
MitteilungenHeft 109INSTITUT FÜR HYDROLOGIE UND WASSERWIRTSCHAFT

B. UNIYAL

Agro-hydrological Modelling of Regional Irrigation Water Demand

ISSN 0343-8090



Agro-hydrological Modelling of
Regional Irrigation Water

Demand

Von der Fakultät für Bauingenieurwesen und Geodäsie
der Gottfried Wilhelm Leibniz Universität Hannover

zur Erlangung des akademischen Grades
Doktor-Ingenieurin

- Dr.-Ing. -

genehmigte Dissertation

von

Bhumika Uniyal, M.Tech.
geboren am 25.01.1990 in Dehradun (Indien)

Hannover, September 2019



Referent: PD. Dr.-Ing. Jörg Dietrich
Korreferentin: Prof. Dr. Nicola Fohrer

Tage der Promotion: 19.12.2019



Erklärung

Hiermit versichere ich eidesstattlich, dass ich

1. die Regeln der geltenden Promotionsordnung kenne und eingehalten habe und
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Abstract

The irrigation sector accounts for over 70% of the total freshwater consumption
in the world. Therefore, efficient management of irrigation water is essential to
ensure water, food, energy and environmental securities in a sustainable manner;
these securities are grand challenges of the 21st century. The main objective of this
research is to evaluate the simulation of irrigation water demand at the catchment
scale in order to develop improved tools for conducting quantitative planning and
climate change studies. Irrigation water demand is mostly driven by soil moisture.
It is a state variable which is used to trigger the irrigation in hydrological models.
In this study, a hydrolgical model (Soil and Water Assessment Tool, SWAT) is
evaluated for reliably simulating the spatial and temporal patterns of soil moisture
at a catchment scale. The SWAT simulated soil moisture was compared with the
indirect estimates of soil moisture from Landsat and Time-domain reflectometry
(TDR). The results showed that the SWAT simulated soil moisture was comparable
with the soil moisture estimated from Landsat and TDR.

Secondly, the applicability of the SWAT model was tested for simulating
streamflow, evapotranspiration (ET) and irrigation water demand for four different
agro-climatic zones (Mediterranean, Subtropical monsoon, Humid, and Tropical).
Two different irrigation scheduling techniques were used to simulate irrigation
namely, soil water deficit and plant water demand. It was seen from the results
that the SWAT simulated irrigation amounts under soil moisture irrigation
scheduling technique were close to the irrigation statistics provided by the state.
However, the irrigation amounts simulated under the plant water demand
irrigation scheduling technique were underestimated. Additionally, the two
reanalysis data were also used to check the data uncertainty in simulating
irrigation water demand.

SWAT model code was modified by incorporating modified root density
distribution function and dynamic stress factor. The modified model was used to
simulate irrigation and crop yield. It was tested against the irrigation and crop
yield simulated by Soil Water Atmosphere Plant (SWAP) model and field data
(Hamerstorf, Lower Saxony, Germany). It was then validated for different
catchments (Germany, India and Vietnam). The results showed that the SWAT
simulated irrigation water demand in case of plant water demand is comparable
with the amount simulated by the model under soil water deficit irrigation
scheduling technique.

This dissertation not only bridges the gap between the scales of soil moisture
determination but also establishes a close connection with the actual observations
and modelled soil moisture and irrigation amounts at the field, regional and global
studies in agricultural water management. Additionally, the studies about
simulating irrigation water requirement in data-scarce areas must address data
uncertainty when using reanalysis data. It was found that rainfall is not always
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the dominant variable in irrigation simulation. Therefore, it is worth checking and
bias correct the other climate variables.

Keywords: Irrigation water demand, Soil moisture, Landsat, SWAT, Agro-climates,
Reanalysis data.
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Zusammenfassung

Der Bewässerungswasserverbrauch macht über 70% des gesamten verfügbaren
Süßwassers aus. Daher ist die Bewirtschaftung des Bewässerungswassers für ein
effizientes landwirtschaftliches Wassermanagement und damit für eine nachhaltige
Deckung des weltweiten Nahrungsmittelbedarfs unerlässlich. Hauptziel dieser
Forschung ist die Simulation des Bewässerungsbedarfs im Einzugsgebiet, um
bessere Instrumente für die Durchführung quantitativer Planungs- und
Klimaänderungsstudien zu haben. Der Bedarf an Bewässerungswasser wird
hauptsächlich durch die Bodenfeuchtigkeit bestimmt. Es ist eine Zustandsvariable,
mit der die Bewässerung in hydrologischen Modellen ausgelöst wird. In dieser
Studie wird ein hydrologisches Modell (Soil and Water Assessment Tool, SWAT)
evaluiert, um die räumlichen und zeitlichen Muster der Bodenfeuchte auf einer
Einzugsskala zuverlässig zu simulieren. Die mit SWAT simulierte Bodenfeuchte
wurde mit den indirekten Schätzungen der Bodenfeuchte aus Landsat und
Reflektometrie verglichen (TDR). Die Ergebnisse zeigten, dass die von SWAT
simulierte Bodenfeuchte mit der von Landsat und TDR geschätzten Bodenfeuchte
vergleichbar war.

Zweitens wurde die Anwendbarkeit des SWAT-Modells für die Simulation von
abfluss, Evapotranspiration (ET) und Bewässerungswasserbedarf für vier
verschiedeneAgro-Klimazonen (Mittelmeer, subtropischer Monsun, feucht und
tropisch) getestet. Zwei verschiedene Bewässerungssteuerungstechniken wurden
verwendet, um die Bewässerung zu simulierennämlich Bodenwasserdefizit und
Pflanzenwasserbedarf. Es wurde aus den Ergebnissen gesehen, dass die von SWAT
simulierte Bewässerungsmenge unter Bodenfeuchtigkeitsbewässerung in etwa der
vom Staat bereitgestellten Bewässerungsstatistik entsprach. Die
Bewässerungsmengen werden jedoch unter Pflanzenwasserbedarf unterschätzt.
Zusätzlich wurden auch zwei Reanalysedaten verwendet, um die Datenunsicherheit
bei der Simulation zu überprüfen.

Der SWAT-Modellcode wurde durch Einbeziehung der modifizierten Wurzeldichte,
Verteilungsfunktion und dynamischer Spannungsfaktor verbessert. Das
modifizierte Modell wurde verwendet, um Bewässerung und Ernteertrag zu
simulieren. Es wurde gegen eine Modellierung mit dem Standartmodell SWAP
(Soil Water Atmosphere Plant) Felddaten getestet (Hamerstorf, Niedersachsen,
Deutschland) und validiert für verschiedene Einzugsgebiete (Deutschland, Indien)
und Vietnam). Die Ergebnisse zeigen, dass das modifizierte SWAT mit den beiden
steuerungstechniken “Bodenwasser“ und “Pflanzenwasserbedarf“ ahnliche
Ergebnisse erzielen Kann.

Diese Dissertation schließt nicht nur die Lücke zwischen den Maßstäben der
Bodenfeuchte Messungen stellen aber auch eine enge Verbindung zu den
tatsächlichen Beobachtungen her und modellierte Bodenfeuchtigkeits- und
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Bewässerungsmengen vor Ort, regional und global Studien in landwirtschaftlicher
Wasserwirtschaft. Darüber hinaus sind die Studien über Die Simulation des
Bewässerungswasserbedarfs in datenarmen Gebieten muss sich mit Daten befassen
Unsicherheit bei der Verwendung von Reanalysedaten. Es wurde festgestellt, dass
Regen nicht immer fällt die dominierende Variable in der Bewässerungssimulation.
Daher lohnt es sich zu prüfen und Bias korrigieren die anderen Klimavariablen.

Schlüsselwörter: Bewässerungswasserbedarf, Bodenfeuchte, Landsat, SWAT,
Agroklima, Reanalysedaten.
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Chapter 1

Motivation and Objectives

1.1 Background
Water is one of the vital natural resources that the sustain functioning of ecosystems,
human development, and economic growth of a country. Agricultural water use
accounts for a major (around 70 %) portion of the world’s water resources with vast
variation across countries (Molden, 2013). The global demand for water is increasing
at the rate of 1% per year from the past decade due to population rise, economic
development, changing consumption patterns, etc. This trend is expected to surge
exponentially in the future (Houngbo, 2018). Currently, the irrigated agriculture
area accounts for 18% of the total agriculture which is majorly concentrated in the
developing countries (Rockström and Falkenmark, 2000; Siebert et al., 2000; Scanlon
et al., 2007).

Increase in irrigation water demand is generally recognized as the reason of
depleting water resources in many parts of the world (Zhu et al., 2018). There are
several examples around the world where improper irrigation water management
has led to the depletion of available water resources. Some of these include the
disappearing Aral Sea (Peachey, 2004), drying of Yellow river, China (Ongley,
2000) and Lake Urmia in Iran (Tourian et al., 2015; Nihoul et al., 2012), alarming
groundwater depletion in North India (Rodell et al., 2009) and in high plains and
central valley of United States (Scanlon et al., 2012). Additionally, improper
reservoir water management has led to serious agricultural drought in many
districts of Maharashtra, India with 26 of its major dam hitting zero water storage
level on May 18, 2019 (Government of Maharashtra, Water Resources Department:
http://www.punefloodcontrol.com/krishna%20Basin.html). In 2018 Cape
Town, South Africa experienced severe drought which resulted in extremely low
reservoir water level leading to shortage in the potable water supply (Maxmen,
2018).

Increase of regional irrigation water demand along with the existing water scarcity
will limit the expansion of irrigated agricultural areas and might slow down the
production of high water demanding crops (Rosegrant et al., 2009). Other issues
like salinization, water-logging, erosion, etc., [(Joshi and Agnihotri, 1984);
http://www.fao.org/3/V8350E/v8350e09.htm] will persist. This will not only
affect agricultural production but will also threaten the future world food security.
Thus, both water and food security depend on efficient water management
techniques which enhance the regional water productivity in agriculture (Zhu
et al., 2018). Some of the techniques include the use of deficit irrigation strategies
or growing water-efficient crops. In addition, the latest World Water Development
Report by the United Nations emphasizes finding nature-based solutions to the
current and unforeseen future water crisis (Houngbo, 2018). Organic soil remedies,
implementation of buffer strips, restoring wetlands are few examples of
nature-based solutions that will not only benefit in improving the overall food
production but will also help us in attaining environmental sustainability (Foley
et al., 2011).
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Chapter 1. Motivation and Objectives

Irrigation water demand mostly depends on soil water availability and plant water
demand. Soil water availability plays an important role in enhancing the water use
efficiency (water productivity) in irrigated agricultural fields which further
enhances the overall crop production. Soil moisture is a key state variable
generally expressed as, the water present in the root zone which interacts with the
atmosphere via the process of evapotranspiration (ET) and precipitation (Houser
et al., 1998). Soil moisture has different roles and significance for agriculturalist,
hydrologists and meteorologist etc., (Brocca et al., 2010). Soil moisture estimation
plays a major role in controlling the hydrological processes that occur at the
catchment scale during both extreme and average long-term conditions. It controls
the partitioning of precipitation into surface runoff and infiltration (Grayson and
Western, 1998; Brocca et al., 2010). Soil moisture links the water cycle and energy
budget of land surfaces via regulation of latent heat fluxes. Therefore, its
meticulous assessment at different spatial and temporal scales is necessary for
understanding the bio-geophysical processes occurring in nature (Houser et al.,
1998). A good estimation of soil moisture and plant water demand in terms of
actual ET is required to quantify the irrigation amounts to be applied on a field,
catchment and global scale.

Agricultural or hydrological models are the analytical tools used for water
resources management, irrigation planning, and climate change adaptation. These
models often use soil moisture to trigger the irrigation operations. So, in order to
improve irrigation scheduling and yield forecasting, correct soil moisture
information is required (Schmugge et al., 1980). Observed data is always required
to calibrate these analytical tools in order to have a practical response to a specific
input. The collection of observed soil moisture and irrigation water amount data is
an exhaustive and time-consuming process. Furthermore, the management
decisions are mostly taken at watershed/regional scale and not at point/field scale.
In order to overcome these discrepancies, scientists are favouring the indirect ways
of estimating soil moisture and crop growth process. This is being estimated in
terms of different soil moisture indices and leaf area index using remote sensing
datasets. Additionally, scientists also use advanced geo-spatial datasets to evaluate
the response of different water balance components (e.g., ET and soil moisture) on
crop growth. Therefore, the combination of remote sensing, field scale
measurements/models and catchment scale hydrological models are preferred to
bridge the gap between point/regional scale to global scale in simulating soil
moisture and irrigation water demand.

1.2 Motivation and Objectives
The agro-hydrological modelling at catchment was performed to answer the following
questions:

• How good is the soil moisture simulated by catchment models? Its correct
simulation is required as it is the limiting variable for plant growth and a
control variable for irrigation scheduling.

• How good is the plant growth simulated by catchment models? This is
required as yield is an important agricultural and economic output which
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depends on ET. It is an important hydrological variable in terms of water
demand/consumption.

• How good are catchment models in different regions? This is required as
irrigation water demand is a global issue and it is vital to check whether a
specific catchment model is able to simulate different agro-climatic regions
around the world with the same level of accuracy.

The main focus is to check how irrigation water demand will differ with the
changing climate, which directly entails questions about existing capabilities of the
hydrological models in simulating soil moisture and irrigation water demand in
different agro-climates. The previous studies have revealed the relation between
irrigation water demand and meteorological data (Wada et al., 2013). In this
study, it was questioned whether its estimation would be possible with less
uncertainty in data sufficient and data-scarce catchments.

To answer these questions, a hydrological model Soil and Water Assessment Tool
(SWAT) is used in this study. At the beginning of this work, the literature review
revealed that irrigation studies at regional scale were analyzed by very few
researchers in different agro-climatic zones, in contrast to water management
studies, which have been of scientific and administrative interest for quite some
time. In view of the vast number of studies dealing with the impact of regional
climate change on the fate of water resources, there is a need to quantify the
reliable estimates of irrigation water demand, even for the humid climate (Maier
and Dietrich, 2016). Knowledge about irrigation water demand in different
agro-climatic zones is important for the farming community who depend heavily
on irrigation for growing their crops. Automatic irrigation in SWAT is triggered by
defining plant water stress or soil water deficit. It was reported in the previous
literature that the irrigation amounts simulated under plant water stress irrigation
scheduling technique are consistent with the amounts simulated under soil water
deficit technique.

The main technical innovations of this work are to compare the regional scale agro-
hydrological models using Soil and Water Assessment Tool (SWAT) in different
climatic zones. Also, the SWAT simulated irrigation scheduling using plant water
uptake technique is modified to bring it closer to the one simulated under soil water
deficit technique. It was seen from the state statistics of all the different catchments
used in this study that the irrigation amounts simulated by SWAT under soil water
deficit condition were close to the observed data. Bias-corrected reanalysis data was
also used to check the overall uncertainty in simulating irrigation water demand
simulated by SWAT at catchment scale which is explored by very few researchers
till now.

The goal of this work is to first evaluate the spatial and temporal behaviour of SWAT
soil moisture using direct and indirect estimates of soil moisture obtained from the
field and remote sensing data. As hydrological models are parameter sensitive, the
effect of soil moisture on parameter uncertainty was also evaluated under different
soil and land-use combinations. Thereafter, the application of SWAT for simulating
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irrigation water requirement under four different agro-climatic zones was evaluated.
MODIS ET was used to check the plant water requirement simulated by SWAT.
The next step was to simulate irrigation water demand in different irrigation control
scenarios by SWAT.

Later on, for better simulation of irrigation scheduling using plant water demand
technique a modified version of SWAT was proposed. The objective was not to
outperform the existing irrigation amounts simulated by the model under soil water
deficit irrigation scheduling technique rather, it was to improve both scheduling
technique by modifying the SWAT code using modified root density distribution
function along with the dynamic estimation of soil water compensation factor. The
selected technique is applicable irrespective of the catchment and the type of crop
grown with no extra processing time. Thus, the modified model will ideally be able
to better simulate the regional irrigation water demand for different agro-climatic
conditions. Additionally, the study enabled the investigation of irrigation amount
simulated in soil water deficit using the modified model.
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Thesis Structure and Overview

This thesis deals with the agro-hydrological simulation of regional irrigation water
demand. Agricultural water demand is simulated by using SWAT. For this, several
irrigation scheduling techniques and different water deficit scenarios are compared
and analyzed. This thesis is the result of the compilation of three papers published
by the researcher as a first author during her Ph.D. period. Chapters 3-5 are
scientifically complete by themselves as they consist of the introduction, state of
the art, methodology, and result and discussions corresponding to the objectives
described. There are two major topics covered in this research namely soil
moisture and irrigation simulation. The soil moisture is a state variable used for
triggering irrigation in hydrological models. Therefore, the soil moisture simulated
by SWAT model was evaluated against the field and Landsat derived soil moisture
estimates. A flow chart is included in this section, Fig. 1.1 to show how the
workflow has been undertaken. Additionally, the soil moisture field campaign data
is also put online by the authors to promote data sharing (Uniyal and Dietrich,
2019a).

The second major topic deals with evaluating the performance of SWAT in
simulating irrigation water demand under different auto-irrigation scheduling
techniques for different agro-climates. In SWAT, irrigation is triggered by using
soil water deficit and plant water stress. The irrigation simulated under the two
techniques were compared with the respective state statistics. Later on, SWAT
model code was modified to better simulate the irrigation water demand under
plant water stress technique (Fig. 1.2).

1

Hydrological Model
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Figure 1.1: Flow chart of soil moisture evaluation.

5



Chapter 1. Motivation and Objectives

The work is accordingly structured in the following way:

1. Chapter 1 describes the motivation behind this study and states the different
objectives involved.

2. Chapter 2 provides an overview of the state of the art in the field of soil
moisture measurement and simulations and simulation of irrigation water
demand at field and catchment scale.

3. Chapter 3 evaluates the spatial and temporal behavior of SWAT simulated soil
moisture with direct and indirect estimates of soil moisture obtained from field
and remotely sensed data, respectively (Uniyal et al., 2017). In this paper, the
author contributed to the soil moisture field campaign, model development
and writing the manuscript.

4. Chapter 4 investigates the application of SWAT model in different
agro-climatic zones of the world (Chile - Mediterranean; Germany - Humid;
India - Subtropical monsoon and Vietnam - Tropical) for simulating
irrigation water requirement under different irrigation control scenarios.
Additionally, the use of climate reanalysis datasets like NCEP (National
Centers for Environmental Prediction) and ERA-Interim for
agro-hydrological studies in data scarce catchments was also invstigated
(Uniyal et al., 2019). In this paper, the author contributed to the setting up
of three SWAT models for Indian, German and Chilean catchments and
improved the previously developed SWAT model for Vietnamese catchment.
Additionally, the author wrote the manuscript and communicated it to the
other co-authors.

5. Chapter 5 deals with modifying and validating the auto-irrigation scheduling
under plant water stress condition using SWAT (Uniyal and Dietrich, 2019b).
For the fulfillment of this objective, author contributed to the idea, coding
and writing the manuscript.

6. Chapter 6 is the final chapter that concludes the results obtained and present
the main findings from the three research objectives. It also summarizes the
future research prospects and the area in which more research is required in
the near future and also some ongoing work.
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1
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Figure 1.2: Work flow of irrigation simulation and model modification.
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Chapter 2

State of the Art

2.1 State of the Art
The correct estimation of regional water demand using hydrological models has
become a major concern for agriculturists for the effective water resource
management. Water demand and water availability are the two most important
parameters considered by the scientists for integrated water resources management.
This chapter comprises of a number of reviews dealing with the measurement and
simulation of water availability in the soil (soil moisture), water demand (irrigation
amount) simulated by hydrological models at different scales and the errors or
inconsistencies in the existing models in simulating water demand.

2.1.1 Soil Moisture: Measurement and Simulations

A good estimation of soil moisture is important in hydrology as it is the
watershed’s precondition that influences the surface runoff production and
furthermore it would influence the amount of irrigation applied at the field as well
as at the catchment level. Soil moisture is highly variable in space and time due to
atmosphere forcing, heterogeneity in soils, topography, and vegetation, etc
(Tromp-van Meerveld and McDonnell, 2006; Vereecken et al., 2007). In addition,
the soil and vegetation together can either create or destroy the spatial variance in
soil moisture (Teuling and Troch, 2005). At present, there are three ways to
estimate soil water content: in-situ or point measurement using field instruments
[(Meyles et al., 2003; Brocca et al., 2009); direct/indirect method], remote sensing
(Schultz, 1988) and by simulation models (indirect methods) (Schmugge et al.,
1980). In addition, according to spatial extent of soil moisture estimation, soil
moisture is determined at three different spatial scales: point, field and watershed
scales (Corradini, 2014).

(a) Point/Field Scale
Field scale estimations of soil moisture are expensive and time-consuming, whereas
remote sensing soil moisture data is limited due to the errors from soil data,
vegetation and surface roughness (Houser et al., 1998; Schultz, 1988). As soil
moisture is spatially and temporally variable in nature, therefore, exhaustive
representative sampling at point scale should be required for covering the overall
variability at a field or catchment scale (Kalma et al., 1995). Satellite or drone
based estimation of remote sensing will not only cover the whole area of interest
but also these can be implemented for continuous applications.

The research on estimating soil moisture at field scale dates back to 1970s (Nielsen
et al., 1973; Bell et al., 1980). The first intensive soil moisture research was
conducted by the National Aeronautics and Space Administration (NASA) during
1974-1977 for different locations at United States (US). They conducted soil
moisture study at 58 large field sites to determine the relationship between soil
moisture variability and mean soil moisture value of the field. The statistical
analysis confirmed that the soil moisture variability is inherent at large fields and
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it is normally distributed about mean (Bell et al., 1980). Nielsen et al. (1973) also
concluded the aforementioned results. Mohanty et al. (2000) conducted a field
experiment where soil moisture content from 0-6 cm of soil profile was measured
on consecutive time steps at 400 locations in Southern Great Plains of U.S during
two sampling events. The results showed that field’s mean soil moisture was nearly
equal in both the sampling events however the spatial distribution was different.
Since then huge progress has been made in devising new techniques for measuring
soil moisture at field or point scale with the invention of instruments like
electromagnetic soil moisture sensors [Time Domain Reflectometry: TDR, (Topp
et al., 1980)], hydrogeophysical methods (Vereecken et al., 2014) (Ground
Penetrating Radar: GPR, (Huisman et al., 2003), etc.), active and passive
microwave remote sensing ((Jackson, 1993; Scott et al., 2003), and cosmic ray
probe (Zreda et al., 2008), etc.

