195 kg 

N ha−1 for wheat and 163 kg N ha−1 for barley. For both crops, 90 kg N ha−1 were applied 

at sowing as urea form and the remaining as a sidedress at stem elongation (MARM, 

2011). Meanwhile, 83 kg N ha−1 were applied for barley_RN and wheat_RN. Concerning 

sunflower, the recommended dose is 82 kg N ha−1, dividing 50% at sowing and 50% at 

vegetative stage (V10), (MARM, 2011). Finally, for alfalfa, 30 kg N ha−1 was applied as 

a unique N input at sowing to favor the establishment in the pre-nodulation phase 

(MARM, 2011). 

The impact of BMP scenarios on water quality at the watershed outlet is presented as 

percent reductions of the average annual streamflow discharge and NO3-N loads after 

each BMP application in the VW. The percent reduction for each BMP was calculated as 

follows: 


#$%&'()*	(%) = 100	X	
/012345/678234

/01234
     (7) 

where preBMP is the SWAT baseline outputs and postBMP is the SWAT output after 

implementation of the BMP. 

3. Results and Discussion 

3.1 Model calibration and validation 

Sensitivity analysis 



The results of the sensitivity analysis performed with SWAT-CUP showed that from the 

twenty-three parameters related to daily streamflow discharge, four were highly sensitive 

(p–value < 0.5 and t–stat > 0.9), and seven were sensitive (p–value < 0.5 and t–stat < 0.9) 

(Table 2). The parameters with the highest sensitivity were the indicator of the 

relationship between the riverbed and the aquifer (CH_K2; p–value=0.010 and t–

stat=2.58), and the groundwater delay time (GW_DELAY; p–value=0.013 and t–

stat=2.50), which represents the delay in days since the water passes from the ground to 

the aquifer and depends on the aquifer depth and the hydraulic properties of the soil. 

With respect to nitrate loads, six of the twenty parameters were highly sensitive and others 

six were sensitive (Table 3). The highest sensitive parameters in the calibration process 

were the water content threshold that marks the limit for denitrification (SDNCO; p–

value=0.050 and t–stat =1.98) and the organic matter mineralization rate (CMN; p–

value=0.050 and t–stat =1.92). This sensitivity analysis results indicates the strong 

relationship between the biogeochemical processes represented by these parameters and 

the nitrate concentration in the river. As reported Pohlert et al. (2007), nitrate leaching 

and denitrification are two highly competitive processes. Therefore, denitrification takes 

place before water begins flowing, which leads to unusual high N losses and a whole 

depletion of nitrate in the pools of each soil layer. 

Crop yield and evapotranspiration 

Table 5 shows the crop growth calibrated parameters used for Maize-LS, maize-SS, 

wheat, barley, sunflower, alfalfa, wheat_RN, and barley_RN.  

Results indicate a good adjustment between simulated and observed mean crop yields in 

VW during calibration and validation periods for all the main crops (Fig. 3a and b). The 

error at the calibration period ranged between +1% (maize-LS) and -10% (wheat_RN). 

Meanwhile, the model was more accurate during the validation phase with an error lower 



than -6% (maize-LS). These SWAT simulated values were similar to those reported by 

Dechmi et al. (2012) in the Del Reguero Watershed (NE Spain).  

With regard to ETa of the crops (Fig. 3c), results indicate that on average, the mean annual 

ETa values simulated by SWAT (maize-LS = 717 mm, maize-SS = 633 mm, wheat = 394 

mm, barley = 411 mm, sunflower = 472 mm, and alfalfa = 650 mm) were quite different 

to those estimated by the DSSAT model, mainly for maize-LS and sunflower. The 

simulated ETa error (between DSSAT and SWAT) for the simulated crops ranged from 

2.2 to 13.5%. 

Streamflow discharge 

In general, the hydrographs simulated by both daily and monthly data sets were 

comparable to the observed data during the calibration and validation periods (Fig. 4a and 

b). Even though, the peaks of simulated streamflow were slightly lower than the measured 

ones, which clearly affect the goodness of the streamflow estimation. Therefore, better 

agreement could be found between both daily and monthly simulated and observed stream 

discharge (Fig. 4c and d) without the two important streamflow peaks.  R2 was higher 

than 0.83 for calibration and validation at daily and monthly scale. It is important to 

highlight that the precipitation gauging station is located out of the VW. This could have 

an impact especially under Mediterranean climate where the number of gauging stations 

and their location in the basin have a great influence on modelling results (hydrology and 

as a consequence nutrients) because of the high spatial variability of rainfall (Ricci et al., 

2018). 

