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Irrigationwater is one of themost substantial water usesworldwide. Thus, global simulation studies aboutwater
availability and demand typically include irrigation. Nowadays, regional scale is of major interest for water re-
sources management but irrigation lacks attention in many catchment modelling studies. This study evaluated
the performance of the agro-hydrological model SWAT (Soil and Water Assessment Tool) for simulating
streamflow, evapotranspiration and irrigation in four catchments of different agro-climatic zones at meso-scale
(Baitarani/India: Subtropical monsoon; Ilmenau/Germany: Humid; Itata/Chile: Mediterranean; Thubon/
Vietnam: Tropical). The models were calibrated well with Kling-Gupta Efficiency (KGE) varying from
0.74–0.89 and percentage bias (PBIAS) from5.66–6.43%. The simulated irrigation is higherwhen irrigation is trig-
gered by soil-water deficit compared to plant-water stress. The simulated irrigation scheduling scenarios showed
that a significant amount of water can be saved by applying deficit irrigation (25–48%) with a small reduction in
annual average crop yield (0–3.3%) in all climatic zones.
Many catchments with a high share of irrigated agriculture are located in developing countries with a low avail-
ability of input data. For that reason, the application of uncorrected and bias-corrected National Centers for Envi-
ronmental Prediction (NCEP) and ERA-interim (ERA) reanalysis data was evaluated for all model scenarios. The
simulated streamflow under bias-corrected climate variables is close to the observed streamflow with ERA
performing better than NCEP. However, the deviation in simulated irrigation between observed and reanalysis
climate varies from −25.5–45.3%, whereas the relative irrigation water savings by deficit irrigation could be
shown by all climate input data. The overall variability in simulated irrigation requirement depends mainly on
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the climate input data. Studies about irrigation requirement in data scarce areas must address this in particular
when using reanalysis data.

© 2018 Elsevier B.V. All rights reserved.
1. Introduction

The major proportion (about 70%) of the world's water resources is
consumed by agriculture although the share of total water use varies
drastically under different continents from around 10% in Europe to
nearly 90% in South Asia (http://www.fao.org/nr/water/aquastat).
However, fast population growth will increase the demand for food,
resulting in increased future demand for agricultural irrigation. Rabie
et al. (2013) postulated in a global study that 52 countries will face a
water deficit crisis by 2025. Irrigated agriculture has expanded by
480% (47.3 to 276.3 Mha) since the last century. Nowadays, 18% of
crop land is irrigated and the rest accounts for rainfed agriculture. The
increase in irrigated agriculture is majorly concentrated to developing
countries as they are more effected by population growth (Rockström
and Falkenmark, 2000; Bruinsma, 2003; Siebert et al., 2005; Scanlon
et al., 2007).

Water demand and water availability are two main parameters for
effective water resources management and water scarcity is a main
driver for water resources planning and optimization. In order to over-
come the probable future water stress and to ensure food security, the
irrigation water use efficiency must be optimized. Crop water require-
ment is the fundamental input for regional planning and policy making
for irrigated agriculture (Santhi et al., 2005). Besides meteorological
variables, cropwater requirement also depends on soil physical proper-
ties and crop parameters like leaf area index, crop stage, rooting depth
etc. (Doorenbos and Pruitt, 1977; Allen et al., 1998).

Hydrological models are tools that can simulate dynamic hydrologi-
cal processes taking into consideration the spatio-temporal distribution
ofwater in different compartments (Zuo et al., 2015). Irrigation require-
ment is mostly simulated at field scale for operational purpose to opti-
mize the water use at farm scale by using one dimensional soil
hydraulic models like SWAP (Soil-Water-Atmosphere-Plant System,
van Dam et al., 1997; Droogers and Bastiaanssen, 2002; Singh et al.,
2006; Ma et al., 2011) and Daisy (Abrahamsen and Hansen, 2000).
However, there has been an increase in the number of studies on opti-
mizing the resource allocation at aggregated scales like command
area, catchment or watershed scale (Bastiaanssen et al., 2000). Early
models for quantifying the irrigation water requirement at aggregated
scale are CADSM (Command Area Decision Support Model, Walker
et al., 1995) and EPIC (Erosion Productivity Impact Calculator,
Williams et al., 1989; Meinardus et al., 1998). With the advanced appli-
cation of remote sensing techniques, SEBAL (Surface Energy Balance Al-
gorithm for Land, Bastiaanssen et al., 1998; Zwart and Bastiaanssen,
2007; Teixeira et al., 2009; Allen et al., 2011)was developed. Conceptual
hydrological models allow the simulation of larger catchments includ-
ing horizontal flows of water. Examples with application in irrigated
catchments are SLURP (Semi-distributed, Land-Use-based, Runoff Pro-
cesses, Barr et al., 1997; Kite, 1998; Kite and Droogers, 2000), SWAT
(Soil and Water Assessment Tool, Arnold et al., 1998; Neitsch et al.,
2011), WaSIM (Water flow and Balance Simulation Model, Niehoff
et al., 2002; Schulla and Jasper, 2007) and WEAP (Water Evaluation
and Planning System, Danner, 2006; Mehta et al., 2013; Esteve et al.,
2015). Moreover, several studies have also been carried out by
upscaling field scale models and by nesting the best components of dif-
ferent models (hydrology + plant growth; Ground water + plant
growth). Jiang et al. (2015) used SWAP-EPIC for assessing the perfor-
mance of irrigation andwater productivity in the irrigated areas of mid-
dle Heihe River, China. Whereas, the irrigation performance was also
estimated by using SEBAL and SWAP in Gediz Basin, western Turkey
by Droogers and Bastiaanssen (2002).

Nowadays, the interpretation algorithms of satellite imagery from
the terra moderate resolution imaging spectroradiometer (MODIS)
have been approved (Mu et al., 2013) and used by many researchers
in assessing the spatio-temporal hydrologic behavior of agricultural
catchments (Stehr et al., 2009; Tang et al., 2009b; Zhang et al., 2009;
Emam et al., 2017). Remote sensing can provide satisfactory estimates
of irrigated areas and also cropwater indicators by capturing the pheno-
logical development of crops through multi-temporal image classifica-
tion (van Niel and McVicar, 2004; Thenkabail et al., 2009; Ozdogan
et al., 2010; Pervez and Brown, 2010; Conrad et al., 2011; Romaguera
et al., 2012; Peña-Arancibia et al., 2016; Zhang et al., 2018). Errors in
the remotely sensed actual evapotranspiration (ET) are generally in
the order of 10–20% in Australia (Glenn et al., 2011), whereas, the spe-
cificMODIS ET productwas reported to have an error of 24.1% relative to
the flux towers (Mu et al., 2013; Vervoort et al., 2014). In this paper, we
always refer actual evapotranspiration as ET.

Reanalysis data from different spatial and temporal resolution
[e.g., National Centers for Environmental Prediction (NCEP, Saha et al.,
2010); ERA-interim, Dee et al., 2011; etc.] have been used in simulating
the global as well as regional hydrological response of different agricul-
tural catchments. Essou et al. (2016) compared different climate
datasets to perform lumped hydrological modelling over 42 catchments
in theUnited States and later on, evaluated the impacts of combining re-
analysis andweather data to check the accuracy in discharge simulation
over 460 Canadian watersheds (Essou et al., 2017). Wisser et al. (2008)
usedNECPdata to simulate the global irrigationwater demand and con-
firmed that the weather driven variability in global irrigation was b10%
but it could be much higher at national scale (±70%). Since some re-
analysis data provide time series of N30 years, therefore they have
been increasingly used in studying climate trends (Poveda et al., 2006;
Wang et al., 2006; Stammerjohn et al., 2008).