There has been an increase in the number of studies dealing with the combination of
field study and validating hydrological models at field scale. Eitzinger et al.(2004)
compared the soil water content simulated by using three crop models at field scale
namely CERES, WOrld FOod STudies (WOFOST) and Soil Water Atmosphere
Plant (SWAP) in Marchfeld, Austria. The results showed that complex models like
SWAP and CERES did not perform significantly better than WOFOST in simulating
soil moisture profile. Ma et al.(2011) used SWAP model to evaluate the water cycle
at field scale in Beijing, China. SWAP was calibrated and validated using observed
soil water contents at different soil depths. The developed model was then used
to evaluate different optimal irrigation schedules under deficit irrigation scheduling.
Jiang et al. (2011) used SWAP model to simulate the water and salt transport on
an experimental site located in Gansu, Northeast China. They revealed that SWAP
model is an effective tool to predict long-term variation in soil water and salt in the
field under deficit irrigation with saline water.

Vereecken et al. (2014) reviewed the state of the art of characterizing and analysing
spatial and temporal variability of soil moisture at field scale. Liang et al. (2016)
compared the soil water, nitrogen and crop yield simulated by soil Water Heat
Carbon Nitrogen Simulator (WHCNS) model with the 14 other models in North
China. The comparison revealed that the WHCHNS model was among the top
three models in simulating soil water, nitrate dynamics, crop dry matter and nitrogen
uptake by crops. Shelia et al. (2018) coupled DSSAT and HYDUS-1D for simulating
the soil water dynamics for an experimental field located in University of Florida
during 1978-1990. The results revealed that the coupled model provides satisfactory
simulations of change in the soil water content and crop growth. Furthermore, Wei
(1995) suggested using remote sensing data in combination with the hydrological
modelling to estimate soil moisture in a better way.

(b) Catchment Scale
Hydrological models are the powerful tools used to represent the complex physical
interactions of water and atmosphere (including land surface and hydrological
processes, etc.,) using the current available knowledge (Zuo et al., 2015). Water in
the form of precipitation falls on the earth, excess water exits the catchment in the
form of runoff whereas some portion infiltrates and later percolation takes place
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according to the physical properties of the underlying soil strata. So a thorough
knowledge of the governing process is required to have a better understanding of
the movement of water occurring over, under and above the soil surface or between
soil, plant and atmosphere continuum.

Several studies have been conducted in the past to explore the possibility of
estimating the ground soil moisture from remote sensing products (Schmugge
et al., 1974; Schmugge, 1978). Kalma et al. (1995) used Variable Infiltration
Capacity model (VIC) to predict the relative wetness at 41 locations in a
catchment located in Australia. The objective of this research was to find a
connection between point and catchment scale soil moisture. Results showed that
the VIC model is able to predict catchment soil moisture. Zappa and Gurtz (2003)
used Precipitation-Runoff-Evapotranspiration-Hydrotope model (PREVAH) for
three different meteorological datasets between the months of August and October,
1999 for an experimental site situated in Switzerland. In recent years many
authors have used soil moisture data from different remote sensing products to
improve the hydrological simulation of streamflow at catchment scale. Parajka
et al. (2006) used the soil moisture data from European Remote Sensing (ERS)
Scatterometer satellite to improve the hydrological simulation in gauged and
ungauged catchments in Austria. The results showed improved soil moisture and
streamflow simulation in gauged catchment whereas soil moisture simulation by
the hydrological model was consistent with the soil moisture derived from
scatterometer data in ungauged catchments. (Brocca et al., 2010) used the soil
wetness index from Advanced SCATterometer (ASCAT) for improving the runoff
prediction at Upper Tiber River basin, central Italy.

Different satellite products either provide soil moisture in terms of vegetative
indices [Landsat: (Jackson et al., 2004)], MODIS: Wang et al. (2007), etc. or direct
soil moisture data [Sentinel: (Paloscia et al., 2013)]. There has been a trend in the
past that researchers perform assimilation of soil moisture data to improve
streamflow (Pauwels et al., 2001), drought forecasting (Narasimhan et al., 2005),
crop yield forecast (Vazifedoust et al., 2009), flood forecasting (Wanders et al.,
2014), etc. Li et al.(2019) used Soil Moisture Active Passive (SMAP) soil moisture
product and observed streamflow to calibrate the MIKE Système Hydrologique
Européen (SHE) hydrological model for Beimiaoji watershed, China. They have
used three different calibration approaches and the results show that
multi-parameter calibration improves the model simulation of streamflow and root
zone soil moisture.

Leroux et al.(2016) proposed a method to correct the real time satellite derived
precipitation amount by assimilating Soil Moisture Ocean Salinity (SMOS) soil
moisture. The results showed improvement in soil moisture, water table and
streamflow simulated by the hydrological model using assimilated SMOS soil
moisture product. The soil moisture is indirectly estimated from the remote
sensing data in terms of soil moisture index. Many approaches have been applied
in order to model the relationship between soil moisture and soil reflectivity
mainly based on Normalized Difference Vegetation Index (NDVI) and the surface
temperature (Ts) (Zhang and Zhou, 2016). The slope of the Ts/NDVI curve can
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provide valuable information regarding soil moisture and vegetation conditions
(Goetz, 1997). Sandholt et al. (2002) developed the Thermal Vegetation Dryness
Index (TVDI). It is based on an empirical parameterization of the relationship
between Ts and NDVI resulting from the triangular or trapezoidal shape of the
Ts/NDVI scatter plots (Carlson et al., 1994; Moran et al., 1994; Xin et al., 2006).
Such methodologies have been evaluated by many researchers for validating
indirect methods of estimating soil moisture in large catchments (Carlson et al.,
1995; Schultz, 1988; Muller and Décamps, 2001).

High variability of soil moisture can be quantified by performing the uncertainty
assessment. This will help the decision-makers to make reliable and sustainable
goals for effective water management. Uncertainty may arise from data,
parameter, model and from operation (Tung, 2011). Knowledge of model
uncertainty is important for making reliable predictions. Shafiei et al. (2014) used
Generalized Likelihood Uncertainty Estimation (GLUE) framework to assess the
parameter and model prediction uncertainty for SWAP model at two agricultural
fields in Central Iran. Results revealed that different boundary conditions, crop
characteristics and model simplification led to higher model uncertainty in soil
moisture simulation.

2.1.2 Simulation of Irrigation Water Demand

Water has always been a restricting variable in crop production. As the irrigation
water demand is sensitive to soil, landuse/land cover and climatic conditions (Wisser
et al., 2008) therefore, irrigation water demand estimation using hydrological models
play an important role in agricultural water management. Irrigation water demand
is simulated mostly for operational purpose to optimize the water use at farm or
catchment level. Its simulation will not only help in providing optimum amount and
duration of irrigation water applied to the agricultural fields but also puts a check
on the existing water availability. Under water scarcity conditions, the simulated
irrigation water will help the agricultural community to grow crops according to the
available water resources in any part of the world.

Droogers and Kite (2002) evaluated water use in terms of irrigation at field, irrigation
scheme and basin scale using parametric basin-scale model and physically based
crop-scale model. The results showed that crop-scale model better represented the
amount and timing of irrigation water and therefore can be used to verify and
calibrate the basin scale models. Researchers always simulate irrigation and crop
yield together as both are directly linked to each other. Decisions makers are always
interested in the response of different irrigation management scenarios on crop yield,
nutrient balance and other water balance components (Sun et al., 2006; Geerts and
Raes, 2009; Gheysari et al., 2009; Maier and Dietrich, 2016).

(a) Field Scale
Irrigation water requirement is mostly simulated at field and plot scale using field or
point scale hydrological or crop models. The field models are mostly calibrated to
simulate crop yield and once the model satisfactorily simulates the crop yield then
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irrigation is simulated under different irrigation management scenarios. This section
comprises of a short review of the commonly used crop models at field scale.

AquaCrop
It is a crop model developed by the Food and Agriculture Organization (FAO) to
simulate attainable yield of major crops as a function of water consumption
(Steduto et al., 2009). Heng et al. (2009) quantified the performance of AquaCrop
by comparing the simulated leaf area index (LAI), biomass accumulation, crop
yield, ET, and Water Use Efficiency (WUE) of maize against field measurements
made under irrigated and rainfed conditions for maize at three field locations
(Bushland and two in Spain). The results revealed that AquaCrop is valuable for
quantifying crop productivity under different irrigation scenarios. In another
study, it was combined with an economic model for optimizing irrigation water at
farm-scale for cotton, maize, potato and sunflower in South-western Spain. This
was done to help the pre-decision on cropping patterns and irrigation strategies.
The results showed that the developed model was a good tool for analysing
different scenarios which will help the irrigation managers and policy-makers to
achieve sustainable irrigation management at farm level. It is also mentioned in
the results that changing crop is the best sustainable strategy compared to
changing water polices (Garćıa-Vila and Fereres, 2012). Additionally, there are
several other studies around the globe which have used AquaCrop and verified the
use of this model in any agro-climatic conditions (Iran: Wheat (Andarzian et al.,
2011), Serbia: maize, sugar beet and sunflower (Stricevic et al., 2011), India:
cabbage (Pawar et al., 2017)

CropWat
It is a decision support system developed by Land and Water Development
Division of FAO (Smith, 1992). It is a tool used to quantify reference ET, crop
water requirement and designing and management of irrigation scheduling. George
et al. (2000) developed an irrigation scheduling model to perform irrigation
scheduling at field scale. Later on, model simulations were compared against the
field data and irrigation schedule given by CropWat model (Smith, 1992) for the
experimental field located at the University of California during 1992. The results
showed that the irrigation amount applied by the model was comparable to the
actual depth applied in the field during first irrigation whereas it was not
comparable in the second and third irrigation event. In 2014, crop water use was
predicted under rainfed and irrigated field conditions for tomato in Nairobi,
Kenya. Results pointed out that the crop yield is substantially affected by the
stress during the senescence stage and supplemental irrigation during this stage
could reduce the negative impact on crop yield (Karuku et al., 2014).

Daisy
Daisy is a dynamic model used for the simulating water, nitrogen and crop growth
dynamics in agricultural fields (Abrahamsen and Hansen, 2000). Jensen et al.
(2010) incorporated a xylem-Abscisic acid model with Daisy model to simulate the
drought tolerance in potatoes and tomatoes in Italy. Amount of water applied was
predicted using Abscisic Acid (ABA) root signal based on the in-situ measurement
and monitoring of soil water content within the rooting zone under deficit
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irrigation or partial root zone drying. The results showed an improved antioxidant
content in the considered crops and size distribution of potato tubers were
improved. Seidel et al. (2016) tested the three irrigation scheduling approaches
(soil water balance calculations, real-time model application, automatic drip
irrigation) on white cabbage crop grown in four experimental fields located in
Dresden, Germany during 2013-2014 using a one-dimensional
soil-plant-atmosphere system model Daisy (Abrahamsen and Hansen, 2000). The
results revealed that irrigation strategy using automatic drip irrigation using soil
tension thresholds yields good crop yield with low irrigation amounts compared to
the other. The model was over-irrigating when irrigation was applied using soil
water balance calculations whereas it was better when soil tension thresholds are
used for irrigation application. In addition, the partially calibrated model led to
the underestimation of the crop water requirements in conjunction with an
incorrect timing of irrigation events and therefore resulted in the lowest yields.
Seidel et al. (2017) evaluated the impact of irrigation on growth and development
of white cabbage in an experimental field located in Dresden, Germany using the
Daisy model. Results revealed that irrigation scheduling based on soil water
balance calculations led to unproductive over-irrigation due to overestimated crop
coefficients, which highlight the need for more accurate estimates of these
coefficients.

DSSAT
DSSAT stands for Decision Support System for Agrotechnology Transfer is a
software application comprised of over 42 crop simulation models as well as several
other tools to facilitate its effective use (Jones et al., 2003). Crop Estimation
through Resource and Environment Synthesis, [CERES,(Godwin, 1990)],
CERES-Wheat is a crop model embedded in DSAAT was used to evaluate the
different irrigation strategies for improving crop water use for spring wheat in
International Maize and Wheat Improvement Center (CIMMYT) station in
Mexico (Lobell and Ortiz-Monasterio, 2006). Fang et al. (2010) combined a root
water quality model and DSSAT to investigate the impact of different irrigation
strategies to improve the water use efficiency of winter wheat and summer maize
double cropping system at Yucheng Ecological Station from 2001-2003 in North
China. The study concluded that the effective irrigation will not only improve the
WUE, but also mitigate the decline in groundwater and increase in nutrient
leaching in the area.

EPIC
Erosion Productivity Impact Calculator (EPIC) is a mathematical model used for
simulating the erosion, crop growth (Williams, 1990) and is capable of simulating
the effects of management decisions on crop yield and other processes (Williams
et al., 1989a). Bryant et al. (1992) used the EPIC model to simulate corn yield at
Bushland, Texas. He found that the model can be used to analyse the impact of
different irrigation strategies on the crop yield which is meaningful to the farmers .
Cabelguenne et al. (1997) used EPIC-PHASE, a modified version of EPIC model
to evaluate the real time irrigation management based on every 5 days model
predictions. The study showed potential progress for dynamic irrigation scheduling
based on the water stress intensities predicted by the model. However, the
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reliability of this schedule depends more on the accuracy of weather forecasts. This
was one of the first irrigation studies dealing with the real-time assessment of
irrigation amount and time using the weather forecast. Rinaldi (2001) used a
previously calibrated EPIC model to simulate sunflower yield against 66 different
irrigation scenarios during 1953-1997 for an experimental farm in Southern Italy.
The results showed that the bud flower is the crucial stage for irrigating sunflower
to attain optimum yield. In addition, model provided a good benchmark at farm
level decision making.

SWAP
Soil Water Atmosphere and Plant (SWAP) is a one dimensional model used for
the simulation of water, solute and heat transport in the vadose zone along with
vegetation development (Kroes et al., 2009). It is a commonly used hydrological
model to schedule irrigation at a field scale. Ma et al. (2011) used SWAP model
to explicitly address the water exchange between soil water and groundwater under
deficit irrigation scheduling in China. Rallo et al. (2012) compared the irrigation
scheduling simulated by the FAO model and SWAP for wine grape during 2005-
2006 in Sicily, Italy. In addition, the number of crop water stress days were also
evaluated for the two agro-hydrological models. The results showed that under
different irrigation scenarios models gave similar outputs when the soil water content
is low at the beginning of the growing season.

(b) Catchment Scale
The use of Satellite data and Geographic Information System (GIS) has helped the
researchers to apply the field based models at a catchment or global scale and
catchment scale models at global scale using extrapolation and regionalisation
techniques. The catchment modelling studies are important as most of the water
management decisions are either done on a regional or watershed scale.

CropWat
This model was used in conjunction with GIS to recommend the supplemental
irrigation scheduling for the Beijing-Tianjin-Hebei region, China. The results
revealed that there are serious water deficit conditions during the spring season for
maize crop which results in lower yield per unit area in the studied region (Feng
et al., 2007). Diaz et al. (2007) mapped the impact of climate change on irrigation
water demand using CropWat model for Guadalquivir River basin, Spain. The
results revealed that seasonal irrigation water requirement will increase between 15
and 20% by 2050 depending on location and cropping pattern as irrigation seasons
are predicted to be longer. Additionally, it was also used for estimating irrigation
water requirement and irrigation scheduling using the local meteorological data for
the Gaza Strip. The results indicated that farmers irrigate 20-30% more than the
required amount for the common crops (Al-Najar, 2011). CropWat was used to
calculate the gross water needs of various crops in different agro-ecological units in
Kollam district of Kerala, India. The future water balance scenario for the district
showed water deficit condition which can be compensated by either decreasing the
command area or by using water-saving technologies to achieve a sustainable
future (Surendran et al., 2017).
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DSSAT
He et al. (2013) used CERES-Wheat model to quantify the optimal irrigation
scheduling and uncertainties associated with it due to climatic variations for spring
wheat in Minquin County, China. It was seen from the results that applying
irrigation four times during the total crop growing period is the best choice with
higher long-term average yield under non-limited water availability condition.
CERES-Wheat has also been used for predicting yield in irrigated plains of the
Indian Punjab region (Hundal and Kaur, 1997) for spatial analysis on the
agricultural impacts of climate change in the major wheat-growing regions of
Spain (Iglesias et al., 2000). Jiang et al. (2016b) tested DSSAT-Maize (Jones
et al., 2003) to analyse the effect of optimal irrigation strategies under different
climatic conditions on maize yield in Heihe River watershed, China. The well
calibrated model for crop yield, soil moisture, and phenological phases was used to
simulate the effects of planting dates and different irrigation treatments on crop
yield. The results revealed that there is a huge difference between the irrigation
amounts applied by the model under different climatic conditions. The amount of
irrigation water could be reduced to half compared to the current amount if
simulated irrigation schedules are used.

EPIC
Jiang et al. (2015; 2016a) used SWAP-EPIC model for assessing irrigation
performance and optimizing regional irrigation water use for Heihe River basin,
China. Results revealed that improved water conveyance and irrigation scheduling
could reduce 30% deep percolation and 15% irrigation water with minimal effect of
crop yield. In addition, for water optimization, they have used a two level process
based economic optimization model with SWAP-EPIC. It was seen from the
results that on an average 23% of irrigation water could be reduced without
reducing the annual current benefit.

Crop yield and irrigation water requirement are also calculated at global level by
many researchers in recent years. Liu et al. (2007) simulated wheat yield and crop
water productivity using Global EPIC model. The results showed a linear relation
between crop water productivity and crop yield. In addition, crop water productivity
and yield could increase with efficient water and fertilizer management. Wisser et al.
(2008) quantified the variability and uncertainty due to land-use and climate data
in simulating irrigation water demand at the global level using a water balance
model. The results revealed that there is huge variability in simulating irrigation
water demand at the regional scale (nearly 70%) compared to the national scale (less
than or nearly equal to 10%). Shen et al. (2013) used Penman–Monteith method
and observed crop data to assess and analyze the temporal and spatial variations
in irrigation water demand for main crops grown in central Eurasia during 1989-
2010. The results revealed an increasing irrigation demand due to the increase in
the irrigated agricultural areas. Zaussinger et al. (2019) proposed a new method
of estimating the actual irrigation water use from a combination of three different
remotely sensed data and a modeled reanalysis soil moisture data for in US during
2013-2016. It was observed from the results that in intensively irrigated areas, the
temporal dynamics of irrigation water use estimated in this research was close to
ancillary data on local irrigation practices.
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It was seen from the extensive review of literature from the aforementioned
sections dealing with soil moisture and irrigation water demand that the scientists
have used a variety of field scale, catchment scale and global scale hydrological
models to estimate different water balance components around the world. From
the last two decades, researchers around the world have been actively using Soil
and Water Assessment Tool (SWAT) model for simulating different components of
hydrologic cycle and the effect of different management scenarios on water balance
components in agricultural catchments (Griensven et al., 2012). SWAT has become
a popular agro-hydrological model amongst researchers and planners dealing with
the simulation of hydrology, agricultural water management and nutrient loads of
agricultural watersheds around the world (Neitsch et al., 2011). In addition, it is
an open-source software which allows its users to read, edit/modify the code as per
different scientific questions to be solved by the users. Therefore, considering the
model flexibility, its strong scientific community, SWAT was chosen for this study.

2.1.3 SWAT

In this section, a small glimpse of the studies using SWAT model dealing with soil
moisture simulation, irrigation water demand assessment/impact of best
management practices on catchment’s water balance has been provided. The
available literature describing and discussing the use of SWAT on agricultural
catchment is vast. Fig. 2.1 gives an idea about the number of studies performed
using SWAT under the three aforementioned broad topics around the world in the
English language using a database developed by Philip Gassmann
https://www.card.iastate.edu/swat_articles/index.aspx. It can be seen
from Fig. 2.1 that the number of studies dealing with the three topics namely soil
moisture estimation, irrigation/best management practices assessment and model
development to improve irrigation water simulation at catchment scale has
increased more in the last 10 years. However, the number of studies dealing with
simulating and improving irrigation water management at a catchment scale is still
gaining momentum.

Soil Moisture Studies
Narasimhan et al. (2005) used a SWAT model to develop a long-term
spatio-temporal (4 × 4 km spatial and weekly temporal) soil moisture data for
drought monitoring and crop yield predictions in different watersheds across Texas.
The SWAT simulated soil moisture was verified against the normalized difference
vegetation index (NDVI) derived from National Oceanic and Atmospheric
Administration (NOAA-AVHRR: Advanced Very High Resolution Radiometer)
satellite data. The results showed that there was a lag of atleast one week in the
soil moisture simulated by SWAT compared to the NDVI which was attributed to
the delayed response of plants against water stress in the root zone. In addition,
the results indicated that NDVI can be considered as a good indicator for
evaluating crop stress and for determining the onset of agricultural drought in
semi-arid areas. In Cobb Creek watershed, Oklahoma (Chen et al., 2011)
calculated the root zone soil moisture, ET, runoff, and streamflow using SWAT.
Ensemble Kalman filter (EnKF) was used to assimilate the surface soil moisture
data. The results showed that EnKF had effectively updated the soil moisture
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Figure 2.1: Number of SWAT studies performed during 2000-2019.

simulated by SWAT for the upper layer and also provide moderate improvement in
soil moisture simulation at lower layers and ET . Jha (2012) used SWAT to
quantify and evaluate the distribution of soil moisture on Raccoon watershed, US
under cover crop conservation practice. The results showed that the cover crop
conservation practice was effective in improving the soil and water quality but it
has an adverse impact on the amount of soil moisture present in the soil profile.

Joh et al. (2011) assessed the impact of climate change on hydrological components
of a forest watershed located in Korea. In addition to streamflow, SWAT model
was calibrated using ET and soil moisture (TDR). An upward trend was seen in
annual temperature, precipitation, and streamflow, whereas soil moisture showed a
downward trend.

Li et al. (2010) used SWAT to simulate soil moisture variability in Shaanxi
Province, China. The comparison of observed and SWAT simulated soil moisture
showed that the model reasonably simulated the long-term soil moisture trend and
spatio-temporal variability in soil moisture. Muttiah and Wurbs (2002)
investigated the change in the water balance components, specifically ET, soil
water storage and water yield corresponding to two soil maps with different spatial
resolution. It has been revealed from the results that the aforementioned change in
water balance components are more sensitive to watersheds under wet climate and
heterogeneous soils. DeLiberty and Legates (2003) and Mapfumo et al. (2004)
studied the spatial and temporal variability of soil moisture in the US and Canada.
No seasonal variation in the temporal autocorrelation was found in the first study
whereas, the simulated soil moisture in the second study was under and over
predicted by the model in dry and wet conditions, respectively.

Milzow et al. (2011) combined three datasets namely, surface soil moisture from
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radar, radar altimetry by Envisat and the temporal change in total water storage
recorded by Gravity Recovery and Climate Experiment (GRACE) for calibrating a
data-scarce catchment (Okavango River) using rainfall input from three different
sources (European Centre for Medium-Range Weather Forecasts - ECMWF
ERA-Interim, Tropical Rainfall Measuring Mission - TRMM 3B42, FFamine Early
Warning Systems Network-EWS-Net). The results revealed that the error in
simulated model outflow can be reduced by reducing error in the precipitation.
Park et al. (2014) evaluated the soil moisture simulated by SWAT using MODIS
NDVI and land surface temperature (LST) for a forest in Spain. The results
revealed that except in frequent rainy years SWAT simulated soil moisture showed
a higher correlation with MODIS LST and NDVI during forest leaf growing and
falling periods, respectively. Li et al. (2016) assessed the spatio-temporal variation
in soil moisture and other water balance variables under different precipitation
gradients in the Yellow River basin, China. Results showed that soil moisture has
a non-linear relationship to precipitation and ET, however, all the variables
exhibited an annual decreasing trend. Rajib et al. (2016) evaluated the spatially
distributed surface and root zone soil moisture in two watersheds of Indiana, US
for improving the hydrologic predictability of SWAT. It was indicated from the
results that the root zone soil moisture may play an important role in model
calibration.