The adjusted parameters values and ranges for each parameter considered in the 

calibration process are presented in Table 2. The results of the daily streamflow 

calibration were satisfactory (r-factor = 0.56 and p-factor= 0.68). According to the model 

evaluation guidelines proposed by Moriasi et al. (2015), the performance indexes of the 



daily data set were good with NSE value of 0.66 for calibration and satisfactory with NSE 

value of 0.62 for validation (Table 6). Monthly calibration statistics indicated a very good 

performance for streamflow discharge with an NSE, d-stat, and RMSE of 0.86, 0.95 and 

0.07; while good results were obtained for the validation process with NSE, d-stat and 

RMSE of 0.65, 0.86 and 0.08, respectively. However, the positive values of PBIAS for 

the calibration and validation of both data sets (daily and monthly) show that the model 

underestimated the streamflow discharge. The majority of SWAT modeling studies 

reported better results for monthly predictions than for daily simulations (Smarzyńska 

and Miatkowski, 2016; Arnold et al., 2012).  

Our calibration and validation results for daily and monthly streamflow were satisfactory 

in the consideration of the fact that only one climatic gauging station located out of the 

study area was used in the simulation. Sorando et al. (2019) founded lower statistical 

indexes for monthly calibration (NSE = 0.62 and R2 = 0.63) and validation (NSE =0.51; 

R2 = 0.52) periods at the Flumen River Watershed (northeast Spain), also situated in the 

Riego de Alto Aragon Irrigation System. Lower values were also observed at daily scale 

for calibration (NSE = 0.41 and R2 = 0.42) and validation (NSE = 0.52 and R2 = 0.53) 

periods. In addition to the calibration processes errors that could be induced by the quality 

of the considered input data, Sorando et al. (2019) results could be due also to the 

SWAT2012 original version used, which might be unable to represent appropriately the 

hydrological processes in intensively irrigated areas such as the Riego de Alto Aragon 

Irrigation System. Dakhlalla and Parajuli (2019) reported   also some lower statistical 

values simulating daily streamflow (R2 = 0.58 – 0.75, NSE = 0.47– 0.75) in Big Sunflower 

River watershed (USA). Worse results were obtained by Smarzyńska and Miatkowski 

(2016) for monthly (NSE=0.77 and R2=0.82) and daily (NSE=0.53 and R2=0.55) 

calibrations. Similar results stated Marcinkowski et al. (2013) in Poland River Reda with 

NSE of 0.75 and 0.63 for daily calibration and validation, respectively. Nevertheless, 



better statistics values were reported in other studies with a NSE greater than 0.8 

(Merriman et al., 2019; Haas et al., 2017; Pohlert et al., 2007; Santhi et al., 2002). 

Nitrate load 

Monthly NO3-N load calibration was considered reasonable with r-factor = 0.53 and p-

factor = 1. Results of NSE and R2 indicate that the model prediction was more accurate 

during the calibration than the validation for both data sets (Table 6). This is due to the 

magnitude of the main discharge peaks observed during the validation period (23 and 24 

November 2016) that were not captured satisfactory and therefore, produced an important 

impact on nitrate load prediction during this period. However, compared with streamflow, 

the simulations of daily and monthly NO3-N load were less accurate for both calibration 

and validation periods. According to the model evaluation guidelines proposed by 

Moriasi et al. (2015), only the monthly calibration statistics indicated a very good 

performance for NO3-N load with an NSE value of 0.84 (Table 6). Beside the PBIAS 

reached very good values (≤ 5.52%) for both daily and monthly data sets (Table 6), the 

model over predicted the NO3-N load at daily time step (PBAIS positive) while 

underestimated it at monthly time step (PBAIS negative). In other part, the prediction 

error presented different trend if daily (the calibration RMSE was inferior to the validation 

one) or monthly (the validation RMSE was inferior to the calibration one) data sets were 

considered (Table 6).       

Generally, simulated nitrate load followed the trend of observed values with some 

underpredictions from April to July in both considered cropping seasons (Fig. 5a and b). 

The lower accuracy of NO3-N loads was probably induced in part by the streamflow 

underprediction of several peaks (Fig. 5a), mainly during the validation period. However, 

a general tendency between monthly NO3-N load and water discharge was observed for 

both the irrigation (from April to September) and the non-irrigation (from October to 



March) periods (Fig. 4b and 5b). This general behavior was reported also in other studies 

by Darwiche-Criado et al. (2015a, b). The relationship between measured and simulated 

daily and monthly nitrate load is presented in Figure 5c and d, respectively. The 

coefficient of determination for calibration and validation at daily scale was 0.60 and 

0.47, while 0.93 and 0.73 at monthly scale, respectively. 

