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Summary
Climate change and variability threatens the sustainability of future food production as well as the
sustainability of water availability, especially in semi-arid regions where water resources are limited,
and irrigated agriculture is widespread. Increasing temperatures will exacerbate evaporative losses
and increase plant water needs. Consequently, higher irrigation intensities would be a logical measure
to mitigate climate change impacts in these regions. But are increasing irrigation intensities truly the
right adaption measure and can they help to reduce climate change induced agricultural production
losses?
To address this question, this PhD thesis investigates climate change impacts on agricultural
productivity as well as changes in agricultural water demand. The study area, where the research is
conducted, encompasses the intensively irrigated region of the Lower Chenab Canal System in Pakistan
(15 000 km2), which is part of the Indus River irrigation system, the largest irrigation system in the
world; and covers economically important crop growing areas.
Two processed-based numerical models are used to simulate the effects of potential future climate
scenarios on the agricultural system – the agro-hydrological Soil & Water Assessment tool (SWAT) and
the biophysical Agricultural Production Systems Simulator (APSIM). The unique characteristics of the
study area, with complex and highly diverse agricultural practices, as well as a nearly entirely human
controlled hydrology require alternative ways of model calibration, validation, and uncertainty
analysis. A central part of this thesis is therefore devoted to the complex procedure of setting up and
calibrating an agro-hydrological model in this heterogeneous environment, which is done using
satellite evaporation data. Furthermore, it is shown, how a framework can be developed which
combines field observations and numerical modeling to acquire data of important water balance
parameters, without the need of detailed input data set. This framework could be used to generate
data for validating hydrological models in data-scarce regions and for highly managed environments,
like the one selected for this research.
Finally, the calibrated and validated models are used to answer the central question of future climate
change impacts. The results of this thesis reveal that agricultural productivity is highly affected by
climate change and productivity levels are projected to decrease significantly. It could furthermore be
shown that an intensification of irrigation might fail as a measure to counteract climate change, due
to severe negative impacts of temperature stress on plant growth. To mitigate climate change impacts,
the reductions of crop heat stress should therefore be prioritized in near future, while a more
sustainable water management is unquestionable to continue to fulfill the high water demands in the
long-term future.
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1.1

Introduction
Background and relevance of the study

In recent years, climate change and its impact on the environment have become one of the main
concerns worldwide. Especially, its effect on agricultural systems has become a major problem,
considering the alarming global developments regarding water and food security (Hanjra and Qureshi,
2010; Schewe et al., 2014). The latest special report of the UN Intergovernmental Panel on Climate
Change (IPCC 2019) predicts, with high confidence, that future changes in climatic conditions will
exacerbate existing water and food shortages for billions of people. One of the main reasons
considered responsible for the expected food shortage is the inability to meet future agricultural water
demands (Fader et al., 2016). Globally, irrigation volumes have more than doubled since the 1960s
(IPCC 2019) and are likely to increase further due to climate change in regions with already limited
water supply (Wada et al., 2013; Wang et al., 2016).
In semi-arid and developing regions like Pakistan, agriculture is the most important economic sector,
employing nearly half of the population (Qureshi, 2011). A large part of agricultural workers are small
scale farmers, highly dependent on maintaining their productivity levels and becoming increasingly
vulnerable to climate change impacts and potential losses of income (Oxfam, 2009). At the same time
agricultural activities demand over 90% of the country’s fresh water resources (Fischer et al., 2007).
The projected increase in water scarcity, due to climate change along with the increasing demand of
the fast-growing population, poses a severe threat to the national food supply and to the productivity
of economically important cash crops such cotton, maize and rice (Khan et al., 2016; Qureshi, 2011;
Schewe et al., 2014).
The Long-Term Climate Risk Index 2019 (Eckstein et al., 2018), which indicates a level of exposure and
vulnerability to extreme climate events, ranks Pakistan amongst the 10 most affected countries (Fig.
1-1). In addition, as part of the Indus river basin irrigation system, which is primarily fed by glacier and
snow melt from the Himalayan mountains, the study area is considered a hot spot for the impact of
climate change on water availability and agricultural productivity, as it constitutes one of the world’s
largest irrigation areas highly dependent on water resources from outside the area (i.e. from the upper
Indus basin). Climate change impacts in the Himalaya mountains, the head waters of the Indus river
and its main tributaries like the Chenab river, will therefore be amongst the main controlling factor of
the downstream water availability (Immerzeel et al., 2010) (Fig. 2-1). Yet, it is still highly uncertain in
how far climate change will affect water availability and demand.
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Pakistan