Irrigation Studies
Applicability of SWAT has also extended to irrigation studies to help the
researchers/policy-makers for simulating irrigation scheduling under different
climate, soil and cropping patterns. Santhi et al. (2005) improved the capabilities
of SWAT by introducing a canal irrigation component into the model for the
effective regional planning of an irrigated agricultural catchment in the 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 Reguero
watershed in Spain. Panagopoulos et al. (2014) evaluated the economic
effectiveness of different best management practices for reducing the irrigation
water abstraction in Pinios, Greece. In addition to this, SWAT was also 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). Woznicki et al. (2015) used a SWAT model for
Kalamazoo River watershed, Michigan is to understand how climate change would
affect the water balance, future irrigation demand for corn and soybean. In
addition, a spatial variability map for irrigation demand was created along with
the possible adaptation strategies primarily based on shifting planting dates. The
results indicated that uncertainty in irrigation demand for corn and soybean has
increased from 1980-1999 to 2060-2079, with higher uncertainty in the months
having the highest irrigation demand. Late planting will help to reduce irrigation
water demand with compromising reduction in corn yield. Maier and Dietrich
(2016) compared different irrigation strategies, where different methods of
auto-irrigation implemented into SWAT showed considerably different results for a
humid catchment in Germany.
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Marek et al. (2016) investigated the simulation of the LAI and ET in SWAT and
found deficiencies, which may have an impact on the accuracy of simulated plant
water uptake. Chen et al. (2018) proposed an improved auto-irrigation function
for SWAT based on previous field studies in Texas (Chen et al., 2017) carried out a
year earlier. Fu et al. (2019) used SWAT to simulate the irrigation schedules of corn
and soybean in the downstream of the Songhua River basin, China. Additionally,
the study used the Analytic Hierarchy Process (AHP) to define optimal irrigation
schedules. The results reveal that deficit irrigation treatments were valuable in
improving water use efficiency and crop yield.

SWAT Modification
Santhi et al. (2005) developed a canal irrigation component in SWAT and
validated it for regional planning of an agricultural catchment in Lower Rio
Grande Valley, Texas. Dechmi et al. (2012) modified SWAT to correctly simulate
the hydrological process in an intensively irrigated catchment located in Spain.
Panagopoulos et al. (2014) assessed the cost-effectiveness of different irrigation
water management practices in a water-scarce agricultural catchment in Pinios,
Greece. Githui et al. (2016) tested different irrigation inputs in SWAT and
evaluated them against the observed and simulated flow and ET in an irrigated
catchment in Australia. Wei et al. (2018) modified seepage simulation from
earthen irrigation systems to improve the simulation of management practices and
hydrological processes mainly instream flows in an intensively managed
agricultural watershed in Colorado, US. McInerney et al. (2018) evaluated the
response of 120 different spatio-temporal irrigation inputs in simulating
streamflow, ET and potential recharge. Marek et al. (2017) used SWAT for
simulating the crop yields, crop water use as well as the irrigation required by a
semi-arid watershed located in the Texas High Plains, US. The overall results
concluded that SWAT’s plant growth algorithm is not suitable for simulating the
representative cotton yield of the catchment, which could be due to the limitation
of auto-irrigation function. Chen et al. (2018) also found that although the SWAT
default auto-irrigation triggered by soil water content method provided a
reasonable simulation of actual ET, the irrigation amount varied greatly from
actual irrigation amount observed in the field. They developed a new management
allowable depletion based auto-irrigation algorithm in SWAT based on scheduled
date and accumulated heat units. The updated SWAT+ model will improve the
control of auto-irrigation by decision tables (Arnold et al., 2018).
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Evaluation of SWAT simulated soil moisture at

catchment scale by field measurements and

Landsat derived indices

This chapter is an edited version of: Uniyal, B., Dietrich, J., Vasilakos, C., and
Ourania, T. (2017). Evaluation of swat simulated soil moisture at catchment scale
by field measurements and landsat derived indices.Agricultural Water Management,
193:55–70.

Abstract
The quantification of soil moisture under different soils and crops at the regional
scale is a challenging task. Hence, such studies are limited by the availability of
ground-based measurements. The current study evaluates the spatial and temporal
patterns of daily soil moisture simulated by the Soil and Water Assessment Tool
(SWAT) for the upper 30 cm of the soil profile with indirect soil moisture
estimates from Landsat for 2016. The Thermal Vegetation Difference Index
(TVDI), was calculated based on the Normalized Difference Vegetation Index
(NDVI) and the brightness temperature (BT) using Landsat images, from which
regression models were trained by using field measurements from Time Domain
Reflectometer (TDR) to calculate soil moisture. Two agricultural catchments
namely, Gerdau and Wipperau in Germany were satisfactorily calibrated using
SWAT for daily streamflow (1975-2000) with NSE (Nash Sutcliffe Efficiency)
>0.55 and PBIAS (Percent bias) < 5.5 %. The parameter uncertainty assessment
during the irrigation season(Mar-Sept, 2016) for soil moisture revealed that the
uncertainty band is narrow (p-factor = 0.57-0.83; r-factor = 0.52-1.3). Spatial and
temporal patterns of soil moisture from Landsat and SWAT were evaluated by
using boxplots and absolute soil moisture difference maps. Results revealed that
the overall spatial and temporal patterns of boxplots matched better for the dry
period (correlation, r ≥ 0.90) compared to the wet period (r ≥ 0.57). The mean
absolute difference between soil moisture from Landsat and SWAT ranged between
0.9-10% for most soils. In addition to it, the soil map was refined to match soil
moisture patterns shown in Landsat images for one sandy soil, which further
improved the mean absolute difference (1.06-6%). The current study provides an
approach to use remotely sensed soil moisture for verifying hydrological modeling
results and for optimizing the parameterization of soils, which may bridge the gap
between global, regional and field studies in agricultural water management.

Keywords: Soil Moisture; Landsat; TVDI; NDVI; TDR; Parameter uncertainty

3.1 Introduction
Soil water availability plays a vital role in crop productivity. Agricultural and
hydrological models often use the depletion of soil water as the trigger for
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irrigation operations. Thus, soil moisture is a key hydrological state variable,
which is of great interest amongst agriculturists, meteorologist and hydrologists
(Brocca et al., 2010; Schmugge et al., 1980; Walker et al., 2001; Zucco et al., 2014).
The amount and vertical distribution of soil water depends non-linearly on soil
physical properties (Timm et al., 2006) , topography (Western et al., 1999), type
and stage of crop (Liding et al., 2007), and previous and current weather
conditions (Seneviratne et al., 2010). The soil moisture present in the upper soil
layer shows maximum spatio-temporal variation compared to the lower soil layers
(Chen et al., 2010; Li et al., 2016). It also plays a major role in checking the water
use intensity in agricultural catchments. Therefore, a good insight of soil moisture
variability will bring researchers a step closer in understanding the catchment’s
hydrology, crop processes, irrigation control and the management of green water in
a better way.

Soil moisture estimation can be performed by direct and indirect methods. One of
the direct methods is the gravimetric technique (oven-drying technique), which is
widely used because of its simplicity, reliability, and accuracy (Schmugge et al.,
1980). Most of the direct methods are labor-intensive, time-consuming and
prohibitive on monetary basis for continuous application in large catchments. On
the other hand, indirect methods are simple and can be implemented for
continuous applications. These include neutron scattering (Gardner and Kirkham,
1952), gamma-ray attenuation (Gurr, 1962), electromagnetic techniques Topp
et al. (1980), tensiometric techniques (Richards and Gardner, 1936), hygrometric
techniques, soil water and hydrological models (Tavakoli and De Smedt, 2013) and
remote sensing techniques (including ground-based drones, Vivoni et al., 2014).

Satellite-based estimations of surface soil moisture have received considerable
attention in hydrology and water resources management because antecedent soil
moisture is a critical variable in rainfall-runoff modeling (Han et al., 2012) and
model-based irrigation studies (Phogat et al., 2012). The European SpaceAgency’s
(ESA) Soil Moisture and Ocean Salinity (SMOS) mission (2009); Sentinel-2A
(2015) (http://apps.sentinel-hub.com/sentinel-playground) and National
Aeronautics and Space Administration’s (NASA) latest Soil Moisture
Active/Passive (SMAP) mission (2014) are designed to better monitor the soil
moisture on a global extent with increasing spatial resolution (Gruhier et al., 2009;
Entekhabi et al., 2010; O’Neill et al., 2010). The technique of indirect soil moisture
estimation in terms of soil moisture index from remote sensing data on a
catchment scale dates back to the 1980 (Schultz, 1988). The evaluation of remotely
sensed soil moisture using eco-hydrological catchment models is the subject of
current research (Narasimhan et al., 2005; Li et al., 2010; Rajib et al., 2016).
Many approaches have been applied in order to model the relationship between
soil moisture and soil reflectivity mainly based on Normalized Difference
Vegetation Index (NDVI) and the surface temperature (Ts) (Zhang and Zhou,
2016). The slope of the Ts/NDVI curve can provide valuable information
regarding soil moisture and vegetation conditions (Goetz, 1997). Sandholt et al.
(2002) developed the Thermal Vegetation Dryness Index (TVDI). It is based on an
empirical parameterization of the relationship between Ts and NDVI resulting
from the triangular or trapezoidal shape of the Ts/NDVI scatter plots (Carlson
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et al., 1994; Moran et al., 1994; Xin et al., 2006). Such methodologies have been
evaluated by many researchers for validating indirect methods of estimating soil
moisture in large catchments (Carlson et al., 1994; Schultz, 1988; Muller and
Décamps, 2001).

The Soil Water Assessment Tool (SWAT) has been used by many researchers for
evaluating soil moisture on the catchment scale. Muttiah and Wurbs (2002)
investigated the change in the water balance components, specifically
evapotranspiration (ET), soil water storage and water yield corresponding to two
soil maps with different spatial resolution. It has been revealed from the results
that the aforementioned change in water balance components are more sensitive to
watersheds under wet climate and heterogeneous soils. DeLiberty and Legates
(2003) and Mapfumo et al. (2004) studied the spatial and temporal variability of
soil moisture in the US and Canada. No seasonal variation in the temporal
autocorrelation was found in the first study, whereas the simulated soil moisture in
the second study was under and over predicted by the model in dry and wet
conditions, respectively. Narasimhan et al. (2005) used SWAT to produce a
long-term soil moisture dataset for drought monitoring and crop yield prediction in
the US. The results indicated that NDVI can be considered as a good indicator for
evaluating crop stress and for determining the onset of agricultural drought in
semi-arid areas. Milzow et al. (2011) combined three datasets namely, surface soil
moisture from radar, radar altimetry by Envisat and the temporal change in total
water storage recorded by GRACE for calibrating a data-scarce catchment
(Okavango river) using rainfall input from three different sources (ECMWF
ERA-Interim, TRMM 3B42, FEWS-Net RFE). The results revealed that the error
in simulated model outflow can be reduced by reducing error in the precipitation.
Park et al. (2014) evaluated the soil moisture simulated by SWAT using MODIS
NDVI and land surface temperature (LST) for a forest in Spain. The results
revealed that except in frequent rainy years SWAT simulated soil moisture
moisture showed a higher correlation with MODIS LST and NDVI during forest
leaf growing and falling periods, respectively. Li et al. (2016) assessed the
spatio-temporal variation in soil moisture and other water balance variables under
different precipitation gradients in the Yellow river basin, China. Results revealed
that soil moisture showed a non-linear relationship to precipitation and ET,
however all variables exhibited an annual decreasing trend. Rajib et al. (2016)
evaluated the spatially distributed surface and root zone soil moisture in two
watersheds of Indiana, US for improving the hydrologic predictability of SWAT. It
was indicated from the results that root zone soil moisture may play an important
role in the model calibration.

The outcome of most of the soil moisture estimation methods is at point or field
scale, whereas hydrological simulation and remote sensing techniques can be used to
quantify soil moisture not only at point/field but also in catchment or global scale.
Soil moisture can also be estimated for previous years with models and remotely
sensed data, which is impossible to derive in case of experimental measurements.
Therefore, the availability of model simulated results and remotely sensed data can
fill temporal and spatial data gaps and improve long-term catchment studies of soil
moisture and related agricultural water management problems. The spatio-temporal
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evaluation of soil moisture at the catchment scale was done in a few studies only.
Therefore, an attempt has been made through this study to check the applicability
of Landsat data to be used for monitoring the soil moisture at a catchment scale.
The basic objective of the current study is to evaluate the spatial and temporal
behavior of SWAT simulated soil moisture with direct and indirect estimates of soil
moisture obtained from field and remotely sensed data. It also includes examining
the effect of parameter uncertainty on the simulated soil moisture under different soil
and land-use conditions. The following main innovations were done in this study:

• Evaluation of SWAT simulated soil moisture at Hydrologic Response Unit (HRU)
scale using high-resolution indirect estimation from Landsat data (30 m) and field
measurements.
• Creation of soil moisture parameter uncertainty bands for specific combinations
of soils and crops.
• Development of absolute soil moisture difference maps using soil moisture from
Landsat and SWAT.
• Adjustment of SWAT soil parameters to match soil moisture patterns in SWAT
using Landsat image.

3.2 Materials and methods

3.2.1 Model description

The Soil and Water Assessment Tool (SWAT) is a semi-distributed catchment scale
hydrological and water quality model (Arnold et al., 1998, 2012). It is often used in
simulating hydrology, chemicals, sediments, crop growing, agriculture management,
etc. within agricultural watersheds. The water balance equation used by the model
is well explained in the SWAT manual (Neitsch et al., 2011; Arnold et al., 1998).
The soil water movement in different soil layers present in the root zone follows a
cascade model. Based on this, the model provides net water to the first layer, after
canopy interception and evaporation loss. Then according to its field capacity and
hydraulic conductivity, storage, runoff excess and infiltration takes place. Excess
water further seeps into the next layers. In this process, if the last layer is saturated
and still there is excess water then the model assigns it to the first layer. The soil
moisture in each subsurface layer is updated by using the following equation in the
model:

solsti = solst − sepdayi − latlyri − lyrtilei (3.1)

where solsti(mm) is the amount of water stored in the soil layer onthe ithday;
sepdayi(mm) is the percolation from the soil layer onthe ith day; latlyri is the
lateral subsurface flow in the layer on the ith day; and lyrtilei(mm) is tile drainage
in the soil layer on the ith day. In addition to this, the lateral flow in each
subsurface soil layer is calculated with Sloan’s kinetic storage model (Sloan and
Moore, 1984; Sun et al., 2016).

3.2.2 Study area and data

This study is conducted in two sub-catchments of the Ilmenau River basin in
Northern Germany (52-54°N, 10-11°E), namely Gerdau (Hansen gauging station,
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308 km2 catchment area) and Wipperau (Oetzmühle, 201 km2) (Fig. 3.1). The
average annual precipitation from 1975 to Sept 2016 was 793 mm and 721 mm in
Gerdau and Wipperau, respectively. Both catchments are dominated by
agricultural land use with more than 50% of its total area under agriculture.

Figure 3.1: Location of the catchments along with the soil sampling locations.

Most of the soils in the catchments can be categorized as medium to fine sand with
more than 80% of sand material and more than 90% sand in the lower layers,
resulting in low water holding capacity and fast drainage (Tables 3.1 and 3.2). As
a result, irrigation is highly required for carrying out agriculture even under humid
climatic conditions (Maier and Dietrich, 2016). Sources for irrigation water are the
shallow quaternary aquifer (Wittenberg, 2003), a navigation canal and reuse of
processed water from the sugar industry. Crops grown in this area are wheat,
potatoes, corn silage and sugar beets (Agrarstrukturerhebung, tables
Z6070421,K6070411, K6070412 and K6080014 with data from 1977 to 2007
reported every four years, Niedersächsisches Landesamt für Statistik). These crops
are irrigated mostly by sprinklers but few fields in this region are nowadays using
pivots.

The watershed was delineated from a 20 m resolution Digital Elevation Model
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(DEM), which was aggregated from the original 5 m resolution DEM of NLWKN
(Niedersächsischer Landesbetrieb für Wasserwirtschaft, Küsten- und Naturschutz).
Soils were represented by BÜK200 (Bundesanstalt für Geowissenschaften und
Rohstoffe, 2016 (https://www.bgr.bund.de/DE/Themen/Boden/Produkte/
Karten/Downloads/FlyerBUEK200.pdf?blob=publicationFile&v=) using soil
hydraulic parameters from Wessolek (2009).

Table 3.1: Specifications of the soil moisture measuring sites in Gerdau

Sl. No. Name & Location Soil Soil Physical Properties
Crop grown Name Texture (%) Bulk density

(sand/silt/clay) (g/cm3)

1. Hansen (Onion) 10.48° E 128 73/20/7 1.365
52.95° N

2. Hansen Village* 10.48° E 449 73/20/7 1.365
(Winter Wheat) 52.95° N

3. Barnsen (Corn) 10.42° E 129 73/20/7 1.365
52.98° N

4. Ebstorf * 10.41° E 161 93/5/2 1.045
(Sugar beet) 53.01° N

5. Heide (Corn) 10.31° E 165 94/5/1 1.41
52.98° N

*soil sampling locations used for further analysis.

Table 3.2: Specifications of the soil moisture measuring sites in Wipperau

Sl. No. Name & Location Soil Soil Physical Properties
Crop grown Name Texture (%) Bulk density

(sand/silt/clay) (g/cm3)

1. Rösche (Herb) 10.74° E 161 93/5/2 1.41
52.98° N

2. Katzien (Corn) 10.77° E 165 94/5/1 1.05
53.00° N

3. Water Storage* 10.75° E 165 93/5/2 1.41
(Corn) 53.02° N

4. HZ* 10.81° E 129 73/20/7 1.36
(Potato) 53.05° N

5. HZ Cemetery 10.77° E 165 93/5/2 1.41
(Fodder) 53.06° N

*soil sampling locations used for further analysis.

The Land cover map was generated by combining CORINE (CORINE Land Cover
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CLC2006, Federal Environment Agency, DLR-DFD 2009) with crop distribution
statistics of Lower Saxony for the year 2007 (Niedersächsisches Landesamt für
Statistik, 2010). Based on these data, crops reported at the community level were
distributed in each sub-basin. SWAT hydrological response units (HRUs) were
generated by an overlay of soil land use and slope, then the agricultural land use
was split by using the crop fractions within each sub-basin. In this process, the net
area of crops within a sub-basin is secured but the actual spatial locations of the
HRUs are not retained. Apart from the spatial data, temporal weather data for
Gerdau and Wipperau catchments were available from 1/1/1975 to 30/09/2016.
Daily precipitation data from 6 rain gauge stations in Gerdau and 12 stations in
Wipperau were used. Precipitation data were corrected for measurement errors
using Richter (1995) depending on temperature. Daily data on temperature,
relative humidity, and wind velocity were interpolated from four weather stations.
These aforementioned weather parameters were interpolated for all sub-basins
using inverse distance interpolation. Solar radiation data was used from the
lysimeter station at Hohenzethen (Landesamt für Bergbau, Energie und Geologie,
LBEG) for 2001–2013. This time series was extended until Sept 2016 by using
solar radiation values from Deutscher Wetterdienst (DWD) Braunschweig station.
The solar radiation values of Braunschweig were multiplied by a factor representing
the bias in the past data between both stations, which differ in location and hence
exhibit a systematic difference in radiation. Daily streamflow data were procured
from NLWKN for the respective catchment outlet marked in the map (Fig. 3.1).

3.2.3 Soil moisture estimation from field experiment

The soil moisture field measurements coincided with the Landsat satellite crossing
date over the region. The field measured soil moisture was used for calibrating the
indirect soil moisture estimation from Landsat images. Out of the total field
measurement days, only 7 days in case of Gerdau and 6 in case of Wipperau could
be used for the irrigation season of 2016 (Mar-Sep). This was due to unclear sky at
10:15 am (Universal Time Coordinated: UTC) over the catchments for the rest of
the days. The clear sky at image recording time was a prerequisite for interpreting
Landsat images. Soil moisture was estimated by using Time Domain Reflectometer
(TDR) at 10 sites (Fig. 3.1), which were spatially distributed in the two
catchments. Gravimetric measurements were conducted on seven days for assessing
the quality of soil moisture measured from TDR. TDR provides a representative
measure of the volume of soil moisture present in the entire length of the rod (16
cm) placed in the soil profile. The instrument is specially designed for field use and
calibrated for universal soils (https://imko.de/en/products/soilmoisture/
soil-moisture-sensors/trimepico64). Tables 3.1 and 3.2 show the type of
crops grown (in the year 2016) and soil physical characteristics of the specific field
locations present in Gerdau and Wipperau, respectively. Grain size analysis of all
the ten sites was performed according to DIN EN 933-1 for the upper layer of the
soil. This has helped to cross-check the soil database and get a better
understanding of the spatial variability of soil physical properties.
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3.2.4 Soil moisture estimation from Landsat

The satellite images from Landsat 7 and 8 were acquired from the United States
Geological Survey (https://espa.cr.usgs.gov/index/). The Landsat surface
reflectance high-level data products i.e., NDVI based on the surface reflectance and
the brightness temperature BT, at top of atmosphere) were used in order to
calculate the TVDI (Masek et al., 2006; Vermote et al., 2016). The cloud mask
product was used for masking anything else except clear land. The scatter plot of
Ts and Ts/NDVI space usually follows the trapezoidal form shown in Fig. 3.2.
This distribution is defined by the upper edge which is the dry edge and the lower
wet edge. The TVDI is based on the empirical parametrization of the dry edge
(Tsmax) and the wet edge (Tsmin) given by (Sandholt et al., 2002):

Tsmax = (a1 ∗NDV I) + b1 (3.2)

Tsmin = (a2 ∗NDV I) + b2 (3.3)

Then, TVDI is calculated by using the formula:

TDV I =
Tsmax − Ts

Tsmax − Tsmin

(3.4)

where, Tsmax and Tsmin are the dry and the wet edge, respectively; NDVI is the
observed normalized difference vegetation index and Ts is the observed surface
temperature. For small intervals of NDVI, the maximum and minimum
temperatures are observed in order to estimate a1, b1, a2 and b2 coefficients of
Tsmax and Tsmin through linear regression. Most approaches are based on the
estimation of Tsmax and Tsmin for each image that is being studied. However, this
approach may result in incomparable results between different dates since the
TVDI relies on the maximum and minimum temperatures for each image per day.
Furthermore, the cloud fraction influences the pixels that are masked i.e., pixels
that are not plotted.