Similar results were reported by Dakhlalla and Parajuli (2019) for simulating daily NO3-

N load (R2 ranged between 0.13 and 0.31, and the NSE from -0.09 to 0.07). In addition, 

Sitha et al. (2019) stated a NSE lower than 0.4 for daily simulations in Japan. Working 

with data from the Dill River watershed, Lenhart et al. (2002) obtained much lower values 

of NSE for daily NO3-N discharge of 0.31 (calibration) and 0.09 (validation). 

Nonetheless, Marcinkowski et al. (2013) reported better daily results, which were 

reflected by relatively higher NSE values (0.62 and 0.64). Regarding monthly data set, 

Chaplot et al. (2005) presented very low statistics parameters (R2 = 0.56 and NSE <0.1) 

in the Walnut Creek (Iowa, USA) watershed. Additionally, Grizzetti et al. (2003) also 

obtained a low adjustment (NSE = 0.30) at monthly scale with data from the Wantaanjoki 

watershed (Finland). Santhi et al. (2002) obtained similar values to our results of the 

adjustment indexes (R2 =0.72 and NSE=0.57) in the Bosque River (Texas, USA) 

watershed. In Germany, Pohlert et al. (2007) also obtained very similar results in the Dill 

River watershed (NSE = 0.57 and 0.42 for the calibration and validation periods, 

respectively). Furthermore, our results are in concordance with other published studies 

(Parajuli, 2007; Saleh and Du, 2004). However, few works reported higher model 

performance accuracy than in our study. For instance, Haas et al. (2017) obtained a NSE 

of 0.78 for calibration and 0.79 for validation at monthly scale in the river Treene 

catchment (Germany). Merriman et al. (2019) reported a NSE higher than 0.63 for both 

monthly calibration and validation in the Upper East River Watershed (USA). 



As frequently reported in the literature in most of the SWAT studies, the model is less 

accurate simulating water quality in terms of NO3-N load than streamflow discharge. The 

variety of crops, the variability of initial soil characteristics (within the same soil type) 

and the high variability of doses and number of N fertilization through the cropping 

season, increase the inaccuracy of the scheduled management operations in the SWAT 

model at daily step calibration. Instead, monthly calibration resulted in less dependence 

on such temporal information due to monthly compensation process. On the other hand, 

part of the simulation uncertainty owed to the calibrated streamflow discharge as NO3-N 

transport, largely controlled by the different water flows. All these have affected greatly 

the model calibration and validation processes, especially at daily scale. 

3.2 BMPs scenarios 

Water quantity and quality current situation 

   The study area daily streamflow measured at D14 monitoring station (Fig. 6) 

presented values ranging from 0.20 m3 s-1 to 3.84 m3 s-1, and several peaks due to 

precipitation events (mainly during spring 2016 and fall 2017). The total stream discharge 

was 16.5 hm3 yr−1 in 2016 and 18 hm3 yr−1 in 2017 higher values than that measured 

during 2011-2015 period (13.3 hm3 yr−1 ) by Jiménez-Aguirre and Isidoro (2018). This 

was partly due to the change of the cropping pattern from mono-cropping to double-

cropping, that represent 15% and 20% of total area in 2015 and 2016, respectively (Malik 

and Dechmi, 2020). The total amount of irrigation applied per year in a double-copping 

area was higher than a mono-cropping area, so this could induce more water losses by 

percolation and therefore an increase of IRF.  

The daily evolution of NO3 concentration showed higher variability than the daily 

streamflow (Fig.6) with an average of 56 ± 14 mg L−1 (varying from 0.11 to 96 mg L−1), 

surpassing the moderate limit of 25 mg NO3 L-1 established by the Ebro basin authorities 



(BOE, 2015). This average value of NO3 concentration was also higher than the reported 

by Jiménez-Aguirre and Isidoro (2018) during 2011-2015 period (38 ± 13 mg L−1). The 

increase of NO3 concentration was mainly caused by the cropping intensification (double-

cropping), that induced an increase of N fertilizers application in the study area (Malik 

and Dechmi, 2020). On average, more than 70% of water samples analyzed during both 

2016 and 2017 (61% and 82% of samples, respectively) presented NO3 concentration 

higher than the threshold limit of 50 mg L−1 for drinking water (EC, 98; EC, 1991). The 

total NO3 loads mass was 854 Mg NO3
−year−1 in 2016 and 1100 Mg NO3

−year−1 in 2017, 

with daily average of 2.5 ± 1.4 Mg NO3
−day −1. The highest NO3 load was obtained in 

November 2016 with 14.6 Mg NO3
−day −1, caused by a precipitation peak of 20.1 mm on 

November 22nd following the N side-dressing of winter cereals in both VW rainfed and 

irrigated areas (Malik and Dechmi, 2020). 