Fig. 1-1: Global climate risk index ranking (Source: Germanwatch e.V.; Eckstein et al., 2018)

Studies on the current behavior of Himalayan glaciers, show on average a glacier retreat and a loss in
glacier mass balances (Bolch, 2019; Kulkarni and Karyakarte, 2014). Even though there is still a high
uncertainty about future glacier dynamics in the upper Indus basin, modeling studies project a
reduction in ice volume of 40% to more than 60% by 2100 (Bolch, 2019). Increasing glacier melt is
expected to lead to increasing runoff rates, until their “peak water” is reached by approx. 2050 - 2070
(Huss and Hock, 2018; Lutz et al., 2014), and later to a subsequent decrease. The extreme glacier-meltdependency of the entire LCC irrigation system depicts its high vulnerability to future
hydrometeorological dynamics in the upper catchments, which will have long term impacts on the
downstream hydrology.
Next to the uncertainty of water availability, climate change is significantly impacting local
temperatures in the study area. The research done in the scope of this thesis (chapter 6), as well as
Saeed and Athar (2018) estimate a mean increase in temperature of approx. + 1.6 °C until 2050.
Extreme temperatures, especially during the already hot summer months (> 35 °C Jun/Jul, Fig. 1-2)
which coincide with the main growing period of cash crops, will pose a severe stress on plant
productivity in this region (Ullah, 2017). Lobell and Burke (2008) point out that sensitivities of crops to
changes in temperature can be higher than their sensitivities to changes in water availability.
Temperature induced stress on agricultural productivity might therefore be the crucial factor in
limiting future agricultural yields in the study region.
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Fig. 1-2: Projected average monthly temperature increases under RCP 4.5 and RCP 8.5 for 2021-2030 and 20412050 for the study region. Black line represents the historical period 1996-2006.

Considering these developments regarding water resources availability and temperature trends, it is
therefore imperative to understand the role of environmental stresses on crop growth and resulting
plant water demand, in connection to water stress. Furthermore, improved knowledge about possible
impacts of temperature and water stress as well as their interlinkages on future crop growth will help
defining adequate adaptation strategies. In terms of adequate water availability for crop growths,
especially in semi-arid regions, previous studies highlight that there is still very limited understanding
of the potentials and limits of irrigation related climate change adaptation (Tack et al., 2017; Taraz,
2018); and that more research is needed to disentangle the effects of temperature and water stress
related climate change impacts on agricultural yields (Carter et al 2016).
The overarching aim of this thesis is therefore to investigate the impact of climate change induced
heat and water stress on agricultural water demand and productivity in the study area of the Lower
Chenab Irrigation System.

1.2

Research objective & research questions

Under the above-described circumstances the quantification of future water resources and the
potential impact of climate change becomes more and more important. Local and detailed quantitative
information on water demand and availability as well as information about future changes of the
3

hydrological system could help to better understand potential future risks related to water demand
and agricultural productivity. Yet, the more complex a system is, the bigger the challenge to get reliable
estimates of single process variables such as inflow, soil water storage, evapotranspiration, percolation
rates, surface runoff or groundwater recharge. In this context, hydrological models can be useful tools
to simulate multi-faceted systems and the complex interactions of various water balance parameters.
The assurance of a reliable model performance in the study area of the Lower Chenab Canal System is
a difficult task, as the region is characterized by complex and highly diverse agricultural practices, as
well as a nearly entirely human controlled hydrology (i.e., intensive irrigated agriculture without any
natural river network; Awan et al., 2016). In combination with sparse data availability for model
calibration and validation, it becomes a challenging undertaking to adequately implement hydrological
and bio-physical models in this region. Common methods of model calibration, validation, and
uncertainty analysis, where natural hydrological response variables are used to assess model
performance, cannot be applied and alternative approaches must be found.
Furthermore, focusing on climate change impacts and especially on the effects of temperature and
water stress on agricultural productivity, reveals the importance of model uncertainty, not only with
respect to model parameterization but also with respect to model structure. As (Jin et al., 2016) show
in a model comparison study for maize crops, model structural differences show significantly different
results in the response of plant productivity to stress factors such as heat and water stress.
To assure a sound modeling study, which accounts for the described difficulties in model
parametrization in a complex agricultural area and model structural uncertainty with respect to heat
and water stress, a strong focus is laid on the methodological part of the modelling process. The first
research objective of this thesis is therefore a careful model set-up, calibration, and validation of the
applied SWAT (Soil & Water Assessment Tool) model.
Research questions which are directing this first research objective are:


How can an agro-hydrological model be set-up, calibrated and validated, ensuring the
representation of the small-scale heterogeneity and physical correctness of hydrological
processes, in a highly human impacted environment?