Amongst the hydrological models mentioned above, the application
of SWAT has gained momentum during last 10–15 years for modelling
agricultural catchments (van Griensven et al., 2012). Santhi et al.
(2005) improved the capabilities of SWAT by introducing a canal irriga-
tion component into the model for the effective regional planning of an
irrigated agricultural catchment in Rio Grande, U.S. Xie and Cui (2011)
developed SWAT for simulating paddy fields in the Zhanghe Irrigation
District located in China. Dechmi et al. (2012) used SWAT to simulate
the intensive agricultural irrigated catchment of the Del Reguerowater-
shed in Spain. Panagopoulos et al. (2014) evaluated the economic effec-
tiveness of different best management practices for reducing the
irrigation water abstraction in Pinios, Greece. Maier and Dietrich
(2016) compared different irrigation strategies, where different
methods of auto-irrigation implemented into SWAT showed consider-
ably different results for a humid catchment in Germany. Marek et al.
(2016) investigated the simulation of the leaf area index (LAI) and ET
in SWAT and founddeficiencies, whichmay have an impact on the accu-
racy of simulated plant water uptake. Chen et al. (2018) proposed an
improved auto-irrigation function for SWAT based on field studies in
Texas (Chen et al., 2017). In addition to this, SWAT was used to find
out the best management practices for irrigation considering crop
water requirement, productivity, management strategies costs and
crop market prices in Crete, Greece (Udias et al., 2018). The updated
SWAT+ model will improve the control of auto-irrigation by decision
tables (Arnold et al., 2018).

http://www.fao.org/nr/water/aquastat
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Irrigation water availability is a key driver to determine cropping
patterns. Climate change will potentially affect natural hydrological
and plant growth processes around the world. Therefore, cropping
patterns/amounts should be adjusted/evaluated for this challenge
(Wang et al., 2011; Dubey and Sharma, 2018). Consequently, agro-
hydrological models should be evaluated regarding their ability and
performance to simulate plant growth and hydrology under climate
and management constraints.

The objectives of this study are: (i) to investigate the application of
SWATmodels in different agro-climatic zones of theworld (Chile-Med-
iterranean; Germany-Humid; India-Sub tropical and Vietnam-Tropical)
for simulating irrigationwater requirement; (ii) to compare plantwater
requirement usingMODIS generated ET and SWAT simulated ET; (iii) to
simulate the irrigation water requirement under different irrigation
control scenarios; and (iv) to investigate the use of climate reanalysis
datasets like NCEP (National Centers for Environmental Prediction)
and ERA-Interim for agro-hydrological studies in data scarce
catchments.

2. Study area and data

The study area for this study consists of four different agricultural
catchments located in different agro-climatic conditions (Fig. 1). The se-
lection of the four catchments was based on different climatic condi-
tions, spatial location, type of crop grown, size and type of catchment
area (mainly agricultural catchments of meso-scale) and data availabil-
ity. The salient information about these catchments, the data used, irri-
gation techniques used and the sources of irrigation water are
Fig. 1. Location of different catchments around the world with major Kö
summarized in Table 1. A brief description of the four catchments is pro-
vided below.

(1) The Upper Baitarani River basin (1776.6 km2) lies between 21‐
22.5° N latitude and 85–86° E longitude and is located in Eastern
India, Odisha (Fig. 2). The Baitarani River originates from
Guptaganga hills (900 m above MSL) in the Keonjhar district of
Odisha. The climate of the study area is characterized as subtrop-
ical climate with defined winter, summer and monsoon seasons.
More than 80% of the annual rainfall (1165 mm) occurs during
June to October. The mean monthly maximum temperature is
34 °C experienced in May, whereas the minimum temperature
is 11 °C in January. The dominant type of soil in this basin is
‘sandy clay loam’, which consists of 22% clay, 13% silt and 65%
sand and occupies 50% of the river basin. A majority of soils in
the basin are light textured red soils, which have low water-
holding capacity, low fertility and high erodibility (Verma and
Jha, 2015). Forest comprises the major portion of the land cover
(~50% of the area) followed by agriculture (42%) and 10% fallow.
Surface water conveyed through canals is used for flood irriga-
tion.

(2) The second studied catchment is a sub-catchment of the Ilmenau
River, located in the Federal state of Lower Saxony, Northern
Germany. It lies between 52‐54°N and 9–11°E (Fig. 2). The aver-
age annual rainfall is around 720 mm, which is temporally dis-
tributed throughout the year. The soils are mostly sandy-loam
(75% sand) and medium sand (95% sand), resulting in low
water holding capacity and fast infiltration (Uniyal et al., 2017).
ppen-Geiger climatic classification (modified from Peel et al., 2007).

Image of Fig. 1


Table 1
General information of the catchments.

Sl.
no.

Study area and Köppen-Geiger climatic zones Area
(km2)

Mean avg.
rainfall
(mm)

Investigation
period

%
Agri.-area

Source of
irrigation
water

Mode/irrigation
technique

Dominati-ng crops

1 Baitarani-India (Aw -Tropical dry summer)
Subtropical-monsoon

1776 1340 1998–2010 42 Canals Canals
Surface irrigation

Rice, pulses, oil seeds

2 Ilmenau-Germany (Dfb - Cold warm summer)
Humid

1478 720 1979–2010 55 Groundwater Sprinkler
Pressurized Irrigation

Wheat, potato, corn,
sugar beet

3 Itata-Chile (Cfa - Temperate hot summer)
Mediterranean

4529 1420 1979–2010 66 Canals Canals, drip and sprinkler
Pressurized and surface
irrigation

Fruit plantations, alfalfa,
oats

4 Thubon-Vietnam (Am -Tropical monsoon) Tropical 3124 3828 1979–2010 8 Canals Canals
Surface irrigation

Rice
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Agricultural land cover is the dominant land use (54%) followed
by forest cover (31.5%). Consequently, many fields are irrigated.
The irrigation water is mostly extracted from the shallow porous
aquifer present in this region and applied via sprinkler systems
(Wittenberg, 2003).

(3) The Itata catchment in theNuble province in Chile is chosen from
the Southern Hemisphere for the current research. The Itata
catchment is located between 72.4°–71.2°W longitude and
36.4°–37.2°S latitude (Fig. 2). Average annual rainfall of the
study area is around 1420 mm, of which N80% occurs in May to
October. The mean maximum temperature is 19.4 °C, whereas
the mean minimum temperature is 6.9 °C (Muñoz et al., 2016).
The major soils in this catchment comprises of mountain allu-
vium (16.7%) and volcanic soils (11%) with poor soil quality.
The major portion of the catchment is comprised of agricultural
land use with nearly 48% of the total area followed by the forest
land cover (36%). The most popular irrigation techniques
followed around this catchment are surface, canal and pressur-
ized irrigation systems and a few center pivot.

(4) The Thubon River originates from the Truong Son mountain
range, which is at an altitude of N2000 m above MSL (mean sea
level). The catchment is located between the longitudes
107.84°E and 108.47°E, and latitudes 14.95°N and 15.75°N. The
catchment has an average annual rainfall of N2000mm/year. Av-
erage maximum temperature is around 26–27 °C in June and
July, while average minimum temperature is within 20.5–21.5
°C in December and January. The soils are mostly sandy clay
loam covering nearly 83% of the catchment with 26% clay and
silt and 48% sand, respectively (Nam et al., 2013). The major
land use of the Upper Thubon River catchment (3124 km2) se-
lected for the study is comprised of 85.38% forest cover followed
by 8% agricultural land cover, which is mostly rice grown under
rain-fed agriculture (Nay-Htoon et al., 2013).