Figure 3.2: Scatter plot of Ts/NDVI space.
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In order to cope with this drawback in the current research, dryand wet edges were
estimated using universal scatter plot where the Ts/NDVI values for all images were
plotted at the same time. Hence, the TVDI for all images are based on common
dry and wet edges. Next step was the calculation of correlation between the soil
moisture values from field experiments and the TVDI, NDVI and BT values of the
corresponding pixels. In order to explore this correlation, linear regression and curve
estimation methods were applied to get the best fit.

3.2.5 Model set up, calibration and soil moisture extraction

For this study, Gerdau was divided into 18 sub-basins and 1382 HRUs, whereas,
Wipperau was divided into 8 sub-basins and 567 HRUs. This is considered as a
satisfactory representation of the basin heterogeneity. Surface runoff was estimated
by using the SCS Curve Number method, flow in the catchments was routed by
using Muskingum’s routing equation. The Penman-Monteith equation was used for
estimating the evapotranspiration of the study area. Auto-irrigation was activated
in the catchments based on plant water demand. Crops were scheduled according
to the planting and harvesting dates provided by the agricultural chamber of Lower
Saxony. The eco-hydrological model SWAT was calibrated for streamflow from
1975 to 2000 at the respective outlets of the Gerdau and Wipperau catchments
with a five-year warm-up period. Semi-automatic calibration was performed for
Gerdau and Wipperau using both manual and automatic calibration by SWAT-
CUP (Abbaspour, 2011). A base flow filter program was also used to have an initial
estimation of the groundwater flow parameters as well as the percentage of base flow
occurring in the catchments (Arnold et al., 1995).

The ranges of the sensitive parameters were chosen from previous studies
performed in German catchments (Lam et al., 2011) as well as from the SWAT
database (Neitsch et al., 2011). The sensitive parameters used for calibration are
shown in Table 3.3. Model performance was evaluated by matching observed and
simulated hydrographs visually as well as by using statistical indicators. In
addition to this, the parameter uncertainty evaluation was also provided by SWAT
Calibration and Uncertainty Procedures (SWAT-CUP) in terms of 95% parameter
uncertainty (95PPU) band, r-factor and p-factor for evaluating the model
performance. The p-factor denotes the percentage of measured data bracketed by
the 95% prediction uncertainty (95PPU), whereas the r-factor denotes the average
thickness of the 95PPU band divided by the standard deviation of the measured
data (Abbaspour, 2011). After attaining an acceptable model performance during
the calibration period (1980-2000), model validation was performed (2001-2014).
Soil moisture at HRU level was extracted from the final model output. In the
current study, the first layer of the soil was evaluated, which corresponds to the
top 30 cm of the soil profile. The model simulated soil water content (in mm) was
first converted into relative soil moisture (percentage) and then into total moisture
present in the respective soil layer.The moisture content at wilting point (WP)
corresponding to different soil texture and bulk density was extracted from
(Wessolek, 2009). The aforementioned source was used for converting the SWAT
output i.e., plant available water content (SW) to total moisture present (SW +
WP) in the selected soil layer.

28



Chapter 3. Soil moisture evaluation

3.2.6 Soil moisture data analysis

The spatial and temporal analysis of the soil moisture derived from three different
sources i.e., Landsat, SWAT, and TDR were conducted. There is a scale gap
between soil moisture extracted from remote sensing (Landsat resolution 30 m)
and soil moisture data from SWAT (Average HRU area: 22.32 ha for Gerdau and
35.35 ha for Wipperau) due to their different resolutions. Landsat provides precise
spatial estimates of soil moisture under varying soil and crop present in the
catchment on a given day. However, in SWAT crops were not explicitly
incorporated in terms of spatial extent, they were distributed only on the basis of
actual land use statistics. Therefore, boxplots were drawn to represent the overall
distribution of soil moisture when a clear image from the Landsat was available.
Apart from this, the seasonal dynamics of soil moisture during the entire irrigation
season extracted from different sources (TDR, SWAT, and Landsat) was also
evaluated separately using the boxplots for Gerdau and Wipperau. In addition to
the graphical measures, one-on-one comparison of the soil moisture extracted from
different sources was performed for the entire irrigation period of 2016. In addition
to the overall soil moisture distribution using boxplots, soil and land use
(agricultural land use) specific soil moisture maps were also developed. The
absolute soil moisture difference maps for four days in the entire irrigation period
(7 March, 12 May, 24 Aug, and 9 Sept) were created for agricultural soils in the
two catchments. The aforementioned soil moisture difference maps were developed
by creating the soil moisture raster maps from SWAT and Landsat, respectively.
Furthermore, the soil specific maps were extracted from SWAT and Landsat soil
moisture raster maps corresponding to the agricultural land use and analysis was
performed using these maps. For space constraints, soil moisture difference maps
and spatial statistics for the Wipperau catchment are shown in the results section.

3.2.7 Quantification of SWAT soil parameter uncertainty

Parameter uncertainty is one of the key uncertainties present in modeling studies.
There is a huge concern in hydrological modeling about equifinality, which means
that different combinations of parameters can lead to the same model result
(Beven and Binley, 1992). Therefore, to keep a check on the possible
non-uniqueness of model results corresponding to the model parameters, parameter
uncertainty is usually quantified in hydrological modelling for streamflow. In this
study, a parameter uncertainty band for simulated soil moisture was created for
specific combinations of crops and soils on HRU basis to represent the soil
moisture dynamics in the catchment. The selections of the HRUs were based on
two soils (sandy and sandy loam) covering the major portion of the two
catchments along with the major grown crops in the area, corn, potato, sugar beet,
and winter wheat. First, SWAT was run with different combinations of parameters
by using the SWAT-CUP software. Then, the parameter sets from SWAT-CUP
yielding good model efficiency (Nash-Sutcliffe Efficiency greater than 0.5) were
selected. SWAT was run for these parameter sets and the corresponding simulated
soil moisture data for each parameter set were extracted. After that the soil
moisture parameter uncertainty band for different combinations of soil type and
crop was created from the maximum and minimum values of soil moisture for each
time step. The overall spatio-temporal variation (1980-2014) in soil moisture was
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evaluated by using boxplots for Gerdau and Wipperau, respectively. In addition to
this, soil moisture parameter uncertainty bands during the irrigation period 2016
were shown for the four experimental locations along with the observed soil
moisture values in Wipperau and Gerdau, respectively (marked * in Table 3.1 and
3.2). Both statistical, as well as graphical indicators were used to evaluate the
parameter uncertainty band for the chosen locations in the two catchments.

3.3 Results and discussion

3.3.1 Hydrological model performance

Model calibration is performed using both surface and groundwater parameters for
calibrating the developed models for streamflow. Table 3.3 shows the sensitivity
ranking of the different parameters and their final values for the two catchments.

Table 3.3: Sensitive parameters along with the final uncertainty range

Sl. Parameters Gerdau Wipperau
No. Sensitivity Parameter range Sensitivity Parameter range

Ranking & Best calibrated Ranking & Best calibrated
parameter value parameter value

1. r CN2.mgt 8 (–0.20, –0.15), 3 (–0.20, –0.15),
(SCS curve number) -0.17 -0.17

2. v ALPHA BF.gw 4 (0.0, 0.42), 7 (0.43, 0.84),
(Base flow recession 0.37 0.8

constant, days)

3. v GW DELAY.gw 5 (372.64, 704.98), 4 (117.16, 213.97),
(Groundwater delay, 586.33 185.17

days)

4. v RCHRG DP.gw 1 (0.12, 0.5), 1 (0.60, 0.81),
(Recharge to deep 0.4 0.67

aquifer)

5. r SOL AWC().sol 3 (-0.18, -0.02), 2 (-0.18, -0.02),
(Available soil water -0.17 -0.17

capacity,
mm H20/mm of soil)

6. r SOL K().sol 6 (-0.016, -0.11), 6 (-0.016, -0.11),
(Soil hydraulic -0.17 -0.17

conductivity, mm/h)

7. v ESCO.hru 2 (0.5, 1.0), 5 (0.04, 0.4),
(Soil evaporation 0.97 0.14

compensation factor)

8. v GW REVAP.gw 7 (0.009, 0.046), - -
(Groundwater 0.024
re-evaporation

coefficient)

*v means replace and r means relative change.
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As shown in this table, the sensitivity ranking of a particular parameter is different
in different catchments. Groundwater recharge to the deep aquifer was found to be
most sensitive in both catchments, which is in accordance with the study performed
by Wittenberg (2015). The relatively high value of recharge to the deep aquifer
(RCHRG DP) in Wipperau (0.7) can be justified by high infiltration rates, low
density of surface water bodies and groundwater streams to the north (Elbe basin)
makes it a losing catchment.

The graphical results are shown for calibration (Figs. 3.3-3.6), whereas the statistical
model evaluation is provided for both calibration and validation periods for the two
catchments (Table 3.4). Apart from the streamflow hydrographs (Figs. 3.3 and 3.5),
flow duration curves (Figs. 3.4 and 3.6) of observed and simulated streamflow are
drawn on a logarithmic axis for the better representation of the low flow.
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Figure 3.3: Comparison of daily streamflow hydrographs for calibration period
(1980–2000) for the Gerdau catchment.

 

1 
 

 1 

0.01

0.1

1

10

100

0 10 20 30 40 50 60 70 80 90 100

S
tr

ea
m

fl
ow

 (
m

ᶟ/s
)

Percentage of time that indicated discharge was equaled or exceeded

Observed Flow Simulated Flow

Figure 3.4: Flow duration curve for the Gerdau during calibration period.
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Figure 3.5: Comparison of daily streamflow hydrographs during calibration period
(1980–2000) for the Wipperau catchment.
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Figure 3.6: Flow duration curve for the Wipperau during calibration period.

The low and mean flows are predicted relatively well in both the cases (Figs. 3.4
and 3.5), whereas few peaks are underestimated. Both models under predict the
very low flow (<0.05 m3/s in case of Wipperau & <1 m3/s in case of Gerdau)
(Figs. 3.4 and 3.6) [NSE (Gerdau) = 0.57 & NSE (Wipperau) = 0.67; PBIAS
(Gerdau & Wipperau) = 5.2%]. This might be due to the high groundwater loss
and disconnection of the deep aquifer in SWAT. However, according to the statistical
model evaluation (Table 3.4), the performance of both of the models ranged between
good to satisfactory for different statistical indicators (Moriasi et al., 2007). It can
be seen from the aforementioned table that there is more uncertainty in case of
Gerdau (r-factor = 1.41) as compared to that of Wipperau (r-factor = 0.87), as the
width of 95PPU band (r-factor) is more. This justifies the higher p-factor in case
of Gerdau (p-factor = 0.76) as compared to the Wipperau catchment (p-factor =
0.72) during the calibration period.
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Table 3.4: Model evaluation statistics

Statistical Indicator
Gerdau Wipperau

Calibration Validation Calibration Validation
(1980-2000) (2001-2014) (1980-2000) (2001-2014)

p-factor 0.76 0.87 0.72 0.61

r-factor 1.41 1.39 0.87 0.65

R2 (Coefficient of 0.59 0.52 0.68 0.67
Determination)

NSE (Nash-Sutcliffe 0.57 0.45 0.67 0.65
Efficiency)

PBIAS(%, Percent Bias) 5.2 5.3, 5.2 1.4

KGE (Kling-Gupta Efficiency) 0.71 0.71 0.81 0.81
(Gupta et al., 2009)

3.3.2 Uncertainty in SWAT soil moisture simulation

For analyzing the parameter uncertainty of SWAT simulated soil moisture, a
combination of four relevant crops and two characteristic soil types were
investigated. Corn silage (CSIL), potato (POTA), sugar beet (SGBT) and winter
wheat (WWHT) are the main crops grown in both of the catchments. Soil 128 is
sandy loam, whereas soil 165 is medium sand (Tables 3.1 and 3.2). SGBT and
WWHT were analyzed for Gerdau, whereas CSIL and POTA were used in case of
Wipperau to show the overall dynamics of soil moisture under two different
selected soils. Figs. 3.7 and 3.8 show the spatial and temporal distribution of
SWAT simulated soil moisture during the model simulation period (1980–2014) for
the whole Wipperau and Gerdau, respectively.

It can be seen from Fig. 3.7 that there is a clear difference between the median soil
moisture values in 165 (sandy) and 128 (sandy loam) soils. It can also be concluded
from the results that the soil texture plays a more important role in soil moisture
storage than the crops (Fig. 3.7, SGBT & WWHT; Fig. 3.8 CSIL & POTA).
In addition to this, one can also see a clear difference in overall variability of soil
moisture in the same soils with different crops. Even though the median is nearly
the same for the same soil with different crops in all the four cases, the overall spread
is different (including upper quantile, lower quantile, and outliers).
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*128 and 165 denotes the sandy loam and sandy soil.

Figure 3.7: Overall variation in SWAT simulated soil moisture of the top layer (30
cm) for 128 and 165 soils with sugar beet (SGBT) and winter wheat (WWHT) for
the Gerdau catchment.
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*128 and 165 denotes the sandy loam and sandy soil.

Figure 3.8: Overall variation in SWAT simulated soil moisture of the top layer
(30 cm) for 128 and 165 soils with corn silage (CSIL) and potato (POTA) for the
Wipperau catchment.
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This deviation in the soil moisture band corresponding to different crops growing
(SGBT & WWHT) in same soil (Fig. 3.7) can be explained by the different rate of
evapotranspiration of root and grain crops and also different planting and maturing
periods. At some time-steps, the simulated soil moisture exceeds the field capacity.
This can be justified by the over-saturation of soil after intensive rainfall and frost
periods during the winter season. When the soil surface temperature increases, the
melting of frozen water starts in the upper layers. If the lower soil layer is still
frozen, then the water accumulates in the top layer resulting in over saturation of
the upper soil layer.
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Figure 3.9: (a,b) Soil moisture parameter uncertainty band for SGBT and WWHT
with the respective range of observed soil moisture at different soil sampling locations
(*marked) in the Gerdau catchment.

Apart from the boxplots, soil moisture uncertainty bands were created specifically for
2016 along with the observed range of soil moisture values from field measurements
for Gerdau and Wipperau [Figs. 3.9(a,b) and 3.10(a,b)]. In this case, one specific
HRU corresponding to the sampling site is considered (Marked * in Table 3.1 and
3.2), unlike in the previous case where all the HRUs comprising of a particular crop
and soil in the catchment were considered for creating the boxplots.

It can be seen from Figs. 3.9(a,b) and 3.10(a,b) that most of the observed range of
soil moisture measurements are within or close to the soil moisture parameter
uncertainty band simulated by SWAT. The range represented as bar depicts the
spatial variability of soil moisture at the sampling location obtained from 10
samplings within one field. It can also be seen from the observed TDR soil
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moisture values that the overall seasonal variability is met relatively well by SWAT
except during the harvesting period. This may be explained by the activation of
auto-irrigation based on plant water demand. The model provides irrigation water,
whenever the soil moisture falls below the threshold value of soil moisture for
triggering irrigation, whereas in actual practice farmers stop irrigating their crops
a few weeks before the harvest. Another aspect to note would be, the field
measurements might not be well representative for the HRU as the area of
measurement is relatively low as compared to the area of the HRU.
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Figure 3.10: (a,b) Soil moisture parameter uncertainty band for CSIL and POTA
with the respective range of observed soil moisture at different soil sampling locations
(*marked) in the Wipperau catchment.

Table 3.5: Parameter uncertainty estimators

Statistical Indicator
Gerdau Wipperau

SGBT WWHT CSIL POTA

p-factor 0.60 0.66 0.83 0.57

r-factor 0.72 0.65 1.31 0.52

* SGBT: Sugar beet; WWHT: Winter wheat; CSIL: Corn silage; POTA: Potato

Additionally, Table 3.5 shows the parameter uncertainty estimators for the soil
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moisture uncertainty band at the selected sampling locations. The p-factor, which
is nearly or more than 0.6 in all the cases, suggests that an acceptable number of
observed data lies within the uncertainty band. An r-factor (uncertainty width)
close to one is usually acceptable which is in accordance with the current case.
However, it should be noted that the uncertainty band in the current research only
includes parameter uncertainty.

3.3.3 Remote sensing moisture modelling

The scatter plot of the temperature and NDVI for all images is presented in Fig.
3.11. The dry and wet edges are defined by the following equations:

T smax = (−0.0101 ∗NDV I) + 3100.4 (3.5)

T smin = (−0.0018 ∗NDV I) + 2765.6 (3.6)

Then, the TVDI value for each sampling pixel was calculated based on its
corresponding NDVI and BT values retrieved from satellite images. The whole
dataset was randomly divided into 70 % training and 30% validation. Six different
models were used to train the TVDI and NDVI values for calculating the
respective soil moisture using Landsat imagery. The models and the performance
results in training (R2 and RMSE) as well as in validation (RMSE) sets are shown
in Table 3.6.

Figure 3.11: Ts/NDVI scatter plot of all satellite images and the wet (shown as
green line) and dry (shown as red line) edges.

The overall spatial variation of soil moisture on 24 August 2016 is evaluated
corresponding to the observed values from TDR. Fig. 3.12 represents the spatial
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comparison of soil moisture from 6 different models (M1-M6) for 24 August 2016
explained in Table 3.6. The aforementioned day is selected because soil is assumed
to be dry during this period and also from the review that the overall error in
remotely sensed data is relatively less in dry periods as compared to the wet days.
It can be easily accessed from the figure that in spite of having comparable model
performance in training and testing (Table 3.6), the overall model spread is quite
different in all the models. Therefore, out of all the selected models, M5 is selected
for further analysis as its spread and median is closer to the observed soil moisture
data.

Table 3.6: TDR modelling results of linear regression and curvature estimation

Model
Goodness of fit Goodness

of
validation

R2 RMSE RMSE

(M1) TDR = 22.68*TVDI + 4.203 TDR 0.64 4.1 4.1

(M2) TDR = 35.83 * TVDI2– 14.03 * TVDI + 11.3 0.69 3.9 3.9

(M3) TDR = 23.29 * TVDI2.327 + 9.065 0.69 3.9 4

(M4) TDR = 6.722 * exp(1.528 * TVDI) 0.68 3.9 4.1

(M5) TDR = 225.4 – 0.0008178 * NDVI – 0.07095 *T 0.64 4.3 4.1

(M6) TDR= 25.46 + 0.04966 * NDVI – 0.005673*T 0.67 3.9 4.9
– 3.531e –0.7 NDVI2 –1.591e–(0.5*NDVI*T)

1 

Figure 3.12: Comparison of observed soil moisture (TDR) with soil moisture
calculated from different regression models (M1-M6) using NDVI/Ts/TVDI on
August 24th, 2016.
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3.3.4 Soil moisture comparison

In this section, soil moisture values from three different sources (TDR, SWAT,
Landsat) are compared for two dates close to the beginning and end of the
irrigation season, i.e., 17 March and 24 August 2016. Practically the irrigation
ended in September but there is no clear Landsat image available after 24 August
2016. It can be seen from the boxplots (Figs. 3.13 and 3.14) that the median
values of soil moisture from Landsat (RS), SWAT simulated soil moisture for the
top 30 cm (SM 30) and soil moisture measured by using TDR (TDR) are not in
the same range for Gerdau and Wipperau on 17 March 2016. However, median
and spread of soil moisture extracted from all the sources match relatively well for
August. In addition to it, the overall boxplots comparison is worse for March in
both the models.

Although the comparison of boxplots between the two catchments [Gerdau, Fig.
3.13 & Wipperau Fig. 3.14] revealed that the soil moisture distribution is better in
case of Wipperau as compared to Gerdau. It can also be seen that there are outliers
in the soil moisture simulated by SWAT for the upper 30 cm of the soil profile. Few
unexplainable values of soil moisture from SWAT(≥40% v/v) may be explained by
the complete filling of pore space in the first layer. Table 3.7 shows the correlation
between the soil moisture from TDR, RS and the SM 30. Soil moisture correlation
varies from 0.68 to 0.88, except at one point in Wipperau where the correlation
between TDR and SM 30 is only 0.54. As mentioned earlier, there is a scale gap
between the methods, so this single point evaluation is not expected to give very
high correlations, but results in Table 3.7 show a good overall correlation of the
three methods.

 

1 
 

 

 

 

Figure 3.13: Comparison of remotely sensed (RS), SWAT simulated (SM 30) and
observed (TDR) soil moisture on March, 17 and August, 24 in the Gerdau catchment.
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Figure 3.14: Comparison of remotely sensed (RS), SWAT simulated (SM 30) and
observed (TDR) soil moisture on March, 17 and August, 24 in the Wipperau
catchment.

Table 3.7: Soil moisture correlation matrix.

Gerdau Wipperau
Sources of TDR RS SM Sources of TDR RS SM
soil moisture 30 soil moisture 30
TDR 1.00 TDR 1.00
RS 0.87 1.00 RS 0.88 1.00
SM 30 0.78 0.82 1.00 SM 30 0.54 0.68 1.00

In addition to this, the temporal dynamics of soil moisture for Gerdau and
Wipperau is also evaluated. The boxplots in case of Wipperau [Fig. 3.15(a–c)] for
the six days of the irrigation season 2016, where clear Landsat images are
available, show that although edian and spread of the data from all the sources do
not match well with each other (on a particular day), still the overall temporal
dynamics of soil moisture is relatively consistent during the irrigation season. Soil
moisture difference maps are used to provide a better visual representation of the
overall spatial and temporal dynamics of soil moisture for specific combinations of
soils under agricultural landuse. Fig. 3.16 shows the major soils in the Wipperau
catchment which are considered for creating the absolute soil moisture difference
maps from Landsat and SWAT.
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(a) 

(c) 

(b) 

Figure 3.15: (a–c) Temporal dynamics of soil moisture in the Wipperau catchment
for the field sampling dated during the irrigation season 2016.

41



Chapter 3. Soil moisture evaluation

1 

1 

Figure 3.16: Soil moisture absolute error maps for Wipperau under major
agricultural soils in the area.

It can be assessed that the absolute difference in most of the spatial maps is low
(less than 10%, shown in green color). In addition to this, the range of absolute
difference in case of soil 198 for all the considered days (09 March, 2016, 12 May,
24 Aug, and 09 Sept 2016) is usually higher in all the cases (6–23%). Landsat
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fails to represent soil 198, which has higher field capacity equal to 0.40 mm/mm
(Wessolek, 2009), which was also confirmed by field investigations. However, soil
198 was not included into the calibration of regression models. The absolute soil
moisture difference map show very low difference (<3%) in the most of the maps
(SM24Aug 129) with relatively high difference in SM09Mar 161 and SM09Mar 165
maps. The soil moisture difference maps are also backed by the average spatial
statistics using Table 3.8. It can be evaluated from the table that the overall mean
absolute difference (4-15.69%) and standard deviation (1.74-4.06)is high in the 198
soil type. The mean absolute difference of sandy soils (161 and 165) are more
than that of sandy loam soil (128). In addition, it can also be seen that the mean
absolute difference is reducing from March to Sept, which confirms that the Landsat
extracted soil moisture can be better used as an indicator for irrigation planning and
management during dry periods.