Can a framework be developed which can help to acquire data of important water balance
parameters without the need of detailed input data set and which can be used to validate the
set-up of hydrological models?

The first question is addressed in chapter 4, which deals with the challenging set-up and complex
calibration of the SWAT (Soil & Water Assessment Tool)-model in the entirely human controlled
4

irrigation system of the LCC study area. It presents an alternative way of calibrating a hydrological
model using remotely sensed evapotranspiration (ET) data. Advantages and challenges of this
approach are discussed.
The second question is tackled in chapter 5, which presents how the collection of field data combined
with a modeling approach using the model Hydrus 1-D, can help to get reliable ET estimates.
Evapotranspiration data obtained by this approach can be used as validation data in ungauged sites,
such as the one selected for this thesis. Here it should be mentioned that the work for this part of the
thesis was undertaken with substantial support from Dr. Stephan Schulz. He assisted in the process of
the field campaign and took the lead for the work described in chapter 5 and for the publication, which
resulted from this work (see Schulz et al., 2021).

Only after this careful model set-up, calibration and validation the second research objective can be
addressed, which is the application of two models to assess climate change impacts on future
agricultural water demand and productivity as well as the evaluation of their different results with
respect to model structural differences.
Central research questions directing the second objective are:


How are agricultural water demand and productivity expected to change in future? Which
conclusion can be drawn for a more sustainable future water management and productivity in
this region?



How are structural model differences impacting the simulated yield response to changes in
climate variables?

In chapter 6, the SWAT model as well as the Agricultural Production System Model (APSIM) are applied
to get answers to the question how climate change will impact future agricultural water demand and
agricultural productivity.

5

2
2.1

Study Area
The Lower Chenab Canal System (LCC-System) in Punjab, Pakistan

The study area is located in the Lower Chenab Canal System Area (LCC) in Pakistan, which comprises
about 15,000 km2 of agricultural land and which is located on the floodplains between the rivers
Chenab in the north and river Ravi in the south of the study area (Fig. 2-1).
According to Köppen-Geiger, the climate in the Punjab region is classified as hot arid (Kottek et al.,
2006). Annual potential evaporation, more than three times larger than annual precipitation (approx.
1800 mm potential evaporation vs. approx. 500 mm rainfall), show a strong demand for additional
water supply for irrigation. The annual distribution of precipitation is characterized by monsoonal rain
events during summer months (July-August), accounting for approx. 75% of the annual total rainfall
(Awan and Ismaeel, 2014) and leaving the remaining months of the year with limited water resources
for rain-fed irrigation.
River Chenab is the main source for irrigation water supply in this area, receiving its waters from the
glacierized headwaters in the Himalaya mountains. This makes the region highly dependent on water
resources extracted from sources outside of the study area as well as highly vulnerable with respect
to climate change (see introduction section and Immerzeel et al., 2010).

Fig. 2-1: Study Area: Lower Chenab Canal Area (LCC, in red) within the Indus river basin in Pakistan
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To guarantee irrigation water supply throughout the year, the study area receives water through the
Indus Basin Irrigation System (IBIS), the world largest irrigation system. The entire hydrological system
of the LCC area is artificially built and managed to supply the necessary irrigation water (Fig. 2-2).
Irrigation channels are the only water courses in the study area and no further natural streams exist.
The channel discharge is exclusively determined by management decisions, following formal local
policies as well as informal local agreements. These sometimes subjective and therefore often
unpredictable decisions on water channel flows might interfere with, or even supersede, the natural
behavior of the hydrological system. This makes it extremely challenging to set up a hydrological
model, which is usually driven by the “natural” responses and interplay of water balance components
(e.g., the reaction of discharge to changes in precipitation).

Fig. 2-2: Spatial distribution of land-use classes and crop rotation patterns in the study area. The dense
irrigation channel network is displayed in light grey.