The selected catchments show huge variability in terms of temporal
rainfall distribution ranging from Germany, in which rainfall is distrib-
uted throughout the year, to India, which has a clear monsoon season,
along with the variation in annual average rainfall amount ranging
from 760mm (Germany) to N2000 mm (Vietnam) [Table. 1(a)]. There-
fore, it is worth to explore the performance of the agro-hydrological
model (SWAT) for simulating streamflow, evapotranspiration and irri-
gation water demand under the aforementioned diverse agro-climatic
conditions (Table 1).

2.1. Reanalysis data

To assess and manage the water resources available within a river
basin, good estimates of hydro-meteorological data, such as precipita-
tion, temperature and streamflow, are required (López et al., 2017).
However, many river basins around the world still have a limited num-
ber of in-situ observations, being either ungauged (Sivapalan et al.,
2003) or poorly gauged (Loukas and Vasiliades, 2014). Several studies
have utilized the dynamically downscaled datasets for simulating the
hydrology of a watershed (Bastola and Misra, 2013; Polanco et al.,
2017). In this study, two datasets from dynamically downscaled climate
reanalysis datasets called National Center for Environmental Prediction
(0.5°; https://globalweather.tamu.edu/) and ERA-interim (0.125°;
http://apps.ecmwf.int/datasets/data/interim-full-daily/levtype=sfc/)
were used. Climate Forecast System Reanalysis is a product developed
by NCEP, whereas ERA-interim (ERA) daily is a product from
European Centre for Medium-Range Weather Forecast. The global
models provide daily climate data from 1/1/1979 to 7/31/2014 and 7/
31/2017 for NCEP and ERA, respectively.

2.2. Evapotranspiration data

Evapotranspiration acts as a vital link between climate, hydrology
and ecology (Gharbia et al., 2018). Long-term direct ground measure-
ments of ET are typically not available and therefore, it is mostly calcu-
lated from meteorological variables. Nowadays, remote sensing
techniques can be used to calculate spatio-temporal ET indirectly on a
larger scale. The precision and accuracy of satellite ET algorithms,
which incorporate land surface temperature data are sufficiently high.
Therefore, they can be used for enhancing the water management at
catchment scale (Cuenca et al., 2013; Steele et al., 2015; Tang et al.,
2009a). Moderate Resolution Imaging Spectroradiometer (MODIS) pro-
vides valuable spatio-temporal evapotranspiration data which helps to
check the evapotranspiration simulated by hydrological models.
Spatio-temporal maps of ET were downloaded from 2000 to 2010
using Moderate Resolution Imaging Spectroradiometer (MODIS, Mu
et al., 2013, NASA MODIS16A2/A3). It has a spatial resolution of 1 km.
MODIS provides cumulative ET for every 8 days interval.

3. Methodology

3.1. Hydrological model setup and calibration

The physically based continuous time scale model, Soil and Water
Assessment Tool (SWAT) can simulate water fluxes, plant growth and
agricultural land management operations at catchment scale (Arnold
et al., 1998). The agro-hydrological SWATmodels in this studywere de-
veloped by using the same model equations and comparable input
weather data, crops, etc., for each of the four catchments. This was
done to bring themodels into comparable level so that model's applica-
tion in simulating hydrological processes under different agro-climatic
conditions can be evaluated. Runoff was simulated by using the SCS
curve number method, evapotranspiration was calculated by the
Penman-Monteith equation. Furthermore, Muskingum routing was
used for routing the flow through the catchment (Neitsch et al., 2011).
Vertical processes are performed at hydrological response unit (HRU)

https://globalweather.tamu.edu
http://apps.ecmwf.int/datasets/data/interim-full-daily/levtype=sfc


Fig. 2. (a–d). Streamflow hydrographs for the four catchments during their respective calibration periods.
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Table 2
Model evaluation statistics.

Catchments Statistical indicators

R2 (Coefficient of determination) NSE (Nash-Sutcliffe efficiency) PBIAS (%, percent bias) KGE (Kling-Gupta efficiency)

Baitarani Calibration (1999–2004) 0.81 0.81 6.90 0.89
Validation (2005–2010) 0.60 0.60 −3.23 0.76

Ilmenau Calibration (1981–2000) 0.65 0.62 1.18 0.80
Validation (2001−2010) 0.61 0.51 3.46 0.76

Itata Calibration (1984–2000) 0.68 0.68 3.39 0.74
Validation (2001–2010) 0.70 0.70 −7.02 0.80

Thubon Calibration (1984–2000) 0.85 0.84 4.98 0.81
Validation (2001–2010) 0.88 0.87 1.39 0.87
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level. An HRU is the unique combination of soil, land use and slope
within a sub-basin.

3.2. Crop model setup

SWAT uses a simplified version of the crop growth model used in
EPIC (Neitsch et al., 2011). It uses the same crop growth equations for
all the crops but each crop has unique values for themodel parameters.
In this way, the crop growth model differentiates between different
crops. Plant growth is calculated by simulating leaf area development,
interception of light and its conversion into biomass. Crop yield is a
function of biomass above ground and harvest index on the day of har-
vesting. In addition, biomass on a day depends on the total intercepted
solar radiation and also on leaf area index, whereas the harvest index
depends on the accumulated heat units. Heat units are climate based
mechanism to grow crops according to thermal input and to initiate ir-
rigation and fertilizer application in the model. Crops grow if the accu-
mulated temperature above a threshold value reaches to a user
defined value. SWAT categorizes plants into seven different types
based on the season (cold or warm), type (legumes/others), growing
period (seasonal, annual or perennial) and trees (Neitsch et al., 2011).

Latest available crop statistics at district or regional level was incor-
porated into the models. Different crop types were randomly distrib-
uted in the agricultural areas of the respective basins using their
respective percentage of the total agricultural area determined by GIS
overlay analysis. However, in case of Baitarni river basin the state crop
statisticswere taken to distribute crops in the agricultural area. Through
this, all the catchments show average crop spatial statistics according to
the recent census. As fixed operations under local conditions were not
Fig. 3.Main water balance components of the different catchments. *Asterisk shows the averag
THU: Thubon.
available, therefore the developed models mostly depend on climate
input data. The crops in all the catchments were grown using heat
units. Auto-fertilization was activated, so there was no nutrient stress.
Harvesting is done by using ‘harvest and kill function’ or by using ‘har-
vest only’ function. The ‘harvest and kill’ function harvests the plant bio-
mass and kills the crop upon harvest whereas the other only harvests
the crop, but allows the plant to continue growing. One crop is grown
in the model in a year. However, in case of Thubon rice is grown twice
a year. The possible intermediate crops are neglected because they are
mostly not irrigated if grown. Forest and range land aremodelled as pe-
rennial plants in the catchment.

3.3. Implementation of irrigation schemes

SWAT does not regard the method of irrigation directly. Only the
losses associated with the different methods of irrigation can be given
via parameters called surface runoff ratio (IRR_ASQ) and irrigation effi-
ciency (IRR_EFF; amount ofwaterwhich is completely lost from the sys-
tem). Therefore, the user can assign the overall water loss from the
system (e.g. leaching, evapotranspiration) by the parameter IRR_EFF,
whereas IRR_ASQ is used to implement the return flow occurring from
the surface runoff to the system. Values for the irrigation system effi-
ciency for different irrigation techniques were taken from the Food
and Agricultural Organization database (http://www.fao.org/docrep/
t7202e/t7202e08.htm).