For both considered years and since 2015, the study area presented an increase of both 

IRF and NO3 concentrations with high number of water samples presenting NO3 

concentration above the threshold of 50 mg L−1. So, if mitigation measures are not 

considered to reduce the nutrients flux below the root zone, the IRF of the study area will 

continues to degrade water quality of the receiving water body and linked ecosystems. To 

support practices toward reducing N loads in the study area, the calibrated SWAT model 

was run for 2016–2017 period, under the current conditions. The resulted data are 

presented in Table 7 and were considered as baseline values for the BMPs assessment.  

Nitrogen fertilization scenarios 

Averaging both crop seasons, the recommended N fertilizer dose and timing could reduce 

the NO3-N load by 36% and the average of NO3-N concentration from 13 to 9 mg L-1 

compared to the baseline scenario with constant crop yield production for all the studied 

crops (Fig. 7). In addition, a slight reduction of 2% was observed in both residual NO3-N 



in soil and deep percolation losses (Table 7). The last could be explained by the crop yield 

increase, in particular for maize-LS (from 10977 to 11005 kg ha-1) and for wheat_RN 

(from 3,289 to 3,415 kg ha-1). Maybe because of the ETa increase by 6.19 mm for maize-

LS and 1.7 mm for wheat_RN.  

The recommended N fertilization scenarios has not only a positive impact on the 

environment but also for the farmers’ benefits. Applying the recommended N 

fertilization, farmers could reduce N application doses by 33% (53%, if manure was 

considered), 37%, 12%, 51% and 63% for maize-LS, maize-SS, barley, sunflower, and 

alfalfa, respectively. With regard to rainfed crops (wheat_RN and barley_RN), farmers 

could reduce N rates by 21% for each crop. Monthly simulated NO3-N load evolution 

under the recommended N fertilization (Fig. 8) shows a net monthly reduction of NO3-N 

compared with baseline conditions. The highest reduction was recorded during the 

irrigation season (40%). This period was characterized by high N fertilization applied 

mainly for the second crop (maize-SS and sunflower). In addition, a decrease of 0.15% 

of deep percolation losses was observed during the same period.  

Irrigation scenarios 

No difference was found, in terms of crop yield production, under optimum irrigation 

scenario compared to the baseline scenario, except for maize-SS and alfalfa. Maize-SS 

crop production increased by 27% and alfalfa by 9% (Fig.7). The irrigation water 

productivity index was improved or maintained for all the considered crops except for 

wheat, (Fig.7). In the case of another intensively irrigated area (Del Reguero watershed, 

Spain), Dechmi et al. (2013) reported a yield decrease for maize (2.5%) and alfalfa (7.1%) 

compared to the initial conditions. For this case, it is necessary to punctuate that both 

crops presented excessive irrigation by farmers. However, the yield decrease, in Del 

Reguero watershed, was within the yield variation range of such crops in the area. While 



in the case of sunflower and barley (currently under-irrigated), additional irrigation water 

was applied to meet crop water needs inducing yield increases by 11.3 and 12.9%, 

respectively. 

Under this scenario, the annual average losses of IRF resulted in 4% lower than the 

baseline scenario. However, just applying the optimum irrigation for maize-LS, the IRF 

could be decreased by 6%. This reduction could be explained by the compensation 

process between the irrigation water deficit of some crops, by the fact that current 

irrigation practices in the VW presented an irrigation deficit for barley, wheat, and alfalfa 

about 180%, 85%, and 51%, respectively, while excessive irrigation for other crops. In 

fact, the optimal irrigation was higher than the actual for crops with water deficit while it 

was lower for crops characterized by excessive irrigation such as maize.  

Comparing with the baseline scenario the optimum irrigation could reduce the nitrate load 

by 12% and the NO3-N concentration from 13 mg L-1 to 10 mg L-1. Smooth reduction of 

NO3-N load was observed during March despite the high precipitation during this month 

(62 mm). In addition, the residual NO3-N in soil could be reduced on average by 2%. 

Regarding the water balance, the complexity of the double cropping system every year in 

this study area, together with the other irrigated and rainfed crops, resulted in a complex 

interpretation of the water cycle outputs. 

In one hand, optimum irrigation scenarios presented less environmental impact than 

recommended N fertilization scenarios in reducing NO3 loads. On the other hand, this 

BMP improved crop water productivity while reducing percolation losses. The total 

irrigation water amount reduction was about 5% (on average of considered years). As 92 

% of the VID irrigation system is pressurized, this water saving could lead to energy 

saving, which could present an additional benefit for farmers as well as for the 

environment. However, improving irrigation practices without optimizing N fertilization 



could lead to high residual N in soil which remains in soil at the end of the growing season 

and is prone to be leached during the intercrop period if precipitation occurs.  This could 

generate a risk in reducing the magnitude of the positive environmental impact of this 

BMP. 