In theory, the scheduling of irrigation in the LCC area, follows the stringent local “Warabandi” irrigation
scheme with fixed water allocation schedules (Qureshi and Hussain, 1994). However, this stringent
system is sometimes relaxed by using alternative sources such as groundwater pumping and on-site
irrigation water storage (Qureshi et al., 2010), which helps to achieve a more plant demand-oriented
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irrigation. On the other hand this also leads to an increasing exploitation of local groundwater
resources (Habib, 2004).
During dry winter season (Rabi) the dominating crop type grown in the study area is winter wheat
while during the wetter summer (Kharif) the crop pattern diversifies and mainly cotton, maize, rice
and fodder are grown on small scale farm plots (Fig. 2-3). In the first part of the paper the entire
ensemble of land-use classes shown in figure 2-2 is used to parameterize the agro-hydrological model,
while the second part of the study focusses on climate change impacts on cotton, maize, and rice crops,
as these are central cash crop types in this region. Knowing about potential negative impacts on the
productivity of these crop types is therefore of paramount economic importance for this region.

Fig. 2-3: Typical small scale farm plots in the study region (close to Faisalabad city) on the plains between river
Chenab and river Ravi, in Punjab, Pakistan (picture R. Becker).
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3

Methods and Data

Detailed descriptions of the specific methods applied for the three main research fields of this thesis
can be found in the separate method sections in the respective chapters (chapters 4, 5 and 6). The
method section in chapter 4 outlines in detail the setup of the hydrological model and the complex
process of model calibration using remote sensing evapotranspiration data. Chapter 5 elaborates on
the establishment of a framework to acquire data for important water balance components for model
validation, and chapter 6 describes the methods of applying an ensemble of a hydrological model
(SWAT) and a biophysical crop model (APSIM) and the assessment of model structural differences.
The principal methods, models and data sets used for the studies are briefly outlined below.

3.1

SWAT model

General overview
In the first part of this research, the physically-based and spatially distributed agro-hydrological SWAT
model (Soil & Water Assessment Tool, Arnold et al., 2012) is setup and thoroughly calibrated. The
hydrological model SWAT simulates the quantity and quality of water flow within catchments,
incorporates detailed management strategies (e.g. irrigation schedule, planting schedule) and basic
plant physiognomic stages, e.g. root development, leaf area development, biomass change (Arnold et
al., 2012; Gassman et al., 2014). The main underlying principle for the simulation of water fluxes is the
water balance equation (Neitsch et al., 2009). By accounting for spatially distributed environmental
changes, it simulates their effects on individual water balance components. Its strengths are therefore
the closing of the hydrological cycle and the detection of spatially distributed changes in water
availability and demand.
Main reasons for the selection of SWAT for this study are its capabilities to incorporate detailed
management strategies such as irrigation scheduling and efficiency, planting schedule and plant
physiognomy, and to account for spatially distributed land-use and management changes and their
effects on single water balance components. Principal processes simulated by SWAT and APSIM are
displayed in figure 3-1. Processes which are studied in more detail in the scope of this thesis are
highlighted in bold and italic letters.
To adequately calibrate the SWAT model, an automated and spatially distributed model calibration
approach is applied, implementing the global Dynamically Dimensioned Search Algorithm (DDS,
Tolson and Shoemaker, 2007). To account for the spatio-temporal heterogeneity of water balance
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fluxes in the calibration process, remote sensing-derived evapotranspiration (ET) estimates are used
as observational data set. The remote sensing ET data is taken from (Usman et al., 2015a), who derived
monthly ET data for the study area based on the Surface Energy Balance Algorithm (SEBAL), developed
by (Bastiaanssen et al., 1998a). Model parameters are adjusted based on the fit between SWAT and
SEBAL ET values using Kling-Gupta Efficiency (KGE) as objective function. Reasons for the limitations
and challenges of this approach are discussed in chapter 4.

Fig. 3-1: Schematic representation of principal processes modelled with SWAT and APSIM. Processes which are
evaluated in more detail in this thesis are highlighted in bold and italic letters.