Table 3.8: Spatial statistics for the Wipperau catchment

Sl. No. Date Soil type Mean absolute difference Standard deviation
1. 9-Mar-16 165 8.17 1.79
2. 9-Mar-16 449 6.87 1.76
3. 9-Mar-16 198 15.69 2.66
4. 9-Mar-16 129 3.33 1.64
5. 9-Mar-16 161 10.15 1.58
1. 12-May-16 165 1.38 1.47
2. 12-May-16 449 1.45 1.45
3. 12-May-16 198 18.79 4.06
4. 12-May-16 129 2.86 1.59
5. 12-May-16 161 2.08 1.40
1. 24-Aug-16 165 1.28 1.09
2. 24-Aug-16 449 0.91 0.78
3. 24-Aug-16 198 10.04 1.74
4. 24-Aug-16 129 0.81 0.72
5. 24-Aug-16 161 1.97 1.20
1. 9-Sep-16 165 1.17 1.11
2. 9-Sep-16 449 0.89 0.86
3. 9-Sep-16 198 7.45 1.86
4. 9-Sep-16 129 1.10 0.94
5. 9-Sep-16 161 1.77 1.23

3.3.5 Adjustment of SWAT soil parameters

Based on the absolute soil moisture difference maps shown in Fig. 3.16, it can be
concluded that the soil 161 shows a typical behavior, which can be explained by using
image SM24Aug 161. It can be seen from the figure that the absolute difference is
less in the lower section (south-western) as compared to the upper section (north-
eastern). The aforementioned pattern is common in all the cases with soil type
161, which prompted for refinement of the soil parameters. The original database of
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profiles of the soil map BÜK 200 provides alternative profiles for a single soil type,
along with the frequency of occurrence. Backed by field/lab investigations of the
grain size distribution on several locations, a sub-type of soil 161 (161 1; Table 3.9)
with new parameters from a less frequent profile is created. After re-simulating the
SWAT model, new spatial maps are drawn for all the four days considered for this
analysis. Fig. 3.17 shows the soil moisture absolute difference maps after adjusting
the model parameters. It can be seen from the modified difference maps that the
soil moisture absolute difference range is reduced in all the four days, which are
considered for creating difference maps.

Table 3.9: Physical properties of the sub-type (161 1) of 161 soil

Soil Soil texture (%) Hydraulic USLE K Available soil Bulk
depth sand/silt/clay conductivity water capacity density
(mm) (mm/h) (mmofsoil/mm (kg/m3)

ofwater)
0− 300 85/13/2 65.42 0.24 0.18 1.397
300-530 85/13/2 36.67 0.23 0.16 1.397
530-2000 94/5/1 75 0.20 0.10 1.640

1 

Figure 3.17: Absolute soil moisture error maps for Wipperau under new soil sub-type
for 161 (161 1) soil.

In addition to this, the overall absolute difference statistics have also reduced in
all the cases (Table 3.10). It is concluded from this analysis that Landsat plays
a significant role in improving the overall distribution and also reducing the mean
absolute soil moisture difference. Therefore, this may be noted as a considerable
advantage of Landsat data in hydrological modeling as it not only provides the
indirect soil moisture estimations but has an upper hand in improving the overall
spatial soil moisture patterns.
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Table 3.10: Spatial statistics for adjusted 161 soil in the Wipperau Catchment

Sl. No. Date Soil type Mean absolute tandard
difference Deviation

1. 9-Mar-16 161 1 6.00 (10.15) 3.41 (1.58)
2. 12-May-16 161 1 2.24 (2.08) 1.3 (1.4)
3. 24-Aug-16 161 1 1.09 (1.97) 0.87 (1.2)
4. 9-Sep-16 161 1 1.06 (1.77) 0.88 (1.23)

*Values in italics are the previous mean absolute error and standard deviation before
the soil adjustment.

3.4 Conclusions
The present study demonstrates the application of remote sensing and field data in
evaluating SWAT simulated soil moisture at the regional scale for two catchments
in Northern Germany. The calibrated and validated model was used to derive soil
moisture uncertainty bands under different soils and crops of the irrigation season
2016 by considering the uncertainty of soil related model parameters. The results
reveal that parameter uncertainty varies with different soils and different crops.
The results showed that parameter uncertainty almost frames the observed soil
moisture values. However, there is considerable uncertainty of the model structure,
which can be related to the simplified soil water equations of SWAT, using a
cascade of tipping buckets approach. In addition to this, there is also substantial
variability in the observed soil moisture data. Temperature, NDVI, and TVDI
were calculated from Landsat images, which were converted into soil moisture by
using several regression models. Regression models were trained by using the TDR
measurements and the one, whose median and overall data spread matched
relatively well with the TDR, was used for further analysis. The current study
reveals that soil moisture extracted from Landsat could be used as a good
indicator to evaluate the spatial and temporal dynamics of soil moisture extracted
from the hydrological model when field-based soil moisture data is not enough.
The field based soil moisture data is necessarily required to calibrate the spatial
maps obtained from the Landsat. For both aspects, only a few data are available
due to the lack of soil moisture monitoring stations and due to the need for a clear
sky for the remote sensing method. The spatial and temporal resolution of soil
moisture procured from three sources is not exactly comparable. In addition to
this, the soil moisture extracted from SWAT provides the average value of soil
moisture of the upper 30 cm of the soil profile, whereas TDR gives the average soil
moisture values from the upper ∼ 16 cm of the soil profile. However, Landsat
provides soil moisture of the top few centimeters of the soil profile only, without
knowing the precise depth, from which the image is influenced. Therefore, further
research could be done to improve the level of precision. This would involve
extended studies at the field scale, which is beyond the focus of the current study.
In the current research, the SWAT soil parameters were modified by investigating
a consistent behavior of spatial soil moisture patterns from Landsat images. The
modification was confirmed by a higher resolution soil map and by field
investigations. However, using the results of this analysis, the hydrological model
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can be rectified and applied with higher confidence in simulating soil moisture.
SWAT provides daily estimates of soil moisture at a finer resolution, which can be
used for continuous simulation and forecasting of soil moisture. Possible fields of
application are studies in planning and design of large scale irrigation systems and
irrigation control schemes, and investigations about the impact of climate change
on soil moisture and irrigation scheduling. However, further research is required to
study the behavior of SWAT in simulating crop processes. This research helped to
improve knowledge about large scale spatio-temporal dynamics of soil moisture at
finer resolution in a humid country. Arid or semi-arid countries have an advantage
of the clear sky throughout the year, and irrigation demand is there during the
entire growing season. As the spread and behavior of soil moisture is better
matching during the dry season from all the sources in this study from a humid
region, we expect that this method can be even better applied under semi-arid and
arid conditions. Additionally, the Landsat extracted soil moisture can also be used
for recalibrating the hydrological model with the aim of reducing the uncertainty
of simulated soil moisture. The findings of this study and the follow-up studies can
also be used for predicting and monitoring agricultural droughts in the catchments
around the globe. Future research will be done in comparing multiple hydrological
models and in simulating the effect of the quality of soil moisture simulation on
irrigation control. The latter brings uncertainty to water balance and water
management studies in agricultural catchments, which is much less investigated
compared to hydrological model parameter uncertainty.
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K., and Arumi, J. L. (2019). Simulation of regional irrigation requirement with
swat in different agro-climatic zones driven by observed climate and two reanalysis
datasets.Science of Total Environment,649:846–865.

Abstract
Irrigation water is one of the most substantial water uses worldwide. Thus, global
simulation studies about water availability and demand typically include irrigation.
Nowadays, the regional scale is of major interest for water resources 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) from
5.66-6.43%. The simulated irrigation is higher when irrigation is triggered 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 low availability of input data.
For that reason, the application of uncorrected and bias-corrected National
Centers for Environmental Prediction (NCEP) and ERA-interim (ERA) reanalysis
data were 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 the climate input data. Studies about irrigation requirement in
data-scarce areas must address this in particular when using reanalysis data.

Keywords: Irrigation water requirement; SWAT; Auto-irrigation; Agro-climates;
MODIS; Reanalysis data

4.1 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
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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.
Rabiee 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 cropland is irrigated and
the rest accounts for rainfed agriculture. The increase in irrigated agriculture is
majorly concentrated to developing countries as they are more affected by population
growth (Rockström and Falkenmark, 2000; Siebert et al., 2000; Scanlon et al., 2007;
Bruinsma, 2017).

Water demand and water availability are two main parameters for effective water
resources management and water scarcity is the main driver for water resources
planning and optimization. In order to overcome the probable future water stress
and to ensure food security, the irrigation water use efficiency must be optimized.
Crop water requirement is the fundamental input for regional planning and
policy-making for irrigated agriculture (Santhi et al., 2005). Besides meteorological
variables, crop water requirement also depends on soil physical properties 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 hydrological processes
taking into consideration the spatio-temporal distribution of water in different
compartments (Zuo et al., 2015). Irrigation requirement is mostly simulated at
field scale for operational purpose to optimize 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 Kite, 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 optimizing 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.,
1989b; Meinardus et al., 2001). With the advanced application of remote sensing
techniques, SEBAL [Surface Energy Balance Algorithm 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 including horizontal flows of water. Examples with application in
irrigated catchments are SLURP (Semi-distributed, Land-Use-based, Runoff
Processes, (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 et al.,
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 different models (hydrology + plant growth; Groundwater + plant
growth). Jiang et al. 2015 used SWAP-EPIC for assessing the performance of
irrigation and water productivity in the irrigated areas of middle Heihe River,

48

http://www.fao.org/nr/water/aquastat
http://www.fao.org/nr/water/aquastat


Chapter 4. Simulation of irrigation water demand

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.,
2009; Zhang et al., 2009; Rafiei Emam et al., 2017). Remote sensing can provide
satisfactory estimates of irrigated areas and also crop water indicators by
capturing the phenological development of crops through multi-temporal image
classification (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 specific MODIS ET product was 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 to the 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 agricultural catchments. Essou et al. (2017)
compared different climate datasets to perform lumped hydrological modelling over
42 catchments in the United States and later on, evaluated the impacts of
combining reanalysis and weather data to check the accuracy in discharge
simulation over 460 Canadian watersheds (Essou et al., 2017). Wisser et al. (2008)
used NECP data to simulate the global irrigation water demand and confirmed
that the weather-driven variability in global irrigation was less than 10% but it
could be much higher at the national scale (±70%). Since some reanalysis data
provide time series of more than 30 years, therefore they have been increasingly
used in studying climate trends (Poveda et al., 2006; Wang et al., 2006;
Stammerjohn et al., 2008).

The application of SWAT has gained momentum during last the 10-15 years for
modelling agricultural catchments (Griensven et al., 2012). Santhi et al. (2005)
improved the capabilities of SWAT by introducing a canal irrigation component into
the model for the effective regional planning of an irrigated agricultural catchment
in the 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
Reguero watershed in Spain. Panagopoulos et al. (2014) evaluated the economic
effectiveness of different best management practices for reducing the irrigation water
abstraction in the Pinios, Greece. Maier and Dietrich (2016) compared different
irrigation strategies, where different methods of auto-irrigation implemented into
SWAT showed considerably 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 found deficiencies,which may have an impact on the accuracy
of simulated plant water uptake. Chen et al. (2018) proposed an improved auto-
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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).

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 SWAT models
in different agro-climatic zones of the world (Chile-Mediterranean;
Germany-Humid; India-Sub tropical and Vietnam-Tropical) for simulating
irrigation water requirement; (ii) to compare plant water requirement using
MODIS 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.

4.2 Study Area and Data
The study area consists of four different agricultural catchments located in different
agro-climatic conditions (Fig. 4.1). The selection of the four catchments was based
on different climatic conditions, spatial location, type of crop grown, size and type of
catchment area (mainly agricultural catchments of meso-scale) and data availability.
The salient information about these catchments, the data used, irrigation techniques
used and the sources of irrigation water are summarized in Table 4.1. A brief
description of the four catchments is provided 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. 4.1).
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 a
subtropical 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 irrigation.

50



Chapter 4. Simulation of irrigation water demand

(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. 4.1). The average annual rainfall is around 720 mm, which
is temporally distributed 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). 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).

Figure 4.1: Location of different catchments around the world with major Köppen-
Geiger climatic classification (modified from Peel et al. 2007).

(3) The Itata catchment in the Nuble 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. 4.1). Average
annual rainfall of the study area is around 1420 mm, of which more than 80%
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 comprise of mountain alluvium (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
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catchment are surface, canal and pressurized irrigation systems and a few center
pivots.

(4) The Thubon River originates from the Truong Son mountain range, which is
at an altitude of greater than 2000 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 (Fig. 4.1). The catchment has an average annual rainfall of more than
2000 mm/year. The average maximum temperature is around 26-27 °C in June and
July, while the 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) selected for
the study is comprised of 85.38% forest cover followed by 8% agricultural land cover,
which is mostly rice grown under rainfed agriculture (Nay-Htoon et al., 2013).

Table 4.1: General information of the catchments

Sl. Study area Area Mean Investigation % Agri. Source of Mode/ Dominati
No. and Köppen (km2 ) avg. period irrigation irrigation -ng crops

-Geiger rainfall water technique
climatic zones

1. Baitarani-
India (Aw-
Tropical 1776 1340 1998-2010 42 Canals Canals Rice,
dry Surface pulses, oil,
summer) irrigation seeds
Subtropical
-monsoon

2. Ilmenau-
Germany
(Dfb-Cold 1478 720 1979-2010 55 Ground Sprinkler Wheat,
warm -water Pressurized potato,
summer) irrigation corn,
Humid sugarbeet

3. Itata-Chile
(Cfa-
Temperate 4529 1420 1979-2010 66 Canals Canals Fruit,
hot drip, plantation,
summer) sprinkler, alfalfa,
Mediterranean Pressurized, oats

surface
irrigation

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

The selected catchments show huge variability in terms of temporal rainfall
distribution ranging from Germany, in which rainfall is distributed throughout the
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year, to India, which has a clear monsoon season, along with the variation in
annual average rainfall amount ranging from 760 mm (Germany) to more than
2000 mm (Vietnam). Therefore, it is worth to explore the performance of the
agro-hydrological model (SWAT) for simulating streamflow, evapotranspiration,
and irrigation water demand under the aforementioned diverse agro-climatic
conditions (Table 4.1).

Reanalysis Data
To assess and manage the water resources available within a river basin, good
estimates of hydro-meteorological data, such as precipitation, temperature, and
streamflow, are required (López et al., 2017). However, many river basins around
the world still have a limited number 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, 2014; 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 the 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.

Evapotranspiration Data
Evapotranspiration acts as a vital link between climate, hydrology, and ecology
(Gharbia et al., 2018). Long-term direct ground measurements of ET are typically
not available and therefore, it is mostly calculated 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 the catchment scale
(Cuenca et al., 2013; Steele et al., 2015; Tang et al., 2009). Moderate Resolution
Imaging Spectroradiometer (MODIS) provides 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.

4.3 Methodology

4.3.1 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 SWAT models in this study were developed by using the same
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model equations and comparable input weather data, crops, etc., for each of the
four catchments. This was done to bring the models into a comparable level so
that the model’s application 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 the
hydrological response unit (HRU) level. An HRU is the unique combination of soil,
land use and slope within a sub-basin.

4.3.2 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 the model 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 harvesting.
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 irrigation and fertilizer application in the model. Crops grow
if the accumulated 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 the district or regional level was incorporated into
the models. Different crop types were randomly distributed in the agricultural areas
of the respective basins using their respective percentage of the total agricultural
area determined by GIS overlay analysis. However, in the case of Baitarani River
basin the state crop statistics were 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 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 ‘harvest only’ function. The ‘harvest and kill’ function harvests the
plant biomass and kills the crop upon harvest. Whereas the other function only
harvests the crop, but allows the plant to continue growing. One crop is grown in
the model in a year. However, in the 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 rangeland are modelled as perennial plants in the catchment.

4.3.3 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
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runoff ratio (IRR ASQ) and irrigation efficiency (IRR EFF: the amount of water
which is completely lost from the system). 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
efficiency 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 with surface water 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 groundwater withdrawal is only 1.7%, which is mainly used for
supplying 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
irrigation water.

4.3.4 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 plant water stress, then the water stress threshold is a fraction of
potential plant growth. Plant water stress is simulated in SWAT by a comparison
of actual and potential plant transpiration:

wstr = 1− Et,act

Et

= 1− wactualup

Et

(4.1)

Where wstr is the water stress, Et is the maximum plant 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.

When water 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 capacity) – 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, the
model will add water 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 SWAT models, automatic irrigation was scheduled by using plant
water stress.
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All the developed models were calibrated using streamflow observed 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 the manual as well as
automatic techniques along with local expert knowledge about the four
catchments. Nash Sutcliffe Efficiency (NSE > 0.5) and percentage bias (PBIAS <
10%) were used as objective functions to calibrate the developed models.

In addition, the SWAT simulated ET was compared with ET extracted from MODIS
for all the four catchments on monthly basis and for all agricultural HRUs during
2000 - 2010. In order to compare the overall spatial and temporal variation in SWAT
simulated ET with MODIS, ET bands were created from the minimum, maximum
and average values of ET for a particular month from the agricultural HRUs.

4.3.5 Irrigation Scheduling Scenarios

For the scenario simulations, two different irrigation scenarios (optimal and deficit
irrigation) were used for scheduling irrigation for both plant water stress and soil
water deficit with different thresholds. For soil water deficit scheduling, the optimal
scenario irrigates when the moisture 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.

4.3.6 Application of Climate Reanalysis Data in Simulating
Streamflow and Irrigation

Climate reanalysis simulations aim at providing climate data for unobserved or
insufficiently monitored regions of the world. However, 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, temperature (minimum and maximum) and solar radiation
were bias-corrected by using quantile mapping (Piani et al., 2010a,b; 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 mapping was
conducted using the R statistical tool package ‘qmap’. This program first estimates
the empirical cumulative distribution function of the observed and reanalysis data
for 10 quantiles and derives a transformation function for each quantile. Later on,
the quantiles of the original reanalysis dataset are transformed into the quantiles of
the bias-corrected dataset. For the values that are outside 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 correction for daily weather variables was selected
due to the significant difference in the seasonal rainfall patterns. The observed
data were replaced with the reanalysis dataset in the developed models to evaluate
their performance, assuming that the model calibration with observed data is valid
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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.

4.4 Results and Discussion

4.4.1 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 Figs. 4.2(a-d) for the respective calibration periods. It can be seen that
the calibrated models replicate the range of values of streamflow hydrographs
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 4.4.5.
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Figure 4.2: (a,b) Streamflow hydrographs for the (a) Baitarani and (b) Ilmenau
catchments during their respective calibration periods.

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 the model (Kim and Lee, 2010). Furthermore, the available weather stations

57



Chapter 4. Simulation of irrigation water demand

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 4.2), which
indicates a good to very good model performance according to (Moriasi et al., 2007).
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Figure 4.2: (c,d) Streamflow hydrographs for the (c) Itata and (b) Vietnam
catchments during their respective calibration periods.

Table 4.2: Model evaluation statistics

Catchment Period
Statistical Indicator

R2 NSE PBIAS KGE

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) 0.67 0.64 2.08 0.81
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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In addition to it, Table 4.2 also shows the performance of SWAT models for other
criteria of fit as well as the performance of the model during the validation period. It
shows a comparable level of performance as shown in the calibration period except
in case of Baitarani River basin. This is due to the poor rainfall data during the
validation period (2007).

Fig. 4.3 shows the boxplots for monthly rainfall (mm), average monthly simulated
streamflow (mm) and areal average actual evapotranspiration (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 streamflow are relatively close for Baitarani, 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 catchments. A nonlinear relation
between rainfall and streamflow is seen in the tropical mountainous catchment of
Thubon. The overall water yield is high in this catchment as compared to the
others. Monthly streamflow also shows a clear difference between a wet tropical
catchment (Thubon) and a subtropical catchment (Baitarani), 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 Baitarani and Ilmenau catchments are more than that of the Itata and
Thubon catchments. The widespread 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 Thubon with a bigger step in Baitarani catchment. However, the overall
spread and monthly average ET for Thubon is expected to be higher but SWAT
has been reported to underestimate ET of tropical evergreen forests systematically
(Plesca et al., 2012; Alemayehu et al., 2017).

4.4.2 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 Figs. 4.4(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 falls inside the simulated ET band from SWAT. However, SWAT simulates
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. Statistical results showed that the percentage
deviation in mean monthly ET estimated for SWAT and MODIS has different
behavior for different catchments. This might be due to the difference in
topography and climatic conditions of the respective catchments. It can be seen
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Figure 4.3: Main water balance components of all the catchments.

from Fig. 4.4(b) that for the Ilmenau catchment, the overall spread of the
estimated and simulated ET matched well as compared to the other catchments.
This can be attributed to the good water balance simulated by SWAT in this basin
because it was calibrated by using three more intermediate stations apart from the
outlet. The data quality and quantity play a crucial role in this context.

Fig. 4.4 (a) 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 same period. 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. 4.4 (c) that the overall variation in ET simulated by
SWAT and MODIS is high in the Itata catchment during April-October. This is
explained by the inclusion of agro-forest under agricultural land. This is confirmed
by evaluating the Google earth imagery with the agricultural area of the Itata
catchment. In addition to this, during this period Chile experiences winter and
growing crops are not generally favored in this tenure.

In Thubon catchment [Fig. 4.4(d)], the overall spread and mean values of estimated
ET from MODIS are larger than that of the simulated ET in SWAT. Two plausible
reasons for this result are: a) SWAT underestimates actual ET from the highly
saturated agricultural surface by limiting 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) the parameters for the crop varieties
could not be calibrated for the local conditions. Hai (2003) confirmed that Vietnam
uses hybrid rice varieties (high yielding varieties), which consume more water and
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Figure 4.4: (a,b) Spatio-temporal variation of actual evapotranspiration in (a)
Baitarani; (b) Ilmenau from 2000 to 2010 at monthly time step.

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 meteorological data
used in the estimation of MODIS ET is non-linearly interpolated as it was too coarse
for one MODIS pixel (Mu et al., 2013). The aforementioned interpolation is assumed
to improve the ET calculations, however, there is also some uncertainty at the local
scale.

The crop yield was not used to calibrate the models in this study, because local data
were not available. For evaluating the plausibility of the obtained yield, Table 4.3
shows 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 application), 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
uncertainty as they are in similar ranges as other studies have shown, e.g. Abbaspour
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Figure 4.4: (c,d) Spatio-temporal variation of actual evapotranspiration in (c) Itata
and (d) Thubon from 2000 to 2010 at monthly time step.

et al. (2015).