Nearly 85% of the irrigation demand is satisfied from surfacewater in
the Baitarani River basin. According to FAO, only 3.2% of the agricultural
area in Chile is irrigated by using groundwater (http://www.fao.org/nr/
water/aquastat/irrigationmap/CHL/index.stm). In Vietnam, total
e values. The abbreviations used are as follows-BAI: Baitarani, ILM: Ilmenau, ITA: Itata and

http://www.fao.org/docrep/t7202e/t7202e08.htm
http://www.fao.org/docrep/t7202e/t7202e08.htm
http://www.fao.org/nr/water/aquastat/irrigationmap/CHL/index.stm
http://www.fao.org/nr/water/aquastat/irrigationmap/CHL/index.stm
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Fig. 4. (a–d). Spatio-temporal variation of actual evapotranspiration in (a) Baitarani; (b) Ilmenau; (c) Itata and (d) Thubon from2000 to 2010 atmonthly time step. *Green band shows the
range of ET in the entire agricultural area of the catchment.
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Table 3
Comparison of crop yield.

Catchment Type of crop Crop yield (dry, t/ha)

Simulated Statistics

1. Baitarni Rice 2–2.4 1.1–2.5b

2. Ilmenau Potato 6.4–7.3 7.7–8.5c

Sugarbeet 8.1–11.1 9.8–11.2c

Winter Wheat 5.4–5.8 5.7–6.9c

3. Itata Oats 4.1–4.3 2.7–5.3a

Winter Wheat 2.5–6.6 2.1–6.9a

4. Thubon Rice 1.6-5.4 ~5d

a Average crop statistics of the whole country, Chile (FAO) 1980–2010.
b Technical rice report of Odisha 1980–2010 and Keonjhar 2005.
c Niedersächsisches Landesamt für Statistik 1990–2000.
d Firoz et al., 2018.
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groundwater withdrawal is only 1.7%, which is mainly used for supply-
ing municipal water to the urban areas (http://www.fao.org/nr/water/
aquastat/countriesregions/VNM/). This justifies the use of surface
water for irrigation in Baitarani, Itata and Thubon catchments. For
Ilmenau River basin, only groundwater was used as the source of irriga-
tion water.

3.4. Irrigation scheduling

Irrigation operations can be initiated in SWAT either by the pre-
defined schedules or automatically based on climate and plant growth
using heat units. Automatic irrigation can be triggered by defining
plant water stress or soil water deficit threshold in the model
(AUTO_WSTR: water stress threshold). If irrigation is triggered by
plantwater stress, then thewater stress threshold is a fraction of poten-
tial plant growth. Plant water stress is simulated in SWAT by a compar-
ison of actual and potential plant transpiration:

wstr ¼ 1−
Et;act
Et

¼ 1−
wactualup

Et
ð1Þ
Fig. 5. Spatio-temporal variation of simulated annual Irrigation in Baitarani under different irrig
during 2000–2010.
where,wstr is thewater stress, Et is themaximumplant transpiration, Et,
act is the actual amount of transpiration and wactualup is the total plant
water uptake.

The irrigation source has to be defined on a sub-basin level like
reach, reservoir, shallow and deep aquifer, etc. Automatic irrigation
adds water until the field capacity of the soil profile (root zone) is
reached and the excess water returns to the source.

Whenwater stress is based on the soil water deficit, the water stress
threshold is the soil water deficit below field capacity (mm H2O).
Whenever the water content of the soil profile falls below FC (field ca-
pacity) – AUTO_WSTR [the acceptable amount of water depletion
(mm H2O) in the total soil column], the model will automatically
apply water to the HRU. If enough water is available from the irrigation
source, themodelwill addwater to the soil until it is at FC (Neitsch et al.,
2011). Considering the vertical and horizontal heterogeneity of FC, the
individual soil water depletion (AUTO_WSTR) values for different soil
and crop types have to be quantified. In all the calibrated SWATmodels,
automatic irrigation was scheduled by using plant water stress.

All the developed models were calibrated using streamflow ob-
served at the catchment's outlet. For the Ilmenau and Itata catchments,
streamflow data from intermediate stream gauging stations were used
to improve the calibration. All of the developed models were iteratively
calibrated by using manual as well as automatic techniques along with
local expert knowledge about the four catchments. Nash Sutcliffe effi-
ciency (NSE N 0.5) and percentage bias (PBIAS b10%) were used as ob-
jective functions to calibrate the developed models.

In addition, the SWAT simulated ETwas comparedwith ET extracted
fromMODIS for all the four catchments onmonthly basis and for all ag-
ricultural HRUs during 2000–2010. In order to compare the overall spa-
tial and temporal variation in SWAT simulated ETwithMODIS, ET bands
were created from the minimum, maximum and average values of ET
for a particular month from the agricultural HRUs.

3.5. Irrigation scheduling scenarios

For the scenario simulations, two different irrigation scenarios (opti-
mal and deficit irrigation) were used for scheduling irrigation for both
plant water stress and soil water deficit with different thresholds. For
ation scenarios from 2000 to 2010. *(asterisk) shows the mean annual irrigation demand

http://www.fao.org/nr/water/aquastat/countriesregions/VNM
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Fig. 6. Spatio-temporal variation of simulated annual Irrigation in Ilmenau under different irrigation scenarios from 1980 to 2010. *(asterisk) shows the mean annual irrigation demand
during 1980–2010.
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soil water deficit scheduling, the optimal scenario irrigates when mois-
ture content in the soil falls below FC – 0.5∗FC in mm (scenario 1-S1)
and the deficit scenario irrigates when soil moisture falls below FC –
0.65∗FC in mm (scenario 2-S2). For the plant water stress scenarios,
threshold values of 0.9 (scenario 3-S3) and 0.8 (scenario 4-S4) were
chosen for scheduling irrigation in all the catchments.

3.6. Application of climate reanalysis data in simulating streamflow and
irrigation

Climate reanalysis simulations aim at providing climate data for un-
observed or insufficiently monitored regions of the world. However,
Fig. 7. Spatio-temporal variation of simulated annual Irrigation in Itata under different irrigation
1980–2010.
these data can be biased against climate observations (Hwang et al.,
2014). Therefore, after comparing the reanalysis datasets (NCEP and
ERA) with observed values used in this study, daily precipitation, tem-
perature (minimum and maximum) and solar radiation were bias
corrected by using quantile mapping (Piani et al., 2010a; Piani et al.,
2010b; Thrasher et al., 2012). The bias correction is performed to reduce
the effect of local over or underestimation of climate variables by the
global models (Varis et al., 2004; Christensen et al., 2008; Teutschbein
and Seibert, 2010). Quantile mappingwas conducted using the R statis-
tical tool package ‘qmap’. This program first estimates the empirical cu-
mulative distribution function of the observed and reanalysis data for 10
quantiles and derives a transformation function for each quantile. Later
scenarios from 1980 to 2010. *(asterisk) shows themean annual irrigation demandduring