Model structural characteristics
To better understand the differences between the two models (i.e., SWAT and APSIM) which are
discussed in detail in chapter 6, structural characteristics of central variable estimations are outlined
here (for APSIM see the next subchapter). In the following an example of important model equations
is shown, which reveal discrepancies in their reaction to environmental stress variables (e.g., heat and
water stress). Differences in the results of the two models with respect to climatic changes (e.g.,
increasing temperatures = increasing heat stress), can therefore be ascribed, to the following structural
model inconsistencies.
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Potential biomass production (biom) calculated in SWAT is based on plant specific radiation-use
efficiency (RUE), which defines the conversion of intercepted light at the leaf surface into biomass, and
the amount of intercepted light available for photosythesis (Hphotosyn).
∆𝑏𝑖𝑜𝑚 = 𝑅𝑈𝐸 ∗ 𝐻𝑝ℎ𝑜𝑡𝑜𝑠𝑦𝑛

(1)

While the radiation-use efficiency itself is assumed to be independent of the plant growth stage, the
amount of intercepted light depends on the plant leaf area development (Neitsch et al 2009).
𝐻𝑝ℎ𝑜𝑡𝑜𝑠𝑦𝑛 = 0.5 ∗ 𝐻𝑑𝑎𝑦 ∗ (1 − exp(−𝑘𝑙 ∗ 𝐿𝐴𝐼𝑎𝑐𝑡 )

(2)

With Hday being the incident total solar radiation, kl being the light extinction coefficient and LAI being
the leaf area index.
The leaf area index, which controls the amount of intercepted light, is simulated dynamically based on
the concept of potential heat units (PHUs). The heat unit theory assumes plant specific temperature
requirements for the different phenological stages of plant maturation, denominated as “heat units”,
or more commonly known as “growing degree days”. Heat units are accumulated over time and control
the leaf and plant growth until a maximum LAI and plant maturity is reached, after which leaf
senescence begins and LAI declines.
To estimate the actual plant growth, the actual LAI (LAIact) and the actual biomass growth (biomact) are
reduced according to the stress experienced by plants due to extreme temperature stress (tstrs).
Water stress (wstrs) and nutrient stresses (nstrs and pstrs) are reduced to a minimum in the study by
assuring constant irrigation and sufficient fertilization.
∆𝐿𝐴𝐼𝑎𝑐𝑡 = ∆𝐿𝐴𝐼 ∗ √(1 − max(𝑤𝑠𝑡𝑟𝑠, 𝑡𝑠𝑡𝑟𝑠, 𝑛𝑠𝑡𝑟𝑠, 𝑝𝑠𝑡𝑟𝑠))

(3)

∆𝑏𝑖𝑜𝑚𝑎𝑐𝑡 = ∆𝑏𝑖𝑜𝑚 ∗ (1 − max(𝑤𝑠𝑡𝑟𝑠, 𝑡𝑠𝑡𝑟𝑠, 𝑛𝑠𝑡𝑟𝑠, 𝑝𝑠𝑡𝑟𝑠))

(4)

Finally, yield is estimated in SWAT by multiplying the actual biomass, produced at the time of harvest,
by a plant specific harvest index (HI).
𝑌𝑖𝑒𝑙𝑑 = 𝑏𝑖𝑜𝑚𝑎𝑐𝑡 ∗ 𝐻𝐼𝑎𝑐𝑡

(5)

The harvest index depends on the fraction of accumulated potential heat units (frPHU) and is defined as
100∗𝑓𝑟𝑃𝐻𝑈
).
𝑃𝐻𝑈 +exp[11.1−10∗ 𝑓𝑟𝑃𝐻𝑈 ]

𝐻𝐼 = 𝐻𝐼𝑜𝑝𝑡 (100∗ 𝑓𝑟

(6)
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The actual harvest index (HIact in eqn. 5) is a reduced HI, depending on the impact of water deficit
stresses. In this study water deficit is close to zero and HI = HIact, due to constant and demand-based
irrigation. Optimal harvest indices (HIopt) used in this study are 40% for cotton and 50% for maize and
rice, according to Awan et al., (2016).
This procedure shows that SWAT simulations of leaf area development, biomass and ultimately yield
production are highly dependent on one single dominating environmental stress factor. In this study
this results in a strong sensitivity of plant productivity to temperature stress, which leads to significant
reductions of LAI, biomass and yield with increasing temperatures.