4.4.3 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 irrigation water
requirement for major crops grown in the different catchments. Fig. 4.5 shows the
average annual irrigation demand of cotton, sunflower and rice in the Baitarani
River basin for the 2000-2010 period. 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).
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Table 4.3: Comparison of crop yield

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

1. Baitarni Rice 2-2.4 1.1-2.51

Potato 6.4-7.3 7.7-8.52

2. Ilmenau Sugarbeet 8.1-11.1 9.8-11.22

Winter Wheat 3.1-3.2 5.7-6.92

3. Itata Oats 4.1-4.3 2.7-5.3∗

Winter Wheat 2.5-6.6 2.1-6.9∗

Potato 2-2.4 1.1-2.51

4. Thubon Rice 1.6-5.4 53

*Average crop statistics of the whole country, Chile (FAO) 1980-2010; 1: Technical
rice report of Odisha 1980-2010 and Keonjhar 2005; 2: Niedersächsisches Landesamt
für Statistik 1990-2000, 3:Firoz et al. 2018.

Irrigation Demand in Baitarani (2000-2010) 

*S1: model irrigates when moisture content in the soil falls below FC – 0.5 × FC in
mm, S2: model irrigates when soil moisture falls below FC – 0.65 × FC in mm,
S3: model irrigates when plant water stress threshold values is 0.9, and S4: model
irrigates when plant water stress threshold values is 0.8.

Figure 4.5: Spatio-temporal variation of simulated annual Irrigation in Baitarani
under different irrigation scenarios from 2000 to 2010.

The annual average water requirements under soil-water deficit scenarios are in
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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 during winter season. However,
if it is grown in non-rainy seasons then around 500-1000 mm irrigation water is
required depending on the soil type. The crop (sunflower) is growing in summer
season in the developed model. Therefore, the irrigation water simulated by SWAT
is justified (100-700 mm). The change in overall yield has also been analyzed under
the four irrigation scenarios, which was found to be less than 10% 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.

(1980-2010)

*S1: model irrigates when moisture content in the soil falls below FC – 0.5 × FC in
mm, S2: model irrigates when soil moisture falls below FC – 0.65 × FC in mm,
S3: model irrigates when plant water stress threshold values is 0.9, and S4: model
irrigates when plant water stress threshold values is 0.8.

Figure 4.6: Spatio-temporal variation of simulated annual Irrigation in Ilmenau
under different irrigation scenarios from 1980 to 2010.

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.
4.6 that the annual average irrigation water requirement simulated by the model
under-considered management scenarios is less than 100 mm. In addition to it,
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under different water application scenarios, the amount of irrigation simulated by
the model under optimal scenario is 2 to 1.5 times more than the deficit scenario
in case of corn, sugar beet and winter wheat. Under S3 and S4 scenarios, the net
reduction in the crop yield (corn, potato, sugar beet and winter 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. 4.7 shows the annual average irrigation applied in the Itata catchment for
alfalfa, oats and winter wheat during 1980 to 2010. There is very few literature
available to validate the amount of irrigation simulated 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 applied 225-
880 mm of irrigation in four steps. Due to the scarcity of literature 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.

Alfalfa 

*S1: model irrigates when moisture content in the soil falls below FC – 0.5 × FC in
mm, S2: model irrigates when soil moisture falls below FC – 0.65 × FC in mm,
S3: model irrigates when plant water stress threshold values is 0.9, and S4: model
irrigates when plant water stress threshold values is 0.8.

Figure 4.7: Spatio-temporal variation of simulated annual Irrigation in Itata under
different irrigation scenarios from 1980 to 2010.
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The average annual irrigation in Vietnam is around 400 mm but supplemental
irrigation can vary from 80-400 mm (Shrestha et al., 2016), which is within the
annual irrigation range simulated by SWAT during 1981-2010 (Fig. 4.8). The
difference in the annual average crop yield is less than 5% under soil water deficit
and plant water scenarios. The average simulated 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)].

 

 

 

 

*S1: model irrigates when moisture content in the soil falls below FC – 0.5 × FC in
mm, S2: model irrigates when soil moisture falls below FC – 0.65 × FC in mm,
S3: model irrigates when plant water stress threshold values is 0.9, and S4: model
irrigates when plant water stress threshold values is 0.8.

Figure 4.8: Spatio-temporal variation of simulated annual Irrigation in Thubon
under different irrigation scenarios from 1980 to 2010.
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This low rice yield could be attributed to some really small HRU’s which are not
well simulated by the model or different high yielding rice varieties currently used
in the country whose plant parameters are entirely different from the one (generic
rice) used in SWAT (Hai, 2003; Thi Ut and Kajisa, 2006).

4.4.4 Correction of Reanalysis Data

The climate reanalysis data (rainfall, maximum, minimum temperature, and solar
radiation) has been corrected using quantile mapping as mentioned in section
4.3.6. 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-term precipitation data for one selected station in all the four catchments
(Searcy et al., 1960). Fig. 4.9 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
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. 4.9 that uncorrected rainfall
show different response from NCEP and ERA compared to the observed rainfall in
a catchment. This is due to the different spatial resolution as well as the different
atmospheric, ocean and land surface models used to estimate the climate variables
of the two reanalysis 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 catchments.

The overall behavior of observed rainfall after the bias correction is reproduced well
[Fig. 4.9]. 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 addition to it, the correction gave a relatively good
result describing the seasonal or monthly patterns of the rainfall dataset. This can
be seen in almost all the cases depicted in Fig. 4.9. 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 assessment of the bias-corrected ERA
and NCEP datasets is also performed (Table 4.4). It can be seen from the statistics
that the PBIAS and mean absolute error (MAE) has improved in case of bias-
corrected data. In addition 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, which might influence the final result of the developed SWAT models.
Thus, more investigation should be taken into account while analyzing the final
model simulation using the reanalysis datasets. In addition to this, it can be seen
from Table 4.4 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.

4.4.5 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. 4.9(a-d)] as well as
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*ERA: Raw ERA-interim data, ERA BC: Bias-corrected ERA-interim, NCEP: Raw
NCEP data, and NCEP BC: Bias-corrected NCEP data.

Figure 4.9: Double mass curve of long-term rainfall data for (a) Baitarani, (b)
Ilmenau, (c) Itata, (d) Thubon.

Table 4.4: Statistical evaluation of daily reanalysis rainfall

Sl. No. Catchment Statistical indicators NCEP NCEP BC ERA ERA BC
(1980-2010)

1. *Baitarani PBIAS (%) -27.28 5.66 -9.44 -1.85
MAE (daiy, mm) 5.23 4.86 4.7 5

2. Ilmenau PBIAS (%) -42.44 -6.43 -1.32 -1.8
MAE (daiy, mm) 2.25 1.97 1.4 1.47

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

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

*Analysis for Baitarani River basin has been carried out from 1998-2010
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model evaluation statistics (Table 4.5). In this research, 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 assessment
conducted on daily time step that the streamflow simulated by using
bias-corrected data is usually better when compared to the observed streamflow
than the streamflow simulated using uncorrected data (Table 4.5). It can be seen
from Table 4.5 that the streamflow simulated 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 acceptable to satisfactory
values in Baitarani, Ilmenau and Itata catchments. Therefore, it can be inferred
from the results that the uncorrected reanalysis data is highly uncertain to
streamflow simulation in all the catchments of this study. However, it can be
concluded that bias correction allows a good performance of the hydrological
model driven by reanalysis 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.

Table 4.5: Statistical evaluation for checking the application of reanalysis datasets
for simulating streamflow

Sl. No. Catchment Statistical indicators NCEP NCEP BC ERA ERA BC
(1984-2000)

1. *Baitarani PBIAS (%) -30.28 24.88 -31.89 -8.61
KGE 0.37 0.3 0.53 0.46
R2 50.22 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 0.7 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

*(asterisk) streamflow simulation during 1999-2005.
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*NCEP: streamflow simulated using Raw NCEP data, ERA: streamflow simulated
using Raw ERA-interim data, NCEP BC: streamflow simulated using Bias-corrected
NCEP data, and ERA BC: streamflow simulated using Bias-corrected ERA-interim
data.

Figure 4.9: (a-d) Flow duration curves for the calibration period in (a) Baitarani,
(b) Ilmenau, (c) Itata, and (d) Thubon catchments.
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Apart from evaluating the performance of reanalysis datasets in simulating
streamflow in the four catchments, the annual average evapotranspiration and
irrigation are also evaluated. As observed irrigation values were not available for
all the catchments, the simulated irrigation using observed climate data is
compared with the corresponding simulated 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. 4.10(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 4.6.

Table 4.6: Percentage deviation in simulated irrigation under reanalysis weather and
observed weather

Sl. No. Catchment Statistical indicators NCEP NCEP BC ERA ERA BC

1. Baitarani Percent -27.51 -27.8 6.26 -20.63
2. Ilmenau Deviation -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

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 irrigation water demand can be as high as ±70% at the 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 variables in
different catchments. As shown in Fig. 4.10, 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 simulated 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 deviation: -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 variability 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 the model gave acceptable
results as shown in Fig. 4.10 indicated by ERA BC* (percent deviation = -7.02%).
Additionally, the double mass curves of areal average 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
investigating and correcting the bias in temperature and solar radiation as they
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also play a role in simulation of irrigation water requirement as much as rainfall
variability. It can be seen from Fig. 4.10 that the simulated ET is directly related
to the overestimation and underestimation of rainfall by reanalysis data compared
to the observed rainfall.

Table 4.7 summarizes the findings from the double mass curves of observed areal
average rainfall, maximum temperature, and solar radiation during the plant
growth period (Fig. 4.9) in order to check the plausibility of the simulated
irrigation. The qualitative behavior of the aforementioned climate variables was
compared in response to the simulated actual evapotranspiration and irrigation.
For rainfall, maximum temperature and solar radiation table show if the variable
from reanalysis 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 driven with the
reanalysis data. The last column of the table indicates the agreement of the
simulated irrigation with the expected response. The expectation is based on the
climatic feedback mechanisms with the three other variables: overestimation of
rainfall can lead to higher ET, because more water is available for actual
evapotranspiration, and lower irrigation requirement, as there is more soil water
available. 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 an impact on ET.

The overall response of the simulated irrigation under different cases is also analyzed
using plant and soil water stress. The areal average plant water stress for irrigated
crops grown in the respective catchment area is shown in Table 4.8. 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 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 addition to
this, the behavior of simulated irrigation using corrected and uncorrected reanalysis
in case of Thubon can be easily justified by the water stress days in addition to
the rainfall, temperature and solar radiation. As the water stress days in case
of bias-corrected reanalysis data is more, therefore the model applies more water,
which brings the simulated values closer to the simulated irrigation under observed
weather data. In addition to this, the number of water stress days when irrigation is
scheduled by the soil water deficit is shown in Table 4.9. 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.
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Table 4.7: Plausibility check of simulated irrigation under reanalysis climate
compared to the simulated irrigation using observed data

Catchment Data Rainfall Max. Solar ET Sim. Agreement
Temperature Radiation Irrigation

NCEP ↑ ∼= ↑ ∼= ∼= As Expected
Baitarani NCEP BC ↓ ∼= ∼= ∼= ↑ As Expected

ERA ↑ ↓ ↑ ↓ ↑ Not Expected
ERA BC ∼= ∼= ∼= ∼= ↑ Not Expected

NCEP ↑ ∼= ↑ ↑ ∼= As Expected
Ilmenau NCEP BC ↓ ∼= ∼= ∼= ∼= As Expected

ERA ↓ ∼= ∼= ↑ ∼= As Expected
ERA BC ↓ ∼= ∼= ∼= ∼= As Expected

NCEP ∼= ∼= ↑ ↑ ↑ Not Expected
Itata NCEP BC ∼= ↓ ↑ ↓ ↓ As Expected

ERA ↓ ↓ ↑ ↓ ∼= As Expected
ERA BC ∼= ∼= ↑ ↑ ↓ Not Expected

NCEP ↑ ↓ ↓ ↑ ↓ As Expected
Thubon NCEP BC ↑ ∼= ∼= ↑ ↓ As Expected

ERA ↑ ↓ ↓ ↑ ↓ As Expected
ERA BC ↑ ↓ ∼= ↑ ↓ As Expected

4.4.6 Optimization of available water resources

Table 4.10 shows the percentage change in the annual average irrigation and yield
during deficit irrigation (Scenario: S2) compared to the optimal scenario (Scenario:
S1) for all catchments. Only soil water deficit 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 irrigation,
whereas the overall reduction in average crop yield varies from 0-3.3%. 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 irrigation 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 future water scarcity.
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Table 4.8: Annual average water stress days for irrigated crops under plant water
stress

Sl. No. Catchment Observed NCEP NCEP BC ERA ERA BC
climate

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 4.9: Annual average water stress days for irrigated crops under soil water
deficit

Sl. No. Catchment Observed NCEP NCEP BC ERA ERA BC
climate

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

Table 4.10: Change in annual average irrigation and yield during deficit irrigation
compared to optimal irrigation

Catchment % Change Observed NCEP NCEP BC ERA ERA BC
climate

Irrigation -37.44 -31.82 -32.7 -33.72 -33.68
Baitarani Yield -0.06 -1.63 -0.99 -0.48 -1.71

Irrigation -43.33 -37.35 -38.5 -39.92 -40.96
Ilmenau Yield -1.22 -1.68 -2.35 -1.69 -1.95

Irrigation -30.22 -29.65 -31.47 -40.6 -36.63
Itata Yield -0.75 -1.86 -1.65 -2.27 -2.18

Irrigation -40.36 -48.39 -42.34 -42.25 -42.24
Thubon Yield -3.33 -0.83 -1.82 -2.77 0

4.5 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
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automatic irrigation provided plausible results for soil water scheduling in all the
catchments with optimal and deficit strategies even if there was no comparison
with observed values on that scale. There are indications that irrigation shows
systematic overestimation though as reported by other authors before. Plant water
stress scheduling shows a significant underestimation of irrigation water
requirement in all catchments. The relatively low irrigation values in case of the
plant water stress method might be explained by possible errors associated with
plant water stress algorithms 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 uncorrected 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
irrigation 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 variability plays an important role in the simulation of
irrigation in agricultural catchments. 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 the meteorological 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 resources management. 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 bias when evaluated on
smaller scales. In the light of climate change and higher water demand for food
production, more attention should be paid on to the simulated irrigation amount
at the regional and global scale. Upscaling a regional model, driven by corrected
global reanalysis data, might provide a more accurate estimation of irrigation water
requirement than the global models due to their over-simplification. Therefore,
further research is needed in this direction for improving the global and regional
water management.
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Model improvement and verification

This chapter is an edited version of: Uniyal, B. and Dietrich, J. (2019b). Modifying
automatic irrigation in swat for plant water stress scheduling.Agricultural Water
Management, 223(105714):1–12.

Abstract

Automatic irrigation in the Soil and Water Assessment Tool (SWAT) is triggered by
using plant water stress and soil water deficit irrigation scheduling. Auto-irrigation
is important to simulate the catchment’s behavior in response to climate change
and water management scenarios. However, studies have identified deficiencies in
the auto-irrigation algorithms in SWAT as the irrigation water amount simulated
under plant water stress scheduling shows a large deviation from the simulated
irrigation water amount under soil water deficit scheduling. Therefore, the current
research deals with validating and modifying the auto-irrigation scheduling under
plant water stress condition using SWAT. The modified SWAT model was evaluated
against the Soil-Water-Atmosphere-Plant (SWAP) model as well as observed data
for irrigation and crop yield at an experimental field (Hamerstorf, Lower Saxony,
Germany) during the 2008-2018 cropping seasons. The two SWAT subroutines .swu
and .autoirr were modified. The existing root density distribution function was
replaced with the one proposed by Li et al. (1998) and also a dynamic estimation
of the plant water uptake compensation factor (EPCO) was incorporated into the
modified SWAT. The results revealed that SWAP and modified SWAT were able
to simulate the irrigation amount and crop yield with an acceptable bias for all the
crops at the experimental site. However, the overall spread of crop yield simulated
(11 years) by both the models were less compared to the observed spread for most
of the crops. Furthermore, the modified SWAT code was used to simulate the
irrigation amount for three different agro-climatic catchments in Germany, India,
and Vietnam. Results showed improved irrigation simulation in terms of long-term
annual amounts compared to the default SWAT under plant water stress condition.

Keywords: Root water uptake; Irrigation; Auto-irrigation; SWAT; SWAP

5.1 Introduction
Plant water uptake plays the main role in water transfer in the soil, plant and
atmosphere continuum (Feddes et al., 2001). It is estimated that 65% of the
precipitation is returned to the atmosphere via evapotranspiration (ET), which
depends on plant water uptake (Oki and Kanae, 2006). Water availability
enhances the plant water uptake processes in irrigated agricultural fields. Irrigated
agriculture provides an enormous contribution to global food supply and security
by producing approximately 40% of food and agricultural commodities on only
20% of the agricultural area (Kadiresan and Khanal, 2018). Hence, the quality of
simulations in agricultural water management depends on a good implementation
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of root water uptake (Albasha et al., 2015). Water availability and water demand
are two important aspects of sustainable water resources management. The
increase in water scarcity due to the overuse of limited water resources is a real
threat to sustainable water resources development in many parts of the world.
Irrigated agriculture is the most relevant consumer of water worldwide. Population
growth and climate change will most probably lead to further increasing irrigation
water demand (Elliott et al., 2014).

As water is a highly managed commodity in irrigation systems, therefore improving
the simulation of root water uptake (RWU) in agro-hydrological models will foster
improvements in resource utilization at global, regional and field scales. Research
on RWU has resulted in the development of models that vary from conceptual to
highly complex physically-based models. Feddes (1982) described one-dimensional
water flow in a heterogeneous soil-root system, in which the sink term was integrated
over the plant’s rooting depth. This model was later improved by Peters (2016),
who extended its application to limited aeration and under low water potential
conditions. Jarvis (1989) described root water uptake as a function of potential ET
and a weighted stress index, which depends on vertical root distribution and water
content in the soil. Li et al. (1999) developed an exponential root water extraction
function to account for non-uniform root distribution in the soil profile and this was
implemented into the Soil-Water-Plant-Atmosphere (SWAP) model.

Jarvis (2011) developed a parsimonious physically-based uptake compensation
model that requires fewer parameters than the other empirical approaches. Peters
(2016) introduced a constraint to compensate for too high transpiration rates in
the empirical model developed by Jarvis (2011). Even though the number of
parameters used in the aforementioned models is low, their correct estimation is
important for simulating root water uptake. de Willigen et al. (2012) evaluated
root water uptake from three soil water flow models of different complexity and
revealed that soil physical and root physiological factors are important for root
water uptake modeling. Ojha et al. (2009) examined the performance of different
root-water extraction models using available data as well as data generated under
controlled conditions. The result stresses that the nonlinear parameters in the
model can define the nonlinearity in plant water uptake. De Jong van Lier et al.
(De Jong van Lier et al.) developed a physically-based root water uptake model
containing a compensation mechanism based on the matric flux potential (M) and
different root parameters. The proposed reduction function was built into the
SWAP model, and predictions were compared to the Feddes model. Results
revealed that the developed function can simulate the compensated root water
uptake without increasing the number of input parameters or degrading model
performance.

Even though RWU is a very small component of the water cycle but it affects one of
the most important losses occurring in the system (evapotranspiration, ET) and this
makes it sensitive towards the water cycle. In addition, this is a highly complicated
and heterogeneous process occurring inside the soil. Macroscopic empirical RWU
models are often used in hydrological studies to predict water dynamics through
the soil-plant-atmosphere continuum. They have an edge over the other models as
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they do not require complete insight into the physical processes of root water uptake
thereby eliminating the need for parameters that are difficult to obtain (Ojha et al.,
2009). It can be assessed from the literature that RWU in macroscopic models is
highly dependent on root density distribution (Albasha et al., 2015) in addition to
the soil physical parameters. Daisy (Hansen et al., 2012) and DSSAT (Jones et al.,
2003) models use the exponential RWU model for simulating the root water uptake
but the model parameters, as well as their equations, are different for different models
(Li et al., 2001). SWAP is a one-dimensional, physically-based model, which is used
for simulating water, heat and solute transport in saturated and unsaturated zones.
It has separate modules for irrigation management and crop growth (WOFOST
model, Van Diepen et al., 1989). SWAP provides the user with an option of choosing
either linear or physically based root water uptake models (Kroes et al., 2009). In
this study, water transport, irrigation management, and crop growth modules of
SWAP were used. SWAT (Soil and Water Assessment Tool) uses exponential root
water uptake model defined in the EPIC documentation (Sharpley and Williams,
1990; Neitsch et al., 2011) in which root density distribution is a bit simpler as
compared to the one discussed by (Li et al., 1999) and (De Jong van Lier et al.,
2008).

SWAT has become a popular agro-hydrological model amongst researchers and
planners dealing with the simulation of hydrology, agricultural water management
and nutrient loads of agricultural watersheds around the world (Neitsch et al.,
2011). SWAT provides options for the implementation of scheduled irrigation and
auto-irrigation. The latter can be triggered by soil water deficit or by plant water
stress. Auto-irrigation is commonly used due to the lack of scheduling data, and it
is recommended for the implementation of dynamic irrigation under climate
variability or change. Even though SWAT is a widely used model it still has some
shortcomings. It has been continuously modified by researchers in the last decades.
In this study, the authors focus on the subroutine, which triggers irrigation under
plant water stress for automatic irrigation scheduling. There are very few studies
that have explored the plant water stress subroutine in SWAT for simulating
irrigation water demand for different crops under varying agro-climatic conditions,
even though the improvement of the irrigation routines gained more attention in
the last years.

Santhi et al. (2005) developed a canal irrigation component in SWAT and
validated it for regional planning of an agricultural catchment in Lower Rio
Grande Valley, Texas. Dechmi et al. (2012) modified SWAT to correctly simulate
the hydrological process in an intensively irrigated catchment located in Spain.
Panagopoulos et al. (2014) assessed the cost-effectiveness of different irrigation
water management practices in a water-scarce agricultural catchment in Pinios,
Greece. Githui et al. (2016) tested different irrigation inputs in SWAT and
evaluated them against the observed and simulated flow and ET in an irrigated
catchment in Australia. Wei et al. (2018) modified seepage simulation from
earthen irrigation systems to improve the simulation of management practices and
hydrological processes mainly in-stream flows in an intensively managed
agricultural watershed in Colorado, United States. McInerney et al. (2018)
evaluated the response of different spatio-temporal irrigation inputs in simulating
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streamflow, ET and potential recharge. Marek et al. (2017) used SWAT for
simulating the crop yields, crop water use as well as the irrigation required by a
semi-arid watershed located in the Texas High Plains, US. The overall results
concluded that SWAT’s plant growth algorithm is not suitable for simulating the
representative cotton yield of the catchment, which could be due to the limitation
of auto-irrigation function. Chen et al. (2018) also found that although the SWAT
default auto-irrigation triggered by soil water content method provided a
reasonable simulation of actual ET, the irrigation amount varied greatly from
actual irrigation amount observed in the field. They developed a new management
allowable depletion (MAD) based auto-irrigation algorithm in SWAT based on
scheduled date and accumulated heat units. In most cases, the irrigation amount
simulated by SWAT default auto-irrigation is overestimated compared to the
observed values. Chen et al. (2019) evaluated the SWAT-MAD algorithm using
field irrigation data based on the FAO-56 irrigation scheduling method for six corn
fields in five states of the U.S. The results revealed that the irrigation amount
simulated under soil water content auto-irrigation algorithm was overestimated
(PBIAS of 32.9% at Clovis site) by the model, whereas in case of plant water
demand the model showed an underestimation of 36%. Uniyal et al. (2019) found
that the irrigation amount simulated by SWAT using plant water stress is
sometimes 2-3 times less than the amount of irrigation simulated by the model
under soil water deficit condition. Therefore, there is a need to conduct studies,
which test the amount of irrigation simulated by the model as well as the overall
crop yield and which propose further improvements in the auto-irrigation routines
of SWAT.