Image of Fig. 6
Image of Fig. 7


Fig. 8. Spatio-temporal variation of simulated Irrigation in Thubon under different irrigation scenarios from 1980 to 2010 at yearly time step. *(asterisk) shows themean annual irrigation
demand during 1980–2010.
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on, the quantiles of the original reanalysis dataset are transformed into
the quantiles of the bias corrected dataset. For the values that are out-
side of the fitted distribution function, their transformation is estimated
by using spline interpolation (ftp://ftp.gr.vim.org/mirrors/CRAN/web/
packages/qmap/qmap.pdf). For this study, month specific bias correc-
tion for daily weather variables was selected due to the significant dif-
ference in the seasonal rainfall patterns. The observed data were
replaced with the reanalysis dataset in the developed models to evalu-
ate their performance, assuming that the model calibration with ob-
served data is valid i.e., representing the hydrological system response
to climatic forces. The accuracy of simulations with bias corrected and
uncorrected reanalysis climate data was tested against simulations
with observed climate data for the four catchments.
4. Results and discussion

4.1. Calibration and validation of SWAT

All the selected catchments were calibrated using the daily
streamflow at their respective outlets. The streamflow hydrographs of
the selected catchments are shown in Fig. 2(a–d) for the respective cal-
ibration periods. It can be seen that the calibrated models replicate the
range of values of streamflowhydrographs during the calibration period
in all the catchments with different performance. Overall, it can be
assessed from the hydrographs that SWAT consistently underestimates
the peak flows as compared to the low flows and recession limbs,which
are well replicated. This can also be seen from the flow duration curves,
which are shown in Section 4.5. The daily hydrograph simulated by
SWAT can underestimate the peak if the travel time is less than one
day as this is a limitation of the Muskingum's routing equation used in
themodel (Kim and Lee, 2010). Furthermore, the available weather sta-
tions might not be enough to represent the overall spatial variability of
local events in the catchments. The Kling-Gupta Efficiency (KGE, Gupta
et al., 2009) varies from 0.74 to 0.89 and the percentage bias (PBIAS)
from −7.02 to 6.9% (Table 2), which indicates a good to very good
model performance according to Moriasi et al. (2007). In addition to
it, Table 2 also shows the performance of SWATmodels for other criteria
offit aswell as the performance of themodel during validation period. It
shows a comparable level of performance as shown in calibration period
except in case of Baitarani river basin. This is due to thepoor rainfall data
during the validation period (2007).

Fig. 3 shows the boxplots for monthly rainfall (mm), average
monthly simulated streamflow (mm) and areal average actual evapo-
transpiration (mm) in the four studied catchments. It can be inferred
from the figure that even though the overall variability in rain, ET and
streamflow is huge, the average values of precipitation and stream
flow are relatively close for Baitarni, Ilmenau and Itata, whereas the
tropical catchment of Thubon shows a different characteristic. A direct
relation can be seen between rainfall and streamflow in all the catch-
ments. A nonlinear relation between rainfall and streamflow is seen in
the tropical mountainous catchment of Thubon. The overall water
yield is really high in this catchment as compared to the others.Monthly
streamflow also shows clear difference between a wet tropical catch-
ment (Thubon) and a subtropical catchment (Baitarni), even the low
flows in the Thubon catchment are more than the high flows in the
Baitarani catchment. The overall behavior of monthly average ET can
provide information about the climate of a respective catchment. It
can be seen from the ET boxplots that overall spreads of the Baitarni
and Ilmenau catchments are more than that of the Itata and Thubon
catchments. The wide spread of ET in the Baitarani catchment support
its subtropical climatic characteristic with defined winter, summer
and monsoon season and in case of the Ilmenau catchment, it shows
its distinct summer and winter season. In addition, the ET boxplots
show an increasing gradient towards the equator from Ilmenau to
Thubonwith a bigger step in Baitarani catchment. However, the overall
spread andmonthly average ET for Thubon is expected to be higher but
SWAT has been reported to underestimate ET of tropical evergreen for-
ests systematically (Plesca et al., 2012; Alemayehu et al., 2017).

4.2. Evaluation of simulated evapotranspiration and yield for agricultural
land use

The spatio-temporal comparison of monthly ET from MODIS and
SWAT was performed for the four catchments during 2000 to 2010.
The overall spread from MODIS data was plotted with the simulated
ET band from SWAT. It can be seen from Fig. 4(a–d) that even though
the overall spread of monthly ET from MODIS and SWAT is not exactly
matching, the overall dynamics is similar in both datasets for all the
four catchments. In addition to it, the mean ET from MODIS mostly
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Fig. 9. Double mass curve of long term rainfall data for (a) Baitarani, (b) Ilmenau, (c) Itata, (d) Thubon.
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falls inside the simulated ET band from SWAT. However, SWAT simu-
lates higher ET as compared to MODIS by 3 to 20% in the Baitarani,
Ilmenau and Itata catchments, whereas lower ET in case of Thubon
(~25%). It can be seen that during the growing period, the spread is
wide in both cases and narrows down during non-growing periods. Sta-
tistical results showed that the percentage deviation in mean monthly
ET estimated for SWAT and MODIS has different behavior for different
Table 4
Statistical evaluation of daily reanalysis rainfall.

Sl.
no.

Catchment Statistical indicators
(1980–2010)

NCEP NCEP_BC ERA ERA_BC

1. aBaitarani PBIAS (%) −27.28 5.66 −9.44 −1.85
MAE (daily, mm) 5.23 4.86 4.70 5.0

2. Ilmenau PBIAS (%) −42.44 −6.43 −1.32 −1.8
MAE (daily, mm) 2.25 1.97 1.40 1.47

3. Itata PBIAS (%) 7.74 −0.67 28.39 8.19
MAE (daily, mm) 5.32 5.45 7.71 4.19

4. Thubon PBIAS (%) 15.21 −5.27 43.32 −1.69
MAE (daily, mm) 11.99 12.02 10.67 11.43

a Analysis for Baitarani river basin has been carried out from 1998 to 2010.
catchments. This might be due to the difference in topography and cli-
matic conditions of the respective catchments. It can be seen from
Fig. 4(a) that for the Ilmenau catchment, the overall spread of the esti-
mated and simulated ET matched well as compared to the other catch-
ments. This can be attributed to the good water balance simulated by
SWAT in this basin because it was calibrated by using three more inter-
mediate stations apart from the outlet. The data quality and quantity
play a crucial role in this context.

Fig. 4(b) shows that the ET estimated from MODIS data for the
Baitarani river basin during March–May is lower than the simulated
ET from SWAT. It is also apparent that the period of plant growth and
the receipt of rainfall for this catchment is in the sameperiod. Therefore,
with the available justification and local knowledge about the area, it
can be concluded that MODIS is underestimating ET for this catchment.

It can be seen from Fig. 4 (c) that the overall variation in ET simu-
lated by SWAT and MODIS is high in the Itata catchment during April–
October. This is explained by the inclusion of agro-forest under agricul-
tural land. This is confirmed by evaluating the Google earth imagery
with the agricultural area of the Itata catchment. In addition to this, dur-
ing this period Chile experiences winter and growing crops are not gen-
erally favored in this tenure.

Image of Fig. 9
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Fig. 10. Flow duration curves for the calibration period in (a) Baitarani, (b) Ilmenau, (c) Itata, (d) Thubon catchments.
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Table 5
Statistical evaluation for checking the application of reanalysis datasets for simulating
streamflow.

Sl.
no.