3.2

APSIM model

General overview
The Agricultural Production System Simulator (APSIM; Holzworth et al., 2014) is a biophysical crop
modelling framework which simulates agricultural crop dynamics with respect to varying climatic and
environmental conditions. It has been used extensively to assess climate change impacts on
agricultural productivity (e.g. Deihimfard et al., 2018; Liu et al., 2013; Williams et al., 2015). Model
performance and applications are studied in depths within the scope of the Agricultural Modelling
Intercomparison and Improvement Project (AgMIP; Rosenzweig et al., 2014), in which the APSIM
model was applied in the same study region of southern Punjab to assess climate change impact on
crop production. Focus and strength of the APSIM framework is the plant-specific simulation of
biophysical dynamics with respect to changes in the environment. Due to its modular approach, with
individual sub-models for each crop type, it can account for plant specific reactions to climate change.
It uses the Ozcot Model for cotton simulations (Hearn, 1994), the CERES-based maize model for maize
simulations (Jones and Kiniry, 1986) and the Oryza2000 model for rice simulations (Bouman et al.,
2001). Each model accounts for crop specific physiologies such as plant phenology, photosynthesis,
plant stresses, nutrient cycling and carbon allocation.
Model structural characteristics
The main difference to SWAT is the strength in accounting for detailed bio-physical processes. The
cotton model for example, includes a plant respiration factor (Resp) in the photosynthesis calculation
(adopted from Hearn 1994).
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𝐻𝑝ℎ𝑜𝑡𝑜𝑠𝑦𝑛 = 2.391 + 𝐻𝑑𝑎𝑦 (1.374 − (0.0005415𝐻𝑑𝑎𝑦 )) ∗ (1 − exp(−𝑘𝑙 ∗ 𝐿𝐴𝐼)) − 𝑅𝑒𝑠𝑝

(7)

The respiration factor is affected by temperature and water stress. Thus, the photosynthesis and
carbon assimilation part already account for the direct impact of stress factors and not only indirectly
through LAI (eqn. 2). The maize model uses a similar concept to SWAT for the estimation of the light
driven biomass production but directly includes temperature, phosphorus, and nitrogen stresses into
the calculation (adopted from Jin et al 2016).
∆𝑏𝑖𝑜𝑚 = 𝐻𝑑𝑎𝑦 ∗ 𝑅𝑈𝐸 ∗ min{𝑤𝑠𝑡𝑟𝑠, 𝑡𝑠𝑡𝑟𝑠, 𝑛𝑠𝑡𝑟𝑠, 𝑝𝑠𝑡𝑟}

(8)

Accounting for all stresses (i.e., water, temperature, and nutrients) in different phenological stages,
makes the APSIM models less sensitive to one single dominating stress (= temperature stress in SWAT).
Yet, some stages are lacking the impact of temperature stress, which might lead to an overestimation
of plant productivity in environments, where temperature stress is high while the remaining stresses
are low. The cotton model for example does not account for heat stress in the initial parts of leaf area
development. In the leaf area formation, temperature stress is not considered until the first square
event. After the first square event, it is indirectly included through vapor pressure deficit (VPD).
∆𝐿𝐴𝐼𝑎𝑐𝑡 = √0.1847 − 0.1165 ∗ 𝑆𝑀𝐼 − 1.514 ∗ 𝑉𝑃𝐷 + 1.984 ∗ 𝑆𝑀𝐼 ∗ 𝑉𝑃𝐷

(9)

When the soil moisture index (SMI) and VPD are low (as in the case of the intensively irrigated and
from monsoon rainfall impacted region), LAI development will hardly be affected by environmental
stresses. This is one reason for the strong differences between SWAT and APSIM results regarding their
LAI estimations.
Yield estimations of the APSIM models are based on crop specific fruiting dynamics rather than on the
more stringent harvest index (HI) method used in SWAT. Yield is estimated based on grain number and
grain filling (maize and rice) or ball growth rates (cotton), which makes it less dependent on LAI and
dry matter production. This explains, why yield declines are projected even under strengthening leaf
area development.
By comparing both models, model strengths and weaknesses as well as the effect of main structural
differences between the two models are analyzed (see chapter 6).