Combined BMPs scenarios 

In general, the combined BMPs scenarios were more efficient reducing NO3-N load and 

NO3-N concentration than individual scenarios. In fact, both variables could be reduced 

by 51% (NO3-N load) and 57% (NO3-N concentration) under the combined BMPs 

comparing with the baseline scenario (Table 7). There was no remarkable reduction for 

residual NO3-N in soil (2%) and IRF (4%) comparing with the individual optimum 

irrigation scenario. In the same way, crop production was slightly higher than individual 

scenarios application; but more pronounced for alfalfa (11%) and maize-SS (29%) crops. 

The monthly evolution of the NO3-N load reduction (Fig. 8) showed that the combined 

BMPs were the most efficient during both irrigation and non-irrigation seasons except 

during March 2016 when the N recommended fertilization was more efficient than the 

remaining scenarios. Besides, the great accumulation of NO3-N on the soil at crop harvest 

(114.3 Mg NO3-N for combined BMPs) is prone to NO3-N leaching and exported by 

surface runoff during periods of intense rainfall during the non-cultivated period. For this, 

additional BMPs should be considered for reducing such NO3-N accumulation on soil for 

the study area. This work showed that the combined BMPs were the most efficient 

scenario in terms of NO3-N load reduction, followed by the recommended N fertilization 

and the optimum irrigation management. On the contrary, Cavero et al. (2012) proved 

that the optimum irrigation was more efficient than N fertilization management in the 

VID using the APEX model. In fact, this could be explained because the cited author 

considered a study period before the VID modernization (2008-2009). Nonetheless, 



Dechmi and Skhiri (2013) applied the BMPs in a similar watershed, finding the combined 

BMPs application as the most efficient scenario on improving water quality. Our results 

are within the range of values for similar BMPs reported (Lam et al., 2011; Tuppad et al., 

2010). For instance, Motsinger et al. (2016) proved that the combination of no tillage and 

rye cover crops had an improvement of 13% better on nitrate reduction over rye only in 

the Little Vermillion River (USA).  

The tested individual BMPs showed differences in their environmental impact and also 

farmers’ benefits. If only recommended N fertilization is considered, NO3-N loads could 

be reduced by 36%, which represent three time more than if only optimum irrigation 

scenario is considered. This indicates that for reducing the negative impact of the 

agricultural activities on VW off-site water bodies, the current fertilizers management 

improvement is more efficient than water irrigation management. In addition, although a 

cost-benefit analysis is not carried out in this study, it is quite clear that farmers' net 

incomes will be better under fertilization scenario for the important reduction of the N 

fertilizers inputs (27% less mineral N inputs in all the VW). However, this scenario could 

not allow reduction of deep percolation losses and therefore irrigation water and energy 

saving as do the optimum irrigation scenario. For this raison, combined BMPs were more 

advantageous for environment and farmers’ benefits than a single BMP in achieving 

maximum reduction in NO3-N loads with better net incomes for farmers, and water and 

energy saving.  

As this work showed, the proposed BMPs do not require significant change in farmers’ 

management because its application only need reduce and adjust irrigation-fertilisation 

inputs and therefore can easily be adapted by farmers. However, in many intensive 

irrigated regions, the agricultural systems advices focused on both economic savings of 

farms and improving water quality are lacking. Therefore, convincing information and 



local support based on a transfer program presented in ways that could influence farmers’ 

understanding, motivations and attitudes is necessary. For this an additional economic 

impact assessment on crops gross margin under the proposed BMPs as that performed by 

Dechmi and Skhiri (2013) could give valuable information for a successfully research 

achievements transfer to the agricultural sector.     

 

4. Conclusions 

For irrigated areas, appropriate modeling of water balance components is crucial for a 

correct representation of the different flow pathways, crop yield, and the IRF water 

quality estimation. In this study, the average crop yields values, from the modified SWAT 

model calibration and validation, were quite similar to those gathered in field surveys. 

The average values of the main crops ETa obtained during model evaluation processes 

were similar to those simulated by the DSSAT model. 

The identification of the most sensitive parameters using SWAT-CUP, within a range of 

model parameters, has particular relevance to reducing calibration labors. Despite the 

great complexity of the study area (so dense irrigation network and extended and variable 

double cropping system each year), the model evaluation is considered adequate for 

monthly streamflow discharge and NO3-N load predictions in the VW, although 

calibration results showed a better match than the validation ones. Even though the NO3-

N load obtained results during the calibration and validation processes are similar 

according to the criteria reported in the literature, the model performance can be improved 

by calibrating also the organic N form. 