Catchment Statistical indicators
(1984–2000)

NCEP NCEP_BC ERA ERA_BC

1. Baitarania PBIAS (%) −30.28 24.88 −31.89 −8.61
KGE 0.37 0.30 0.53 0.46
R2 0.22 0.13 0.44 0.27

2. Ilmenau PBIAS (%) −52.99 11.83 40.38 18.65
KGE 0.36 0.63 0.42 0.622
R2 0.47 0.42 0.56 0.45

3. Itata PBIAS (%) 16.35 12.36 31.68 −6.88
KGE 0.75 0.72 0.49 0.82
R2 0.70 0.72 0.76 0.77

4. Thubon PBIAS (%) 39.4 6.54 54.04 2.25
KGE 0.14 0.71 −0.05 0.67
R2 0.44 0.57 0.41 0.45

a (Asterisk) streamflow simulation during 1999–2005.
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In Thubon catchment (Fig. 4(d)), the overall spread andmean values
of estimated ET fromMODIS are larger than that of the simulated ET in
SWAT. Two plausible reasons for this result are: a) SWAT underesti-
mates actual ET from the highly saturated agricultural surface by limit-
ing ET to potential ET (Neitsch et al., 2011), whereas in the case of rice
production actual ET can be more than potential ET as described for
ponds by Xie and Cui (2011), and b) the parameters for the crop varie-
ties could not be calibrated for the local conditions. Hai (2003) con-
firmed that Vietnam uses hybrid rice varieties (high yielding
varieties), which consume more water and in turn might have more
ET than the standard varieties as included in the SWAT database.

The ET estimated by MODIS also has some uncertainty as the mete-
orological data used in the estimation ofMODIS ET is non-linearly inter-
polated as it was too coarse for one MODIS pixel (Mu et al., 2013). The
aforementioned interpolation is assumed to improve the ET calcula-
tions, however, there is also some uncertainty at local scale.

The crop yield was not used to calibrate themodels in this study, be-
cause local data were not available. For evaluating the plausibility of the
obtained yield, Table 3 show the overall range of the annual yield as
simulated by SWAT for main crops compared to publicly accessible
crop statistics from census data. It can be seen from this table that
even though the range is matching for most of the catchments, still
there is huge uncertainty in simulated yield as well as the statistics
used for comparison. In general, it is a difficult task to calibrate
yield due to input data limitations in terms of planting and harvesting
dates, fertilizer and water inputs (quantity and frequency of applica-
tion), losses due to pests, floods and droughts etc. The reported model
uncertainty can be due to input data, model parameters as well as the
climatic variation during the simulation period. Authors accept this un-
certainty as they are in similar ranges as other studies have shown, e.g.
Abbaspour et al. (2015).

4.3. Comparison of different irrigation control scenarios

This section explains the results corresponding to different irrigation
control scenarios used in the current study for simulating annual irriga-
tion water requirement for major crops growing in the different catch-
ments. Fig. 5 shows the average annual irrigation demand of cotton,
sunflower and rice in the Baitarani River basin for the 2000–2010 pe-
riod. It can be seen that the average annual irrigation water provided
by the model is approximately two times more in the case of soil-
water deficit scenarios (S1 and S2) compared to the plant-water stress
scenarios (S3 and S4). The annual average water requirements under
soil-water deficit scenarios are in accordance with the annual irrigation
water applied in the field during conventional planting of rice (Nayak,
2006). Due to the scarcity of literature in this catchment for the actual
amount of water applied to cotton and sunflower production, the
simulated results cannot be validated against observed data or previous
modelling studies. Sunflower is grown in Kharif season (during July–
December) as well as in Rabi season (summer). It requires no irrigation
duringwinter season. However, if it is grown in non-rainy seasons then
around500–1000mmirrigationwater is required depending on the soil
type. The crop (sunflower) is growing in summer season in the devel-
opedmodel. Therefore, the irrigation water simulated by SWAT is justi-
fied (100–700 mm). The change in overall yield has also been analyzed
under the four irrigation scenarios, which was found to be b10% in
plant-water stress irrigation control scenarios as compared to the soil-
water deficit scenarios. However, water saving is nearly equal to 50% if
the soil water deficit scenario (S2) is used with minimal change in the
annual average yield.

The irrigation water depth for the Ilmenau region is limited to
70 mm per summer over a seven-year average, i.e., higher abstractions
in dry years can be compensated by lower ones in wet summers
(Wittenberg, 2015). It can be assessed from Fig. 6 that the annual aver-
age irrigationwater requirement simulated by themodel under consid-
ered management scenarios is b100 mm. In addition to it, under
differentwater application scenarios the amount of irrigation simulated
by themodel under optimal scenario is 2 to 1.5 timesmore than the def-
icit scenario in case of Corn, Sugar beet andWinter wheat. Under S3 and
S4 scenarios, the net reduction in the crop yield (Corn, Potato, Sugar
beet andWinter wheat) varies from 0.23% (Sugar beet) to 10% (Potato).
It can be seen that the water demanding crops have more variation in
their yield than the low water demanding crops under different water
scheduling scenarios.

Fig. 7 shows the annual average irrigation applied in the Itata catch-
ment for Alfalfa, Oats and Winter wheat during 1980 to 2010. There is
very few literature available to validate the amount of irrigation simu-
lated by the model. In addition to this, there are several HRUs in
which the crop yield is relatively low or zero as compared to the mean
yield (4.5 t/ha). It might be due to the very small HRU size and due to
the small depth of soil profile in some soils. The amount of irrigation
water applied by the model in case of winter wheat is in accordance
with the experiment conducted by Vidal et al. (1999), in which they ap-
plied 225–880mmof irrigation in four steps. Due to the scarcity of liter-
ature for the actual amount of water applied in Oats and Alfalfa crops,
we cannot exactly validate the results against observed data or previous
modelling studies.

The average annual irrigation in Vietnam is around 400mmbut sup-
plemental irrigation can vary from 80 to 400mm(Shrestha et al., 2016),
which is within the annual irrigation range simulated by SWAT during
1981–2010 (Fig. 8). The difference in the annual average crop yield is
b5% under soil water deficit and plant water scenarios. The average sim-
ulated irrigation water demand is lower than the country's average
water demand. This might be due the reason that the rice yield (Avg.
yield = 4.0 t/ha, range: 1.6–5.4 t/ha) simulated by the SWAT model is
relatively low in some HRU's as compared to the country's average
rice yield (~5 t/ha, Firoz et al., 2018). This low rice yield could be attrib-
uted to some really small HRU's which are not well simulated by the
model or different high yielding rice varieties currently used in the
countrywhose plant parameters are entirely different from the one (ge-
neric rice) used in SWAT (Hai, 2003; Ut and Kajisa, 2006).

4.4. Correction of reanalysis data

The climate reanalysis data (rainfall, maximum, minimum tempera-
ture and solar radiation) has been corrected using quantile mapping as
mentioned in Section 3.6. The results corresponding to bias corrected
rainfall are shown in this section. The double mass curve technique is
used to check the consistency of long-termprecipitation data for one se-
lected station in all the four catchments (Searcy and Hardison, 1960).
Fig. 9 shows double mass curves of the uncorrected and bias corrected
re-analysis data against the observed rainfall for the Baitarani, Ilmenau,
Itata and Thubon, catchments, respectively. The aforementioned curves
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Fig. 11. Double mass curves for different climate variables, simulated annual average ET and irrigation for observed and reanalysis datasets for (a) Baitarani, (b) Ilmenau, (c) Itata,
(d) Thubon catchments, respectively. *ERA_BC* is the annual average irrigation simulated by using bias corrected rainfall, solar radiation and uncorrected temperature data.
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Table 6
Percentage deviation in simulated irrigation under reanalysis weather and observed
weather.