With this aim, the objectives of the current research are framed as follows: 1)
Improving auto-irrigation in SWAT by changing the root density distribution; 2)
validating the proposed model with SWAP and observed data in terms of annual
irrigation amount and crop yield at an experimental field (Hamerstorf, Lower
Saxony, Germany); 3) evaluating the modified SWAT code at catchment scale by
using models from the study of Uniyal et al. (2019) for Baitarani (India, monsoon
climate), Thubon (Vietnam, tropical climate) and Wipperau (Germany, humid
climate).

5.2 Materials and Methods

5.2.1 Study Area and Data

Data from an experimental field (Fig. 5.1) are used in this study to develop and
test the different agro-hydrological models at the field scale. The experimental
field is maintained by the agricultural chamber of the Federal State of Lower
Saxony in Northern Germany (Landwirtschaftskammer Niedersachsen, LWK).
LWK operates different experimental plots in Hamerstorf within the Ilmenau River
catchment (Germany). The average annual precipitation of the region was 756 mm
from 2007 to 2018, which is distributed throughout the year (humid climate).
Weather data was obtained from Deutscher Wetterdienst (DWD).
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Figure 5.1: Study locations showing the experimental site Hamerstorf (a, in green)
and the evaluated catchments Wipperau (a, in red), Baitarani and Thubon (b).

Data analysis revealed that there is considerable variability between years. 2009
and 2018 are hot and dry years compared to the average in terms of average
annual maximum temperature (0.4 and 1.15 K) and average annual solar radiation
(7 and 34%). In addition, the amount of precipitation received by these two years
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was 30-40% less than the average precipitation during the cropping season of
winter wheat from 2007-2018. Also, 2007 and 2017 were wet years which received
20-43% more precipitation than their respective average during 2007-2018. The
soil in the experimental field is sandy loam with around 80% sand and 15% clay,
which makes it a relatively low water-holding soil with high infiltration rates. Soil
data were obtained by collecting the soil samples from the experimental field and
soil textural analysis was performed in the lab to obtain the soil physical
properties and to derive soil hydraulic parameters for the models. The
experimental site is used for consultancy purpose in Niedersachsen region for
providing irrigation recommendations to farmers on a weekly basis during the
cropping season (https://www.lwk-niedersachsen.de/). Yearly reports about
the experiments were obtained from LWK. These provide information about
planting, harvesting, fertilization and irrigation dates for different local crops
grown in the experimental field [Corn silage (CSIL), sugar beet (SGBT), potato
(POTA), winter wheat (WWHT), etc.]. In addition to this, amounts and
scheduling of irrigation (sprinkler) and fertilizer for different crops grown in the
experimental field from 2007-2018 were also provided in the reports. Soil’s initial
condition and information about the preceding crop were also given. The
experiments were done under different irrigation scenarios (rainfed, optimal and
reduced irrigation), which are also documented in the reports.

5.2.2 Model set up

Design of the model experiment

The physical processes are well defined in a small-scale agricultural model as
compared to the catchment scale agro-hydrological model if adequate data is
available. As observed field data is available, it was decided to first use a field-scale
model (SWAP) to mimic the field conditions and then head towards improving a
catchment scale model (SWAT) by using both experimental data and model
outputs of the physically-based field-scale model, assuming that they are better
and can be used to extend the observed data. SWAP and SWAT were used in this
study to simulate the annual irrigation amount as well as crop yield during
2007-2018 at the field scale. The models were developed using the same weather
and soil input. For the simulation of the movement of water in the unsaturated
soil, SWAT uses a conceptual tipping bucket model whereas SWAP uses the
physical Richard’s equation. Both SWAT and SWAP use a macroscopic approach
to calculate the water uptake by roots. Mineral nitrogen and phosphorus amounts
present in the field during 2007 were incorporated into SWAT (.chm file) to depict
the initial conditions for nitrogen and phosphorous in the soil profile. Whereas, the
SWAP model is initializing the nitrogen concentration from the previous model
simulation. The maximum rooting depth of the local soil was taken as 900 mm
whereas actual rooting depth of winter wheat was taken 700 mm in SWAT. Crops
were planted and harvested by using the planting and harvesting dates provided in
the annual reports along with the date and amount of fertilizer application. Both
use a temperature sum approach to grow crops but use different crop growth
models. Two different irrigation management scenarios were considered 1)
scheduled irrigation according to the field experiments and 2) auto-irrigation in
both the models. However, in case of automatic irrigation, plant water stress was
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used for triggering the irrigation. Plant water stress is defined as the ratio of
actual to the potential plant transpiration and for this study, its value is taken as
0.95. The amount of irrigation water applied during an irrigation event was
selected as the average amount of irrigation water applied in the field (25 mm)
during 2007-2018. Irrigation efficiency was considered as 75%. This includes the
total loss that is due to transportation and application. Irrigation water is
extracted from the shallow aquifer in the experimental field.

SWAP

In this study, SWAP model version 4.0.1 was used to simulate the interaction of
water and crop processes at the field scale. The model was simulated from 2006 –
2018 with 2006 being used as a warm-up period in order to have reliable soil storage
at the start of the simulation period. Van Genuchten–Mualem parameters were
calculated by using the pedotransfer function published by (Schaap et al., 2001). A
separate crop file for corn silage, sugar beet, potato and winter wheat was created
using the parameters defined by (Groenendijk et al., 2016). Different SWAP models
were created for different crops. The amount of irrigation applied by the model as
well as the corresponding yield of a specific crop was compared with the actual field
values.

The selection of the SWAP model was done to check whether a field-scale model can
simulate the irrigation amount applied to an experimental field. In addition to that,
observed irrigation and crop yield data for some additional crops of interest were
not available in the experimental field. SWAP was also used to fill the data gaps for
SWAT. Therefore, using a physically-based model like SWAP would provide more
data points to validate the existing as well as modified SWAT.

SWAT

SWAT (version 2012 revision 664) was used in this study to simulate the soil-water
and plant interactions at catchment and field scale. At first, SWAT was developed
for the whole Wipperau basin (Fig. 5.1) located in Northern Germany using land
use, weather, soil, and elevation data. This is a sub-catchment of the Ilmenau River
basin, which shows soil and land-management characteristics close to the Hamerstorf
experimental site. It was chosen catchment scale simulations because streamflow of
Wipperau is less altered by anthropogenic influence than in the sub-catchment,
where the experimental field is placed. Uniyal et al. (2017) can be referred for more
information about the catchment characteristics and the model development at the
catchment scale. Later, a single HRU (combination of specific land use, soil, and
slope) model was analyzed for the experimental site using the input data from the
experimental field, like soil properties, weather, crop type, irrigation, and fertilizer
amounts, etc. The simulation period was from 2005-2018 with the first three years
as a warm-up period. More information about the basic model equations and its
processes can be found in (Neitsch et al., 2011).

SWAT has two auto-irrigation algorithms, which vary with the stress identifier 1)
plant water demand or 2) soil water deficit. In case of plant water demand, the model
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applies a dose of irrigation water on the day, when the ratio of actual transpiration
to potential transpiration becomes less than the user defined threshold. For the soil
water content irrigation scheduling method, irrigation is triggered when the current
water content in the soil profile falls below the field capacity minus the user-defined
soil water depletion threshold.

It was seen from the previous study (Uniyal et al., 2019) that very less irrigation
amount was simulated by SWAT for WWHT (avg: 25 mm) under plant water stress
irrigation scheduling technique, which is not comparable with the annual average
irrigation amount applied in the experimental field (avg: 140 mm). Therefore,
winter wheat is used as a test crop to check the simulation of crop yield (dry matter)
and irrigation amount for experimental field using SWAT and SWAP models and
also the improvement in irrigation amount simulated by SWAT using the proposed
modifications in this research.

5.2.3 Calibration and Validation of SWAP and SWAT
models

Calibration of both the models was performed using the observed yield of winter
wheat during 2008-2013, while the rest of the years (2014-2018) were used for
model validation. As winter wheat is planted in fall 2007 and harvested in summer
2008, therefore the model comparison was performed from 2008 onwards. Different
crop sensitive parameters were used to calibrate SWAP and SWAT under
scheduled management practices (irrigation and fertilization).

Table 5.1: Crop parameters used for SWAP model calibration

Parameter Calibrated value

TSUMEA (temperature sum from emergence to anthesis, °C) 1200/*750/**1300

TSUMAM (temperature sum from anthesis to maturity, °C) 1000

TSUMEMEOPT (temperature sum needed for crop emergence, 70
°C)

CVO (efficiency of conversion into storage organs) 0.85

DVSNLT (development stage above which no crop 1.5
nitrogen uptake does occur)

FRNX (optimal N concentration as fraction of maximum 0.4/*0.35/**0.35
N concentration)

BLAI (maximum potential leaf area index, m2/m2) 6

WSYF [lower limit of harvest index, (kg/ha)/(kg/ha)] 0.4

BIOE [radiationuseefficiency,(kg/ha)/(MJ/m2)] 35

HVST [Harvest index for optimal growing conditions] 0.5

*Corresponds to the parameter values used in 2017 and ** corresponds to the one used
in 2018.

Crop parameters in SWAP were sensitive towards extreme weather conditions in
the year 2017 (wet) and 2018 (dry and hot) compared to the average conditions
during 2008-2016. Therefore, in this case, SWAP was calibrated and validated in
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two different ways 1) using same parameters for all the years 2) using different
parameters for 2017 and 2018 based on precipitation and temperature during the
cropping season using winter wheat as the crop (Table 5.1).

Most of the parameters values were taken from the crop-specific simulation
parameters report for the European community (Boons-Prins et al., 1993). The
light use efficiency was set to 0.65. As in both the years (2017 and 2018), more
water was present in the field due to rain or irrigation, which reduced the nitrogen
concentration available to plant, therefore optimal nitrogen concentration ratio
FRNX was reduced from 0.4 to 0.35. In addition, the temperature sum from
emergence to anthesis TSUMEA was taken 750 in 2017 and 1300 in 2018, as the
average temperature was less in 2017 compared to 2018.

5.2.4 Modification of SWAT for auto-irrigation

It was seen from this study that the irrigation amount simulated by the model
under plant water stress condition is less compared to the actual amount of water
applied to the experimental field. However, the amount of water applied in the
experimental field is close to the irrigation amount simulated by SWAT under soil
water deficit irrigation scheduling method. This was further discussed in detail by
(Uniyal et al., 2019). Therefore, it is very important to diagnose the amount of
water stress simulated by the model under plant water stress irrigation scheduling.
The water stress factor (WSTRS) used in this method is the ratio of actual root
water uptake (Up) to the potential transpiration (Ep). The irrigation trigger
mechanism depends on the actual plant need (actual transpiration) and potential
transpiration. SWAT assumes actual transpiration as equal to the root water
uptake. The amount of irrigation simulated by the model completely depends on
the stress factor. Therefore, by using Eqn. 5.1 it can be generalized as follows:

wstr = f(Up, Ep) (5.1)

Potential transpiration Ep is calculated by using the Penman-Monteith equation
(Allen et al., 1998). On the other hand, the root water uptake is calculated by using
the plant growth module from the EPIC model (Sharpley and Williams, 1990).

This can be further improved by modifying the module. The existing exponential
equation used in the model for calculating the potential root water uptake is defined
as follows:

UPl =
EPi

1− exp(λ)

(
1− exp

[
−λ
(
Zl

RZ

)])
− (1− EPCO)

(
1− exp

[
−λ
(
Zl

RZ

)])
− EPCO

l−1∑
k=1

uk

(5.2)

where is UPl the potential root water uptake from layer l (mm/d), is potential
transpiration (mm/d), is the water use distribution parameter, EPCO is plant

87



Chapter 5. Model Improvement

uptake compensation factor Zl is the current rooting depth (mm) and RZ is the
maximum rooting depth (mm).

The irrigation simulated by the model can be improved 1) by calibration, 2)
modifying the code. 1) The existing SWAT model can be calibrated for two
important parameters (λ and EPCO), which control the actual root water uptake.
EPCO’s default value is 0.95. The water distribution parameter λ depends on soil
characteristics. Its high value denotes high water uptake near the surface and very
low water uptake in the lower half of the root zone. By default, this value is set to
10, which means the roots extract a high amount of water from the near-surface to
fulfill the transpiration demand of the plant. Calibration can only be done if the
observed irrigation amount is known otherwise it will be difficult to calibrate the
parameters. At first, the models were calibrated for winter wheat using the field
observed schedules of irrigation and fertilizer. Later on, the developed models were
simulated using the auto-irrigation under plant water stress condition and then the
simulated irrigation from SWAP and SWAT was validated with the experimental
irrigation amounts.

2) Modifications of SWAT are developed and validated based on the data of the
experimental field as described below. Later on, the modified model can be used to
simulate irrigation amounts with higher confidence in the catchments where
observed irrigation amounts are unknown. RWU depends primarily on root density
distribution and soil physical properties. Therefore, in this case, root density
distribution and dynamic estimation of the plant uptake compensation factor is
incorporated into the modified SWAT (called SWAT m in this paper).

Root density distribution

The existing mathematical description of root density distribution (Eq. 5.3) can
be replaced by an equation (Eq. 5.4) defined by Li et al. (1999) to improve the
simulated irrigation amount. The new equation is an enhanced version of the existing
equation and the parameters involved in this equation are all readily available in the
model database. The root water extraction models using the enhanced root density
distribution function performed better than other models in some studies (Li et al.,
1999, 2001).

Root density distribution =
EPi

1− exp(λ)

(
1− exp

[
−λ
(
Zl

RZ

)])
(5.3)

Root density distribution =
ln
[
1+exp(−bZ1)
1+exp(−bZ2)

]
+ 0.5[exp(−bZ1)− exp(−bZ2)]

ln[ 2
1+exp(−bRZ)

] + 0.5[1− exp(−bRZ)]
(5.4)

Where, Z1 and Z2 are the depths, up to which the root water extraction has to be
calculated, b is the extinction coefficient, which governs the percentage of root water
supplied by the top 10% of the root zone.
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Dynamic estimation of plant water uptake compensation factor

The EPCO, a root growth stress factor depends on different stress factors, namely
soil strength, temperature, and aluminum toxicity. The aforementioned stresses
depend on soil properties. The lowest of these three stresses governs EPCO
(Sharpley and Williams, 1990). In this study, two stresses are considered for
estimating the dynamic value for EPCO namely soil stress (SSl) and temperature
stress (TMPRS). Due to the lack of basic data required to calculate the stress due
to aluminum toxicity for the experimental field and with no information regarding
aluminum toxicity, the authors have not considered this stress in the study area.
The equations used for calculating the soil strength stress factor are as follows:

SSl = 0.1 +
0.9BDl

BDl + exp([bt1 + bt2BDl)
(5.5)

This stress mainly depends upon bulk density, texture, field capacity and soil water
content (Eavis, 1972; Monteith and Banath, 1965; Taylor et al., 1966; Sharpley and
Williams, 1990). Where SSl is the soil strength factor in layer l, BD is the wet bulk
density of soil (t/m3), bt1 and bt2 are the parameters that depends on soil texture.
There are specific equations to calculate the variables and parameters required for
this equation, which are discussed in detail in the EPIC manual (Sharpley and
Williams, 1990). Additionally, a new sub-routine (SSL) is added to the code for
calculating soil strength factor (SSi). Furthermore, the TMPRS is calculated by
using the code already present in SWAT (Neitsch et al., 2011; Arnold et al., 2012).
Therefore,

EPCO = Min(SSl, TMPRS) (5.6)

In addition, a management scenario proposed by (Chen et al., 2018) was also added
to the model. In this, the whole plant growth cycle is divided into three stages, initial
(0-0.35), mid-season (0.35-0.75) and late season (0.75-1.0). The ratio of accumulated
heat units was used to define these crop stages in the model. Irrigation was triggered
in the model based on different stresses defined for these stages (Chen et al., 2018).
In general, the stress for the initial and the late season is assigned as (0.95-0.5).
For the mid-season stage (0.6-0.4) as a crop can withstand stress during this stage
without much reduction in the yield (Allen et al., 1998). This code is implemented
(hardcoded) in the autoirr.f module of the SWAT model (rev664).

Irrigation scheme efficiency

This section deals with the improvement in the implementation of application and
conveyance efficiency in SWAT. In the original version of SWAT (rev664 source) the
irrigation amount simulated by the model during an irrigation event is calculated by
subtracting the surface runoff loss during the process. However, in actual practice
water is applied to the field first and after that, the runoff losses occur during an
irrigation event. Therefore, the amount of water applied should be equal to the
amount of water going into the soil plus the amount of water lost from the field due
to surface runoff. Additionally, the amount of water extracted from the source should
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be equal to the amount of water applied by the model during irrigation application
(water going into the soil plus the surface runoff) divided by the application efficiency
(this includes losses during transportation as well as during application). These
corrections have been implemented into the irrigation.f and autoirr.f modules of the
modified SWAT model. Later, the SWAT m was used to simulate the irrigation
amount and crop yield (dry matter) for the rest of the crops (CSIL, POTA, and
SGBT). The SWAT simulated results were then evaluated against the observed and
SWAP simulated irrigation amount and crop yields using statistical indicators and
box plots to validate the proposed modifications.

Lastly, SWAT m was applied to three different catchments to test the modified
code at the catchment scale. The effective parameters used for catchment scale
models were derived from the most common parameter upscaling approach used
in distributed hydrological modeling. This approach assumes that the processes,
equations, and data from the smaller scale are also applicable at a larger scale.
It is assumed that the effective parameters from field/plot scale, when used for
regional scale hydrological models, would reproduce the mean response of the system
observed at regional or catchment scale (Refsgaard et al., 2016). This assumption
was justified by Refsgaard (1997) and Henriksen et al. (2003) whereas it was rejected
by Beven (1995).

5.3 Results and Discussion

5.3.1 Model Performance with scheduled irrigation

This section comprises of the results comparing the simulated annual crop yield (dry
matter) by SWAP and SWAT using field observed irrigation and fertilizer scheduling
with a) observed yield from the experimental field at Hamerstorf (Obs Field) and b)
agricultural census data for the Uelzen region (Census Ulz) during 2008-2018. Fig.
5.2 shows the observed and simulated yield of winter wheat under given irrigation
and fertilizer amounts. Census Ulz is the agricultural census data of the Federal
State of Lower Saxony, which is reported by the farmers via an online platform. Due
to a wide range of soil fertility and the presence of rainfed agriculture, the larger
scale yield is expected to be lower than the one on the highly managed experimental
field. SWAP C1 is the calibrated yield simulated by using the same crop parameters
for the entire period of interest, whereas SWAP C2 uses different crop parameters
for 2017 and 2018 as they were extreme years.

Calibration results of WWHT simulated by SWAP revealed 7.2% underestimation
for both SWAP C1 and SWAP C2. Whereas, validation results were better in case
of SWAP C2 (3.31%) compared to SWAP C1 (PBIAS: 38.2%). This is due to the
fact that SWAP is not able to simulate crop yield in two extreme years to a
satisfactory level (2017 and 2018). This justifies the use of weather-dependent crop
parameters in SWAP as it is sensitive to temperature e.g., the model performance
in SWAP C2 is improved compared to the SWAP C1 in terms of overall
variability. In addition, SWAT model is also under-estimating the model
performance during both calibration and validation period with PBIAS 3.3% and
13.8%, respectively. It can be inferred from Fig. 5.2 that the simulated yields from
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both the models are not able to match the overall spread of WWHT from the
observed yield compared to the long-term mean. This qualitative analysis is also
supported by the quantitative analysis, which revealed the underestimation of
simulated yield by 5.64% and 6.15% from SWAP and SWAT during 2008-2018,
respectively. Furthermore, the simulated WWHT yield from SWAT and SWAP
matches well with Census Ulz in terms of their overall spread and mean. This is
due to less uncertainty or averaging effects at the district scale compared to field
scale. The overall underestimation in case of SWAT is attributed to some warm
years (2015 and 2018), for which the considered model has bad model performance
in simulating yield.
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*Obs Field: denotes the observed crop yield data from Hamerstorf; Census Ulz:
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denotes the simulated yield using SWAP model under stationary parameters;
SWAP C2: denotes the simulated yield using SWAP model under non-stationary
parameters; SWAT: denotes the simulated yield using SWAT model under stationary
parameters.

Figure 5.2: Comparison of SWAP and SWAT simulated yield of WWHT under
scheduled irrigation and fertilizer amounts with the observed yield from Hamerstorf
and the census data of Uelzen during 2008-2018.

The overall deviation in winter wheat in these years is 15.29% whereas it is 3.19%
in the rest of the years. In addition to this, the overall difference in the long-
term means from both the models is close to 0.5 t/ha compared to the long-term
average of the observed yield during 2008-2018. The model simulated yields and
error ranges are backed by a study done in Europe (Abbaspour et al., 2015). It is
obvious from the boxplots (Fig. 5.2) that the variability of the observed yield from
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the experimental field is better represented by SWAP, whereas SWAT represents the
overall yield’s distribution better for the regional census data of Uelzen compared
to the experimental field. These results comply with the target scale of application
of the two models used.

5.3.2 Model Performance under Auto-irrigation

Fig. 5.3 shows the range of annual irrigation simulated by models using plant
water stress triggering under auto-irrigation scheduling along with the observed
irrigation amount applied in the field. SWAT UC shows the irrigation amount
simulated by SWAT model under default plant water stress auto-irrigation
condition without calibration of and EPCO. In addition, SWAT denotes the
irrigation amount simulated after calibrating the model using (2) and EPCO
(0.6) parameter whereas, SWAT m shows the simulated irrigation from the
modified SWAT model. SWAT m uses a dynamic value of EPCO, which is
calculated internally by the model and also it doesn’t use .