The combined BMPs scenario was the most efficient scenario reducing N load (51%) 

than recommended N fertilization (36%) and optimum irrigation (12%). Additional 



BMPs should be considered to further reduce the NO3-N load during the non-cultivated 

season. Results from this modeling can be used to help prioritize monitoring needs, 

evaluate the relative effectiveness of agricultural BMPs in reducing pollutant loads and 

improving water quality in similar irrigated watersheds. 
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Table 1. Input data used for SWAT model. 

Data type Data source Scale Data description 

DEM 
Geographic Institute of 

Aragón 
20 x 20 m Elevation 

Soil type map Elaborated* 1/25 000 Soil physical and chemistry proprieties 

Land use map SIGPAC 20 m 
Land-cover map with classes of cultivated fields, 

water, urban, herbaceous 

Climate Tardienta weather station 2013-2017 
Daily precipitation, max and min temperature, wind 

speed, relative humidity, and solar radiation 

Streamflow Measured 2015-2017 Daily observed streamflow 

Water quality Measured 2015-2017 Daily nitrate concentration 

Crop 

management 
Farmers’ interview 2015-2017 

Tillage operation, time of planting and harvesting, 

fertilization and irrigation amounts and dates. 

* Extrapolated from the soil map of the Violada Irrigation District (Jiménez-Aguirre et al., 2018) by relief stereoscopic 

photo-interpretation. 



Table 2. Streamflow discharge parameters considered for the SWAT model sensitivity analysis and its 

results. Fitted parameter values and ranges considered in the calibration process are marked with two 

asterisks for the highest sensitive parameters and with one asterisk for the sensitive ones . 

Parameter name Definition  p-Value t-Stat 
Fitted 

value 

Min 

value 

Max 

value 

r_CN2** 
SCS runoff curve number for moisture 

condition II (-) 
0.25 1.14 0.17 -0.01 0.36 

v_ALPHA_BF Baseflow alpha factor (days) 0.76 -0.3 - - - 

v_GW_DELAY** Groundwater delay time (day) 0.013 2.5 331.35 180.51 482.19 

v_GWQMN 
Threshold depth of water in the shallow 

aquifer (mm) 
0.8 -0.25 - - - 

v_SHALLST 
Initial depth of water in the shallow 

aquifer (mm) 
0.52 0.638 - - - 

v_DEEPST 
Initial depth of water in the deep aquifer 

(mm) 
0.6 -0.51 - - - 

v_GW_REVAP Groundwater "revap" coefficient  (-) 0.71 0.36 - - - 

v_REVAPMN* 
Threshold depth of water in the shallow 

aquifer for "revap" to occur (mm) 
0.36 -0.9 536.25 304.18 768.32 

v_RCHRG_DP Deep aquifer percolation fraction (-) 0.67 0.41 - - - 

a_SOL_K(1) Saturated hydraulic conductivity (mm hr-1) 0.91 -0.1 - - - 

r_SOL_BD(1)* Moist bulk density (g cm-3) 0.4 -0.83 -0.33 -0.45 -0.22 

a_SOL_AWC(1) 
Available water capacity of the soil layer 

(mm mm-1) 
0.82 0.22 0.26 0.14 0.38 

v_CH_N2* 
Manning's "n" value for the main channel 

(-) 
0.37 0.89 0.19 0.16 0.21 

v_ALPHA_BNK 
Baseflow alpha factor for bank storage 

(days) 
0.88 0.13 - - - 

v_CH_K2** 
Effective hydraulic conductivity in main 

channel alluvium (mm hr-1) 
0.01 2.58 45.49 -31.85 122.83 

v_SURLAG Surface runoff lag time coefficient (-) 0.8 -0.24 - - - 

r_ESCO Soil evaporation compensation factor  (-) 0.81 0.23 - - - 

v_EPCO Plant uptake compensation factor (-) 0.85 -0.18 - - - 

r_OV_N* Manning's "n" value for overland flow (-) 0.48 0.7 17.03 8.51 25.55 

r_LAT_TTIME* Lateral flow travel time (day) 0.4 -0.84 154.35 77.1 231.6 

r_DEP_IMP** 
Depth to impervious layer for modeling 

perched water tables (mm) 
0.028 2.21 -0.52 -1.27 0.24 

v_CNOP{[1],1}* 
SCS runoff curve number for moisture 

condition (planting) (-) 
0.05 -1.91 34.5 16.73 52.27 

v_CNOP{[1],6}* 
SCS runoff curve number for moisture 

condition (tillage) (-) 
0.46 0.73 61.9 45.93 77.87 

*: p–value < 0.5 and t–stat < 0.9 

**: p–value < 0.5 and t–stat > 0.9 



Table 3. Nitrate load parameters considered for the SWAT model sensitivity analysis and its results. Fitted 

parameter values and ranges considered in the calibration process are marked with two asterisks for the 

highest sensitive parameters and with one asterisk for the sensitive ones. 