Sl. no. Catchment Statistical indicator NCEP NCEP_BC ERA ERA_BC

1. Baitarani Percent deviation (%) −27.51 −27.8 6.26 −20.63
2. Ilmenau −13.8 −14.6 3.24 −5.9
3. Itata −1.62 9.78 20.57 7.86
4. Thubon 75.66 8.97 61.48 8.89
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are drawn for 1980 to 2010 for all the catchments except Baitarani
(1998–2010) due to observed data constraints. It can be seen from
Fig. 9 that uncorrected rainfall show different response from NCEP and
ERA compared to the observed in a catchment. This is due to the differ-
ent spatial resolution as well as the different atmospheric, ocean and
land surfacemodels used to estimate the climate variables of the two re-
analysis datasets. In addition to this, it is very interesting to see that
e.g., ERA has overestimated the rainfall in the Baitarani and Ilmenau
catchments, whereas it was underestimated in the other two catch-
ments. The overall behavior of observed rainfall after the bias correction
is reproduced well (Fig. 9). As the correction is done for all the months
separately, the program tries to match the overall behavior as well as
the amount of bias corrected rainfall with the observed rainfall. In addi-
tion to it, the correction gave a relatively good result describing the sea-
sonal or monthly patterns of the rainfall dataset. This can be seen in
almost all the cases depicted in Fig. 9. All the bias corrected datasets
are close to the 1:1 line as compared to their respective uncorrected
datasets. Apart from the qualitative assessment, quantitative assess-
ment of the bias corrected ERA and NCEP datasets is also performed
(Table 4). It can be seen from the statistics that the PBIAS and mean ab-
solute error (MAE) has improved in case of bias corrected data. In addi-
tion to this, it is clear from the analysis that the bias corrected ERA
interim datasets are more close to observed rainfall than NCEP. It must
be mentioned that the bias correction has not worked well for some
daily rainfall values, whichmight influence the final result of the devel-
oped SWAT models. Thus, more investigation should be taken into ac-
count while analyzing the final model simulation using the reanalysis
datasets. In addition to this, it can be seen from Table 4 that quantile
mapping is unable to reduce the bias to zero. Although the overall bias
is always less than ±15% in bias corrected rainfall datasets.

4.5. Forcing streamflow and irrigation simulations with climate reanalysis
data

The application of uncorrected and bias corrected reanalysis data for
simulating streamflow is evaluated by using the flow duration curves
(Fig. 10(a–d)) aswell asmodel evaluation statistics (Table 5). In this re-
search, more interest was given to evaluate the low and mean flows as
this plays a major role in the irrigation season. It can be seen from the
flow duration curves drawn from the four catchments under bias
corrected and uncorrected cases (NCEP and ERA) that the simulated
streamflows under bias corrected climate data are close to the observed
streamflows. In addition to this, it is clear from the quantitative assess-
ment conducted on daily time step that the streamflow simulated by
using bias corrected data are usually better when compared to the ob-
served streamflow than the streamflow simulated using uncorrected
data (Table 5). It can be seen fromTable 5 that the streamflowsimulated
by using bias corrected ERA data (ERA_BC) with PBIAS: −8.61–18.65%
and KGE: 0.46–0.67 is better than the streamflow simulated by using
bias corrected NCEP data (ERA_BC), which has PBIAS: 6.54–24.88%
and KGE: 0.30–0.72. In addition to this, it can be assessed from the
aforementioned table that streamflow simulated by using uncorrected
NCEP data does not yield satisfactory results for all the four catchments,
whereas the streamflow simulated using uncorrected ERA has accept-
able to satisfactory values in Baitarani, Ilmenau and Itata catchments.
Therefore, it can be inferred from the results that the uncorrected re-
analysis data is highly uncertain to streamflow simulation in all the
catchments of this study. However, it can be concluded that bias correc-
tion allows good performance of the hydrological model driven by re-
analysis datasets. In addition to this, ERA uncorrected data can also be
useful in filling the data gaps of the data scarce catchments or can be
used as a proxy for the catchments where input data is not at all
available.

Apart fromevaluating the performance of reanalysis datasets in sim-
ulating streamflow in the four catchments, the annual average evapo-
transpiration and irrigation are also evaluated. As observed irrigation
valueswere not available for all the catchments, the simulated irrigation
using observed climate data is compared with the corresponding simu-
lated irrigation using uncorrected and bias corrected climate reanalysis
datasets for the catchments. Double mass curves are drawn for average
annual simulated irrigation under observed and reanalysis datasets. In
general, it can be seen from Fig. 11(a–d) that irrigation simulated by
using the bias corrected data is closer to the 1:1 line as compared to
using the uncorrected reanalysis (NCEP and ERA) data in most cases.
The percentage deviation in the irrigation simulated using reanalysis
data from the simulated irrigation under observed data is shown in
Table 6. It can be seen that the long-term average simulated irrigation
percent deviation under different cases varies from −27.51 to 75.66%.
The aforementioned results are backed by a study performed by
Wisser et al. (2008), which states that the error in simulating the irriga-
tion water demand can be as high as±70% at national scale. In addition
to this, it can be seen from the results that the simulated irrigation is
sensitive to different weather variables or combination of weather var-
iables in different catchments. As shown in Fig. 11, the rainfall in case of
the Thubon model (sensitive to rainfall) is overestimated compared to
the observed rainfall and this leads to the underestimation of simulated
irrigation water demand in NCEP and ERA. However, this is not valid in
case of the Baitarani catchment. Furthermore, the annual average simu-
lated irrigation in case of bias corrected ERA (ERA_BC) is closer to the
simulated irrigation under observed data (percent deviation:
−7.03–8.89%) in almost all the cases except Baitarani (percent devia-
tion: −20.63%). This deviation in simulated irrigation using bias
corrected weather dataset can be due to the reason that the bias
corrected minimum temperature is not meeting the temporal variabil-
ity because there is only one temperature gauging station. However,
the deviation was acceptable when the model was rerun by only using
bias corrected rainfall and solar radiation. In this case themodel gave ac-
ceptable results as shown in Fig. 11 indicated by ERA_BC* (percent
deviation =−7.02%). Additionally, the double mass curves of areal av-
erage rainfall, average maximum temperature and solar radiation are
also evaluated during the cropping season against the model simulated
annual average evapotranspiration and irrigation for reanalysis
datasets. The aforementioned figures confirm the importance of investi-
gating and correcting the bias in temperature and solar radiation as they
also play a role in simulation of irrigationwater requirement asmuch as
rainfall variability. It can be seen from Fig. 11 that the simulated ET is di-
rectly related to the overestimation and underestimation of rainfall by
reanalysis data compared to the observed rainfall.

Table 7 summarizes the findings from the double mass curves of ob-
served areal average rainfall, maximum temperature, and solar radia-
tion during the plant growth period (Fig. 10) in order to check the
plausibility of the simulated irrigation. The qualitative behavior of the
aforementioned climate variableswas compared in response to the sim-
ulated actual evapotranspiration and irrigation. For rainfall, maximum
temperature and solar radiation table shows if the variable from reanal-
ysis is higher (↑), lower (↓) or similar (≅) to the respective observed
values in long-term average. For simulated evapotranspiration (ET)
and simulated irrigation, the arrows show the results as simulated by
SWAT drivenwith the reanalysis data. The last column of the table indi-
cates the agreement of the simulated irrigation with the expected re-
sponse. The expectation is based on the climatic feedback mechanisms
with the three other variables: overestimation of rainfall can lead to



Table 7
Plausibility check of simulated irrigation under reanalysis climate compared to the simulated irrigation using observed data.
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higher ET, because more water is available for actual evapotranspira-
tion, and lower irrigation requirement, as there is more soil water avail-
able. Higher temperature and higher solar radiation are expected to
have a positive impact on evapotranspiration, which in that case will
cause a higher irrigation requirement.