 

1 
 

 

 

Obs_Field SWAP SWAT_UC SWAT SWAT_m

0

50

100

150

200

250

300

350

Annual Irrigation from 2008-2018 at Hamerstorf

A
n

n
u

a
l I

rr
ig

a
tio

n
 (

m
m

)

SWAP(PBIAS, r) = 14.77, 0.74
SWAT(PBIAS, r) = 33.71, 0.82

SWAT_m(PBIAS, r) = 12.88, 0.77

*Obs Field: denotes the observed crop yield data from Hamerstorf; Census Ulz:
denotes crop yield from agricultural census data for the Uelzen region; SWAP C1:
denotes the simulated yield using SWAP model under stationary parameters;
SWAP C2: denotes the simulated yield using SWAP model under non-stationary
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Figure 5.3: Comparison of observed and auto-irrigated annual irrigation from SWAP
and SWAT models during 2008-2018 at Hamerstorf.

It can be seen from the results that the overall spread and mean is well replicated by
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SWAP as compared to both the SWAT cases. The irrigation amount from SWAT
and SWAT m is relatively good compared to observed and SWAP in simulating
the mean annual irrigation amount than the one simulated by uncalibrated SWAT
(SWAT UC). But still one can see a huge uncertainty in irrigation simulation in
terms of higher annual variability and a general underestimation. The one by one
comparison of simulated irrigation from SWAP and SWAT revealed that the overall
model response to an extreme dry year (2018) is not well represented. In 2018 SWAP
simulated 175 mm and SWAT models simulated irrigation values ranging from 250-
350 mm whereas in 2017, which was a wet year, all the models simulated either zero
or 25 mm of irrigation which is close. One can see a general overestimation in 2018
from all the different SWAT models, e.g., even though the irrigation amount is zero
in case of SWAT UC in all the years but still it has 125 mm of irrigation amount
simulated in 2018. This reveals that there is more stress in SWAT in 2018 compared
to other years specifically due to high observed temperature.

The statistical indicators PBIAS and correlation (r) are also used to evaluate the
simulated irrigation amount. It can be seen from the results that both the models
are underestimating the irrigation amount, SWAT by 34% and SWAP by 11%. It
should be noted that the one by one matching of observed and simulated irrigation
is not possible. Therefore, the bias from the field values is acceptable for simulated
irrigation (Chen et al., 2018) as well as crop yield (Abbaspour, 2011). This can be
justified by several reasons: 1) the irrigation amount as applied in the experimental
field was based on the combination of previous day’s weather conditions along with
the forecast of future weather and soil water deficit as well as the condition of the
plant (plant water stress); 2) the irrigation amount applied in one irrigation event
in both the models during an irrigation event is the same but in field conditions
it varies from year to year and also varies within a year. However, based on the
qualitative and quantitative analysis, it can be inferred that simulated irrigation
amount from SWAP, SWAT and SWAT m is in a good range (Chen et al., 2018).
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Figure 5.4: Observed and simulated irrigation amounts for Winter wheat at
Hamerstorf.

In addition, Fig. 5.4 shows the year-wise comparison of irrigation amounts
simulated by SWAP and different SWAT models under plant water demand
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irrigation scheduling technique against the observed irrigation amounts applied in
the field. It can be seen from the figure that the overall response of observed and
modified SWAT is better (SWAT m) compared to the irrigation amounts
simulated by the calibrated SWAT model (SWAT). However, the overall variability
is better matched in case of SWAP simulated irrigation amounts. This might be
due to the reason that SWAT sometimes irrigates out of season (Chen et al., 2019).
The higher amount can be related to more frequent triggering. Furthermore, the
observed amounts applied in the experimental field were restricted in extreme
years like 2018 due to overuse of water rights.
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Figure 5.5: Comparison of observed yield in Hamerstorf and census data from Uelzen
with simulated annual yield (calibrated SWAP and SWAT) under auto-irrigation
during 2008-2018.

Fig. 5.5 shows the boxplot comparison of observed (Obs Field and Obs Ulz) and
simulated (SWAP, SWAT and SWAT m) WWHT during 2008-2018 at Hamerstorf.
In this, the auto-irrigation scheduling under plant water stress condition was used.
The overall distribution and crop yield are mostly reduced compared to the yield
simulated in Fig. 5.2. It can be seen from figure that the overall range of WWHT
yield simulated by different SWAT models is nearly the same. It can be concluded
from this result that water stress is not the dominant stress affecting the crop yield
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as the same crop parameters were used in two cases (SWAT and SWAT m, Fig. 5.2
and Fig.5.5). The long-term mean as well as PBIAS (6.2 - 8.8%) and r (0.6 - 0.7)
is in accordance with the observed yield of WWHT at Hamerstorf and the overall
prediction uncertainty is less in model simulated results. In addition, the mean and
median of simulated yield from all the models are close to the observed yield of
winter wheat in the Uelzen district.

Other crops

Evaluation of annual irrigation amount and yield simulated by SWAT m and SWAP
for corn silage (CSIL), sugar beet (SGBT), and potato (POTA) was also performed
for the experimental field.
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for the Uelzen region.

Figure 5.6: Comparison of observed (Hamerstorf and Uelzen) and simulated annual
irrigation and CSIL yield under auto-irrigation in calibrated SWAP and SWAT
models during 2007-2018.

It should be noted that in the case of these crops, same values of crop parameters
were used for calibration and validation from 2008-2013 and 2014-2018,
respectively. Fig. 5.6 shows the boxplots of annual irrigation and yield (dry
matter) from CSIL. It is assessed from the boxplots that the mean annual
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irrigation simulated by SWAP (125 mm) and SWAT m (75 mm) are close to the
observed mean (84 mm). Quantitative analysis revealed an overestimation of
simulated irrigation in case of SWAP by 48% and underestimation in case of
SWAT m by 11%. The simulated yield from both the models is matching well with
each other (difference: 0.17%) as compared to the observed yield. In addition,
their overall spread and mean is not matching well with the observed yield
(PBIAS: 8.6-8.7%). This could be attributed to the crop model parameters for
CSIL.

Apart from CSIL, Figs. 5.7-5.8 show the comparative evaluation of simulated
irrigation amount and crop yield for SGBT and POTA, respectively. It can be seen
from Figs. 5.7-5.8 that the simulated irrigation is underestimated in case of SGBT
(PBIAS: 15.15-15.20%) while it is overestimated in case of POTA (PBIAS: –29.96
to –14.7%). For both the crops the overall spread and annual average mean of
simulated irrigation, the amount is matching relatively well when compared to
WWHT and CSIL.
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stationary parameters; SWAT m: denotes the simulated yield/ irrigation amounts
using modified SWAT; Census Ulz: denotes crop yield from agricultural census data
for the Uelzen region.

Figure 5.7: Comparison of observed (Hamerstorf and Uelzen) and simulated annual
irrigation and SGBT yield under auto-irrigation in calibrated SWAP and SWAT
models during 2007-2018.

A general trend is observed in simulating crop yield using SWAP and SWAT m,
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which revealed that the simulated yield is always underestimated for all the crops.
It should be noted that the mean and spread of crop yield from the Uelzen district
is less compared to Hamerstorf (Figs. 5.6-5.8). This is expected because not all
fields in this region are irrigated and some soils show a poorer quality (sandy soil)
compared to the one in the experimental field (loamy sand). In case of all crops,
the overall spread simulated by SWAP and SWAT m is covering the observed yield
estimated from the Uelzen district.
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Figure 5.8: Comparison of observed (Hamerstorf and Uelzen) and simulated annual
irrigation and POTA yield under auto-irrigation in calibrated SWAP and SWAT
models during 2007-2018.

5.3.3 Verification of SWAT m at the catchment scale

The SWAT m was tested for three different catchments with different agro-climatic
conditions namely, Baitarani, Thubon, and Wipperau (Fig. 5.1). Fig. 5.9 shows
the annual average irrigation amount simulated for the Wipperau catchment
during 2007-2018 for different crops. Here, Obs Field is the observed irrigation
applied in Hamerstorf field given for comparison purpose, SWAT p is the irrigation
amount simulated by SWAT under plant water stress auto-irrigation setting,
whereas SWAT m is the simulated irrigation amount using the SWAT m during
auto-irrigation. SWAT s and SWAT s m are the irrigation amounts simulated by
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original and modified SWAT under soil water deficit auto-irrigation setting. This is
given to check if there is any feedback between the modifications with the soil
moisture deficit auto-irrigation routine. The boxplots from SWAT s and
SWAT s m show that less irrigation is applied with the new code. This difference
can be explained by the difference in ET (2%) due to the changes in the root
density distribution. This has an effect on the transpiration calculated by the
model, and thus on soil moisture and the triggering of auto-irrigation. The overall
difference reduction in mean annual irrigation in case of SWAT s m varies from 9
to 10% compared to SWAT s. The overall irrigation amount in case of CSIL,
SGBT, and WWHT have significantly increased as compared to the one simulated
by SWAT p model. Furthermore, simulated irrigation amount for POTA is more
in case of SWAT p and SWAT m compared to the ones applied in the field but the
overall spread is less than the amount applied in the field.
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*Obs Field: denotes the observed irrigation amounts from Hamerstorf; SWAT s:
denotes the simulated irrigation amounts using SWAT model under default soil water
stress irrigation scheduling method; SWAT s m: denotes the simulated irrigation
amounts using modified SWAT model under default soil water stress irrigation
scheduling method; SWAT p: denotes the simulated irrigation amounts using SWAT
model under default plant water demand irrigation scheduling method; SWAT m:
denotes the simulated irrigation amounts using modified SWAT model under modified
plant water scheduling method.

Figure 5.9: Comparison of SWAT simulated irrigation with the observed irrigation
amount from the experimental field.

Here, Obs Field is used as a reference as there is no other observed data for the whole
Wipperau catchment. It can be assessed from the results that although Obs Field
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cannot be directly compared with SWAT p and SWAT m but its overall spread and
mean will provide useful insight to evaluate the modified SWAT.

Fig. 5.10 shows the annual average irrigation amounts simulated under plant water
stress (SWAT p) and soil water deficit (SWAT s) irrigation along with the
modified SWAT (SWAT m) under plant water stress irrigation scheduling
condition for Baitarani and Thubon catchments during 2000-2010. As the
observed irrigation amounts are not available in these catchments, therefore,
irrigation amounts simulated by model under soil water deficit condition (SWAT s)
is assumed to be close to the local conditions of the catchments by comparing the
simulated irrigation amounts with the literature and expert opinions. In addition,
the results reveal a clear improvement in terms of the annual average mean of
irrigation amounts simulated using SWAT m and SWAT s models. As more water
is applied in case of SWAT m therefore it is expected that it will affect ET because
more water is available for the plant to transpire. The results showed a slight
increase in catchment’s ET varying from 0.10 (Wipperau) to 1.10% (Baitarni) and
increase in total aquifer recharge from 1.25% (Thubon) to 9.57% (Wipperau).
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SWAT s: denotes the simulated irrigation amounts using SWAT model under default
soil water stress irrigation scheduling method; SWAT p: denotes the simulated
irrigation amounts using SWAT model under default plant water demand irrigation
scheduling method; SWAT m: denotes the simulated irrigation amounts using modified
SWAT model under modified plant water scheduling method.

Figure 5.10: Comparison of SWAT simulated irrigation from Baitarani catchment,
India and Thubon catchment, Vietnam during 2000-2010.
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5.4 Conclusions
Irrigation scheduling methods help to improve the simulation of irrigation water
demand by agro-hydrological models. The current study modified the SWAT code
in improving the irrigation water demand simulated using plant water stress during
2007-2018 for an experimental site (Hamerstorf) in Lower Saxony, Germany. A field
scale model (SWAP) was also used to simulate the irrigation amount and the crop
yield from this experimental field. SWAP and SWAT were calibrated for simulating
crop yield of corn silage, sugar beet, potato, and winter wheat. The results revealed
that the calibrated models were able to simulate the annual irrigation amount and
crop yield with acceptable bias. However, there is uncertainty in model parameters
during calibration.

The proposed modification revealed that root density distribution and dynamic
compensation factor play an important role in quantifying the plant water stress in
the model during auto-irrigation mode. It can be seen from the modified SWAT
model that root density distribution, soil strength, and temperature are affecting
the actual root water uptake. The verification of the modified SWAT model at
catchment scale was performed. It can be concluded from the results that the
overall simulation of irrigation amount was improved with only a minor impact on
the simulated annual yield of different crops, catchment’s annual average ET and
total aquifer recharge. In general, this study has provided a good insight into the
process affecting auto-irrigation in the case of plant water stress condition. In
addition, there is minor effect of the modified code on the soil water deficit
irrigation scheduling method. Therefore, the findings of this study will help
researchers to get more consistent irrigation amounts simulated by SWAT
auto-irrigation scheduling techniques, and thus reduce the uncertainties associated
with the simulation of irrigation water demand by SWAT, in particular when
observed values are not available as it is the case for climate change predictions.

It can be seen from the results that improvement can be done in the plant growth
modules used by both the models. In addition, the use of non-stationary crop
parameters is encouraged as SWAP was not able to simulate crop yield in extreme
years. Both the models show good capabilities of mimicking the past and current
irrigation amounts but they are limited in terms of operational predictions as the
weather of the season is not known a priori. This limitation can be overcome by using
model parameter ensembles or by updating the model once the seasonal weather
characteristics become clear.

Follow-up studies could be done to combine the SWAT subroutines modified by
different authors to build new irrigation routines for the next generation of SWAT
code, e.g. Chen et al. (2018) for irrigation soil water deficit scheduling under
management allowed depletion. The current model distributes the same amount of
water to the entire HRU area; however, this is not true in actual practice. Therefore,
aspects such as model code modifications for applying non-uniform distribution of
irrigation water can be part of future research. In addition, aluminum toxicity could
be incorporated in the model, which authors have neglected for this study. Future
research in irrigation simulation should implement model parameter uncertainty
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analyses for hydrological models. In addition to that, the model uncertainty can be
dealt with using the model ensemble for simulating irrigation amounts at field and
catchment scale.
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Conclusions and Outlook

SWAT is an open-source software widely used in simulating the impact of different
management practices on hydrology, sediment, fertilizer load in agricultural
catchments around the world at a regional scale. Crop irrigation management is a
complex and difficult task in which three questions need to be answered:
(i) How much water should be applied?
(ii) When should it be applied?
(iii) How should it be applied?

Irrigation scheduling is conventionally based on experience, soil water balance
calculations, crop growth simulation models, soil water measurements, or on
sensing the plant’s response to water deficits using remote sensing data sets. In
order to obtain this knowledge, a hydrological model should first estimate the soil
moisture content satisfactorily only then a reliable irrigation water demand can be
simulated by the model. With this aim, the present study first evaluated the
application of SWAT in simulating soil moisture against remote sensing data and
field data for two different catchments in Northern Germany and later on
irrigation water demand under four different agro-climatic regions in the world
(Chile, Germany, India, and Vietnam) were carried out.

For soil moisture estimation the calibrated and validated SWAT model was used to
derive parameter uncertainty bands in simulating soil moisture under different soils
and crops during irrigation season of 2016. The results reveal that parameter
uncertainty varies with crop and soil but it frames the observed soil moisture
values. However, there might be considerable model structural uncertainty due to
the oversimplification of soil water equations in SWAT which uses a cascade of
tipping bucket approach. In addition to this, the substantial variability in the
observed soil moisture data cannot be neglected.

Landsat derived temperature, NDVI and TVDI were converted into soil moisture
by using several regression models. Regression models were trained by using the
TDR measurements. The best regression model in terms of mean and least overall
deviation from the observed soil moisture was used for further analysis. This study
reveals that in data-scarce conditions, the soil moisture extracted from Landsat
could be used as a good indicator to evaluate the spatio-temporal dynamics of soil
moisture simulated by using hydrological models. The observed soil moisture data
from the field is necessarily required to calibrate the spatial maps obtained from
the Landsat. Both soil moisture data sources have their own shortcomings. Due
to time and financial constraints, observed data is available from very few moisture
monitoring stations whereas, remote sensing requires clear sky on the day when the
satellite is passing through the study area which is not usual in a humid climate.

There is a huge difference in the scale and resolution of soil moisture data procured
from the three different sources (field, hydrological model, remote sensing) in
terms of space and time. In addition to this, the SWAT model provides the
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average value of soil moisture of the upper 30 cm of the soil profile, whereas TDR
gives the average soil moisture value for approximately the upper 16 cm of the soil
profile. However, Landsat provides soil moisture of the top few centimeters of the
soil profile only. In addition, this study found that the Landsat images could be
used to modify the SWAT soil parameters by investigating a consistent behavior of
spatial soil moisture patterns. The modification was confirmed by a higher
resolution soil map and by field investigations. Furthermore, using the results of
this analysis, the hydrological model can be rectified and applied with higher
confidence in simulating soil moisture. This research has helped to improve the
knowledge about large scale spatio-temporal dynamics of soil moisture at finer
resolution in a humid country. It could be beneficial for arid or semi-arid countries
as the number of days with clear sky throughout the year is higher, and there is
irrigation demand during the entire growing season. This is further verified by the
spread and behavior of soil moisture which is better matching during the dry
season from all the sources in this study. Additionally, the Landsat extracted soil
moisture can also be used for recalibrating the hydrological model with the aim of
reducing uncertainty in simulated soil moisture estimates.

For Irrigation water demand, the SWAT model was evaluated for simulating
irrigation water requirement in four different agro-climatic catchments around the
world (Chile, Germany, India, and Vietnam). Modelling results revealed that the
SWAT model was calibrated with good model efficiency (low bias) for streamflow
with low percentage deviation in ET in all the cases. Two different irrigation
scheduling techniques were used to simulate irrigation water demand simulated by
SWAT namely soil water deficit and plant water stress. The automatic irrigation
provided plausible results for soil water deficit irrigation scheduling in all the
catchments with optimal and deficit strategies even if there was no comparison
with observed values on that scale. There are indications that irrigation shows
systematic overestimation though. Plant water stress scheduling shows significant
underestimation of irrigation water requirement in all catchments. This can be
justified by less plant water stress days. It can be concluded from the results that
SWAT’s mechanism for irrigation scheduling can be further improved.

The effect of reanalysis climate data on different water balance components was also
evaluated for the four catchments. It was seen from the results that different climate
variables form NCEP and ERA exhibit different behaviors in a given catchment.
Bias-corrected rainfall, temperature, and solar radiation datasets are more close to
their observed counterparts than the uncorrected datasets. The model simulation
with bias-corrected reanalysis data showed that the input weather is highly sensitive
to streamflow and irrigation simulated by the model. Unbiased reanalysis data led
to serious bias in the estimated ET and irrigation requirement. Results showed
that it is worth correcting the bias of the other climate variables as rainfall is not
always the governing variable in irrigation simulation. As climate reanalysis data
are uncertain, an attempt has been made to check it via quantile mapping but still
there is an acceptable bias in the quantile corrected reanalysis data. The results
strongly favour the use of bias-corrected data in hydrological modelling studies. It
can be concluded that in hydrological modelling not only the input data but also
its variability plays an important role. Therefore, climate change and adaptation
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studies must take this into account.

It was concluded from the previous study that SWAT needs modification in its plant
water demand irrigation scheduling technique. There was a gap in the irrigation
water amounts simulated by SWAT for some crops varying from 2-4 times more in
case of soil water deficit compared to the plant water stress (especially for Wipperau
and Ilmenau, Germany). Therefore, the SWAT code was modified to improve the
irrigation water demand simulated using plant water stress during 2007-2018 for
an experimental site (Hamerstorf) in Lower Saxony, Germany. A field scale model,
SWAP was also used to simulate the irrigation amount and the crop yield from this
experimental field. Both the models were calibrated for simulating crop yield. The
results revealed that the calibrated models were satisfactorily able to simulate the
annual irrigation amount and crop yield. However, the model parameter uncertainty
still persisted during calibration.

The proposed modification revealed that root density distribution and dynamic
compensation factor play an important role in quantifying the plant water stress in
the model during auto-irrigation mode. It can be seen from the modified SWAT
model that root density distribution, soil strength, and temperature are affecting
the actual root water uptake. The verification of the modified SWAT model to a
catchment scale model was performed. It can be concluded from the results that
the overall simulation of irrigation amount was improved with no or minor impact
on the annual yield of different crops, catchment’s annual average ET and total
aquifer recharge. In general, this study has provided a good insight into the
process affecting auto-irrigation in the case of plant water stress condition. In,
addition, there is a minor effect of modified code on the other irrigation scheduling
technique in SWAT, i.e., soil water deficit. Therefore, the findings of this study
will help researchers to get more consistent irrigation amounts simulated by both
auto-irrigation scheduling techniques. This will reduce the uncertainties associated
with the simulation of irrigation water demand by SWAT, in particular when
observed values are not available as it is the case for climate change predictions.

The aforementioned studies confirm that the application of SWAT for regional
irrigation studies is of high importance for water resource management. 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 bias
when evaluated on smaller scales. In case of soil moisture estimation, further
research could be done to improve the level of precision in terms of depth. This
would involve extended modelling as well as soil moisture measurement at the field
scale. SWAT also provides daily estimates of soil moisture at finer resolution,
which can be used for continuous simulation and forecasting of soil moisture.
Possible fields of application are planning and design of large scale irrigation
systems and irrigation control schemes, investigations about the impact of climate
change on soil moisture and irrigation scheduling. In addition, after reliable
irrigation estimates at regional and field scale, further research is needed to upscale
crop yield and irrigation water demand for improving the global and regional
water management. Different follow-up studies could be done to combine the
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SWAT subroutines modified by different authors to build new irrigation routines
for the next generation of SWAT code. In addition, the application of non-uniform
distribution of irrigation water can be part of future research.

To secure a more complete picture of future water vulnerabilities, it is necessary to
consider the interactions among climate change and variability, surface and
groundwater hydrology, water engineering, and human systems, including societal
adaptations to water scarcity. However, to enable crop models to be more useful in
understanding adaptations such as irrigation or crop insurance, crop models need
improvement in regards to their estimates of crop water use. There is a need to
rethink, how we can achieve more crop per drop. Including the effects of
inter-annual variability in meteorological forcing on soil moisture variability might
be subject of future research. In addition, to be more specific the use of
non-stationary crop parameters is encouraged as SWAP was not able to simulate
crop yield in extreme years. Both the models show good capabilities of mimicking
the past and current irrigation amounts but they are limited in terms of
operational predictions as the weather is unknown. This limitation can be
overcome by using model parameter ensembles or by updating the model once the
seasonal weather characteristics become clear. Improved understanding of these
processes is needed for the transformation of point-scale measurements and
parameters to scales required for regional scale hydrological modeling. As there is
considerable uncertainty in absolute irrigation water demand simulated by
hydrological models (Webber et al., 2016), an ensemble modelling approach will be
beneficial in simulating the overall variability. The parameter, model structural
uncertainty, weather and soil data uncertainty should be taken into consideration
while simulating irrigation water demand and soil moisture using hydrological
models. This will help researchers to address uncertainties in irrigation prediction
at regional scale e.g., in the context of climate change prediction or regional
irrigation consulting. The findings of the three studies and the follow-up studies
can also be used for predicting and monitoring agricultural droughts at a regional
scale. Another benefit of using remote sensing estimates of soil moisture is its
ability to characterize drought.
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