Parameter name Definition  p-Value t-Stat Fitted value Min value Max value 

v_CDN* 
Denitrification exponential rate 

coefficient (-) 
0 -5.03 1.16 0.24 2.08 

v_RCN 
Concentration of nitrogen in rainfall (mg 

l-1) 
0.52 0.64 - - - 

v_CMN** 
Rate factor for humus mineralization of 

active organic N (-) 
0.05 1.92 0 0 0 

v_SDNCO** Denitrification threshold water content  0.05 1.98 0.99 0.5 1.49 

v_NPERCO Nitrogen percolation coefficient (-) 0.59 0.53 - - - 

v_RSDCO Residue decomposition coefficient (-) 0.59 -0.53 - - - 

r_SOL_NO3(1)* 
Initial NO3 concentration in the soil layer 

(mg kg-1) 
0.48 -0.7 0.01 -0.08 0.11 

r_SOL_ORGN(1)** 
Initial organic N concentration in the soil 

layer (mg kg-1) 
0.06 1.83 1.05 -4.48 6.58 

v_BC3 
Rate constant for hydrolysis of organic N 

to NH4 in the reach at 20 C (1day-1) 
0.91 -0.1 - - - 

v_AI1* Fraction of algal biomass that is N (-) 0.19 -1.3 0.07 0.06 0.08 

v_HLIFE_NGW** Half-life of N in groundwater (days) 0.12 1.56 36.67 25 48.35 

v_BIOMIX* Biological mixing efficiency  (-) 0.27 -1.09 0.56 0.29 0.84 

v_SHALLST_N 

Concentration of nitrate in groundwater 

contribution to streamflow from 

subbasin (mg N l-1) 

0.96 -0.04 - - - 

v_ERORGN** Organic N enrichment ratio (-) 0.19 1.2 3.96 1.98 5.95 

v_N_UPDIS** 
Nitrogen uptake distribution parameter 

(-) 
0.33 0.97 79.75 39.84 119.66 

r_ANION_EXCL* 
Fraction of porosity from which anions 

are excluded (-) 
0.07 -1.78 0.51 0.26 0.76 

v_BC1_BSN 
Rate constant for biological oxidation of 

NH3 (1 day-1) 
0.89 -0.12 - - - 

v_BC2_BSN 
Rate constant for biological oxidation 

NO2 to NO3 (1 day-1) 
0.66 0.43 - - - 

v_BC4_BSN 

Rate constant for decay of organic 

phosphorus to dissolved phosphorus           

(1 day-1) 

0.7 -0.37 - -- - 

v_FRT_SURFACE* 
Fraction of fertilizer applied to top 10 

mm   (-) 
0.29 -1.05 0.18 -0.09 0.44 

*: p–value < 0.5 and t–stat < 0.9 

**: p–value < 0.5 and t–stat > 0.9 



Table 4. Current and optimum nitrogen fertilization amount (NF) and irrigation water depth 

applied to the main crops in the Violada Watershed. Standard deviation is included in brackets. 

    
NF (kg N ha-1) Irrigation depth (mm) 

    

  Scenarios Current Optimum Current Optimum 

Irrigated  

Maize-LS 373 (31) 
250 778 (84) 621 

Maize-LS* 530 (69) 

Maize-SS 395 (58) 250 705 (117) 523 

Barley 185 (15) 163 99 (73) 277 

Wheat 178 (14) 195 156 (56) 289 

Sunflower 166 (37) 82 629 (267) 425 

Alfalfa 82 (16) 30 755 (127) 557 

Rainfed Barley/Wheat  105 83 - - 

              * If manure is considered. 



Table 5. Crop growth parameters for the main irrigated crops (maize-LS, maize-SS, wheat, barley, alfalfa, 

and sunflower) and rainfed crops (Wheat_RN and Barley_RN) used for the SWAT model calibration in the 

Violada Watershed. 

 

 Maize-

LS 

Maize-

SS 
Wheat Barley Sunflower Alfalfa 

Wheat_ 

RN 

Barley_ 

RN 

Biomass energy ratio (kg MJ-1) 39.5 38.0 28.5 28.0 30.0 24.0 21.0 23.0 

Harvest index 0.50 0.45 0.49 0.45 0.45 0.90 0.40 0.44 

Maximum leaf area index 6 5 4 4 6.5 4.5 3.5 3.5 

Optimum T (ºC) 25 25 18 15 30 25 18 15 

Base T (ºC) 8 8 0 0 4 3 0 0 

Maximum root depth (m) 1.50 1.50 1.30 1.50 2.50 1.79 1.30 1.50 

Light extinction factor 0.68 0.45 0.59 0.57 0.68 0.60 0.40 0.45 

Fraction of N in plant at 

maturity (Kg N/kg of biomass) 
0.017 0.017 0.015 0.013 0.014 0.032 0.015 0.013 



Table 6. Values of d-stat, coefficient of determination (R2), Nash-Sutcliffe efficiency (NSE), root mean 

square error (RMSE) and percent bias (PBIAS) in the calibration and validation periods of the SWAT 

model for daily and monthly stream discharge and nitrate loads. 