It is worth to mention that a clear dependency of a single weather
variable to simulated irrigation is difficult to find in all the catchments
as the climate variables are interdependent. In addition to this, rainfall
is not always the most sensitive climate variable but it always has im-
pact on ET.

The overall response of the simulated irrigation under different cases
is also analyzed using plant and soilwater stress. The areal average plant
water stress for irrigated crops grown in the respective catchment area
is shown in Table 8. The overall water stress in different SWAT models
forced with reanalysis datasets is more than the water stress during
the model developed by using the observed data except in Itata and
Thubon catchments. Therefore, the model will apply more water to
the crops as it can be seen in case of the Baitarani river basin for all
the four cases. The aforementioned statement is also supported by the
water stress days in case of the Ilmenau catchment. Considering the
bias corrected data to be more close to the observed datasets, the
water stress days in models forced with bias corrected weather input
are closer to the ones forced with observed weather input data. In addi-
tion to this, the behavior of simulated irrigation using corrected and un-
corrected reanalysis in case of Thubon can be easily justified by the
water stress days in addition to the rainfall, temperature and solar radi-
ation. As thewater stress days in case of bias corrected reanalysis data is
more, therefore the model applies more water, which brings the simu-
lated values closer to the simulated irrigation under observed weather
data. In addition to this, the number ofwater stress dayswhen irrigation
Table 8
Annual average water stress days for irrigated crops under plant water stress.

Sl. no. Catchment Observed climate NCEP NCEP_BC ERA ERA_BC

1. Baitarani 3.8 6.2 6.1 4.7 5.6
2. Ilmenau 0.9 1.3 1.3 1.2 1.2
3. Itata 37.3 28.7 31.4 31 33
4. Thubon 6.42 5.61 6.36 5.71 5.98

Table 9
Annual average water stress days for irrigated crops under soil water deficit.

Sl. no. Catchment Observed climate NCEP NCEP_BC ERA ERA_BC

1. Baitarani 8.2 14.7 12.3 11.3 11.2
2. Ilmenau 1.7 2.9 2.4 2.6 2.4
3. Itata 39.4 30.9 33.4 33 34.4
4. Thubon 6.76 5.63 6.39 5.73 6.02
is scheduled by the soil water deficit is shown in Table 9. It can be
assessed from the table that the number of stress days are higher in
this case as compared to the plant water stress technique. This justifies
more irrigation applied in the second case.

4.6. Optimization of available water resources

Table 10 shows the percentage change in the annual average irriga-
tion and yield during deficit irrigation (Scenario: S2) compared to the
optimal scenario (Scenario: S1) for all catchments. Only soil water def-
icit scenarios were used for this analysis, as they were providing more
reliable irrigation water amounts as compared to the plant water stress
scheduling. It can be seen from the table that the amount of irrigation
applied during deficit irrigation is 25–48% less than the optimal irriga-
tion, whereas the overall reduction in average crop yield varies from 0
to 3.3%. For the Ilmenau catchment, the findings are in a similar range
as field experiments carried out by the local agricultural chamber in
Hamerstorf, which showed irrigation water savings of 47% by deficit ir-
rigation for winter wheat by a negligible change in yield for winter
wheat, whereas for sugar beet 29% of water can be saved on the cost
of 6% of yield (Fricke and Riedel, 2016). Therefore, it is clear from all
the models that one can use deficit irrigation with small losses in the
overall yield. This could be a good adaptation measure in concern of fu-
ture water scarcity.

5. Conclusions

This study evaluated the application of SWAT in simulating irrigation
water requirement in four different catchments around the globe (Chile,
Germany, India and Vietnam). Modelling results revealed that the
SWAT calibration was possible in four meso-scale catchments with
good model efficiency (low bias) for streamflow with low percentage
deviation in actual evapotranspiration in all the cases. The automatic ir-
rigation provided plausible results for soil water scheduling in all the
catchments with optimal and deficit strategies even if there was no
Table 10
Change in annual average irrigation and yield during deficit irrigation compared to opti-
mal irrigation.

Catchments % change Observed
climate

NCEP NCEP_BC ERA ERA_BC

Baitarani Irrigation −37.44 −31.82 −32.70 −33.72 −33.68
Yield −0.06 −1.63 −0.99 −0.48 −1.71

Ilmenau Irrigation −43.33 −37.35 −38.50 −39.92 −40.96
Yield −1.22 −1.68 −2.35 −1.69 −1.95

Itata Irrigation −30.22 −29.65 −31.47 −40.60 −36.63
Yield −0.75 −1.86 −1.65 −2.27 −2.18

Thubon Irrigation −40.36 −48.39 −42.34 −42.25 −42.24
Yield −3.33 −0.83 −1.82 −2.77 0.00

Unlabelled image
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comparison with observed values on that scale. There are indications
that irrigation shows systematic overestimation though as reported by
other authors before. Plant stress scheduling shows significant underes-
timation of irrigation water requirement in all catchments. The rela-
tively low irrigation values in case of the plant stress method might be
explained by possible errors associated with plant water stress algo-
rithms embedded in the leaf area based crop growth model used by
the SWAT. It can be concluded from the results that SWAT's mechanism
for irrigation scheduling can be further improved.

The climate variables form NCEP and ERA exhibit different behavior
in a catchment. Bias corrected rainfall, temperature and solar radiation
datasets are more close to their observed counterparts than the uncor-
rected datasets. It can be inferred from the performance evaluation of
reanalysis data that streamflow and irrigation simulated by the model
highly depend on input data. Reanalysis datasets were biased in all the
four catchments, and in all cases raw reanalysis data led to serious
bias in the estimated evapotranspiration and irrigation requirement.
Results showed that rainfall is not always the governing variable in irri-
gation simulation. Therefore, it is worth to investigate and bias correct
the other climate variables. In addition to this, uncertainty exists in
the climate reanalysis data; although an attempt has been made to
check it via quantile mapping, still there is an acceptable bias in the
quantile corrected reanalysis data. It can be deduced that for any given
hydrological model not only the input data but also the input data var-
iability plays an important role for the simulation of irrigated catch-
ments. Climate change and adaptation studies must take that into
account. The results strongly support the application of bias corrections,
even if they can be criticized from themeteorological community due to
disturbance of the physical consistency of climate variables. However,
the relative effects of deficit irrigation strategies on water use and
crop yield could be simulated by all datasets.

This study confirms the application of SWAT for regional irrigation
studies, which are of high importance for water resourcesmanagement.
With today's improved data availability and computing power, models
like SWAT might fill a gap between field scale models as often used in
agriculture and large scale models, whose results have been questioned
in other studies due to their large biaswhen evaluated on smaller scales.
In the light of climate change andhigherwater demand for food produc-
tion, more attention should be put on to the simulated irrigation
amount at regional and global scale. Upscaling a regional model, driven
by corrected global reanalysis data, might provide a more accurate esti-
mation of irrigation water requirement than the global models due to
their over simplification. Therefore, further research is needed in this di-
rection for improving the global and regional water management.
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