Statistic parameter 
Stream discharge  Nitrate load 

Daily Monthly  Daily Monthly 

  Calibration  Validation Calibration  Validation  Calibration  Validation Calibration  Validation 

d-stat 0.89 0.95 0.95 0.86  0.75 0.64 0.95 0.84 

R2 0.82 0.84 0.96 0.83  0.60 0.47 0.93 0.73 

NSE 0.66b 0.62a 0.86c 0.65b  0.35ns 0.16 ns 0.84c 0.40 ns 

RMSE 0.15 0.20 0.07 0.08  254 338 2383 1961 

PBIAS (%) 5.52c 0.60c 5.50c 0.40c  5.50c 3.30c -0.60c -1.40c 

a:Satisfactory; b:good; c:very good; ns: unsatisfactory (according to the model evaluation guidelines 

proposed by Moriasi et al. (2015)). 



Table 7. SWAT model initial conditions (baseline scenario) and percentage reduction resulted from the 

application of the different scenarios considered [recommended N fertilizer dose (Fert_Recom.), optimum 

irrigation dose (Irrig_opt.) and combined recommended N fertilization and optimum irrigation doses (combined 

BMPs)] for NO3-N load, NO3-N concentration, residual NO3-N in soil and total irrigation water return flows 

(IRF). 

Scenarios NO3-N load  NO3-N concentration  NO3-N in soil  IRF  

Baseline  231.1 (Mg) 13.0 (mg L-1) 257.3 (Mg) 154.0 (mm) 

 Percentage reduction from baseline (%) 

Fert_Recom. 36 33 2 2 

Irrig_opt. 12 26 1 4 

Combined BMPs 51 57 2 4 

 

 

Figures 

 

Figure 1. Location of the study area (Violada Watershed -VW) in the Ebro Valley basin. Violada 

Irrigation District (VID), irrigation canals, main streams, and meteorological and gauging stations are 

indicated. 



 

 



 

Figure 2. Soil map (a), slope map (b) and land use map (c) considered for SWAT model setup, (RN: 

rainfed crop; LS: long season; SS: short season). 

 

Figure 3. Average measured and simulated crop yield during the calibration (a) and the validation (b) 

process and average actual evapotranspiration (ETa) simulated by SWAT and DSSAT model (c). 
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Figure 4. Precipitation and daily (a) and monthly (b) comparison between observed and simulated 

streamflow evolution for calibration (2016) and validation (2017) periods. Daily (c) and monthly (d) 

comparison between measured and simulated stream discharge (diagonal line represents the 1:1 

relationship). The vertical bars in Fig.b indicate the standard deviation. 
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Figure 5. Daily (a) and monthly (b) comparison between observed and simulated nitrate load evolution 

for calibration (2016) and validation (2017) periods. Daily (c) and monthly (d) comparison between 

measured and simulated for nitrate load (diagonal line represents the 1:1 relationship).  
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Figure 6. Measured daily streamflow and NO3 concentration evolution at the gauging station (D14) 

during 2016 and 2017 hydrological years. The dashed line represents the NO3 concentration threshold 

limit of moderate state established in the study area (25 mg L-1).  
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Fert_Recom. 3142 3415 11005 5694 5837 10736 2661 14750

Irrig_Opt. 11030 5510 6016 14700 2671 16200

Combined BMPs 11322 5622 5915 15135 2514 16600

WPI_Baseline 1.11 1.73 2.86 1.60 0.68 1.89

WPI_Irrig_Opt. 1.58 2.53 1.60 2.83 0.67 2.44
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Figure 7. Average dry crop yield (Mg ha-1) for the main crops in the Violada Watershed under the 

different scenarios considered: baseline, recommended fertilization (Fert_Recom.), optimum irrigation 

(Irrig_Opt.) and combined recommended N fertilization and optimum irrigation (combined BMPs) and 

water productivity index for baseline (WPI_Baseline) and optimum irrigation scenario (WPI_ 

Irrig.Opt.). 



 

Figure 8. Evolution of monthly N load under the different scenarios considered: baseline, recommended 

fertilization (Fert_Recom.), optimum irrigation (Irrig_Opt.), combined recommended N fertilization, 

and optimum irrigation (combined BMPs). 
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