13

3.3

Climate data - data sources and pre-processing steps

Historical climate data
For the assessment of past and future climate condition CFSR data (Climate Forecast System
Reanalysis; Saha et al., 2010) is taken as historical reference climate data for a baseline period, from
1996-2005. The product offers historical climate data on a 0.25° x 0.25° grid. To ensure the accuracy
of the baseline data set, the CFSR data is bias-corrected using climate records of three available local
climate stations, located in and in close proximity to the study area (namely: Faisalabad, Lahore and
Sialkot, see Fig. 2-2). Non-parametric quantile mapping is used as statistical fitting method between
observed and simulated data over the entire available period 1979-2014. The bias correction is
conducted using the R-package “Qmap” (Gudmundsson et al., 2012).

Fig. 3-2: Results of bias correction procedure. Station data vs. uncorrected and bias-corrected CFSR data

Figure 3-2 shows the fit of the reanalysis data before and after the bias correction, for precipitation
and mean temperature. It shows that the bias correction procedure was successful in removing the
negative bias of original CFSR precipitation data as well as the positive bias of summer temperatures.
Winter temperatures are "over corrected" and are now slightly underestimating temperatures from
November until March. As the study focuses on climate impacts during the summer period (MayOctober), where a clear improvement of the fit between observed and bias corrected CFSR data can
be achieved, these results are accepted as such, despite the winter-deviation from the observed data.
The same correction procedure (i.e., quantile mapping) is used to correct the remaining climate
variables, namely relative humidity, solar radiation and windspeed, which are used by SWAT to
calculate evapotranspiration rates according to Penman-Monteith (results not shown).
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Data of future climate projections
Data for the climate change assessment is taken from the Coordinated Regional Climate Downscaling
Experiment (CORDEX; www.cordex.org), which provides a suite of regional climate projections based
on Global Climate Models of the Coupled Model Intercomparison Project, Phase 5 (CMIP5; Taylor et
al., 2012). The scenarios are based on the IPCC RCP scenarios 4.5 and 8.5 and are used to assess
possible climate trends until 2050.
First, daily CORDEX climate projections, of 15 climate models of the South-Asian CORDEX domain, at a
resolution of 0.44° x 0.44° are selected (for specific model names see Fig. 3-3). CORDEX hindcast data
of the same 15 GCM-RCM model combinations, is used to test the fit of CORDEX model outputs with
the chosen baseline climate data from the CFSR-data set. Here, the maximum overlapping period of
the data products (1979-2005) is used to test their agreement. The performance of single CORDEX
GCM-RCM combinations with respect to the baseline climate data is displayed in Figure 3-3, which
shows their goodness of fit in terms of standard deviation, correlation and RMSE, with respect to each
climate variable (i.e., precipitation, temperature, solar radiation, relative humidity, and wind speed).

Fig. 3-3: Goodness-of-Fit between CFSR Reanalysis Data (observed) and CORDEX GCM-RCM models (triangles
and points), showing correlation, RMSE and standard deviation as goodness-of-fit measures.

The unsatisfactory performance of all models which employ the Regional Climate Model “RegCM4-4”
for downscaling purposes (Figure 3-3, triangles), leads to the exclusion of these models. Based on the
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goodness of fit between CORDEX and CFSR data, the data sets of all 9 models which use “RCA4”
Regional Climate Models for downscaling (Figure 3-3, points) are selected.
To minimize any further bias, which the data sets of 9 selected RCMs still present, a commonly used
linear scaling correction approach (Teutschbein and Seibert, 2012) is applied to each ensemble
member and to each climate variable. Here, the relative changes, based on 10-year monthly mean
difference between CORDEX hindcasts (1996-2005) and CORDEX future forecasts (2021-2030 and
2041-2050) are used as correction factors to create new daily future climate times series. The final
future climate time series consist of the daily CFSR baseline data plus the added difference between
CORDEX hindcasts and CORDEX future data, defined by the respective monthly correction factors.

3.4

Additional model input data: Land use, soil & agricultural management data

Further datasets needed to set up the SWAT and the APSIM model are information on land cover data,
topography, soil characteristics, agricultural management rules and the above-mentioned
meteorological time series. Sources, as well as temporal and spatial resolution for each dataset used
in this study are summarized in table 3-1.
Tab. 3-1: Model input data sets
Variable
DEM

Spatial Resolution
90 m

Temporal Resolution
-

Source
SRTM, NASA

Soil Map

500 m

-

Water and Soil
(WASID), Pakistan

Soil characteristics
(lab analysis)

Point data

-

Field campaign conducted in the scope of
this thesis. (https://doi.pangaea.de/10.1594/PANGAEA.

Investigation

Division

921389 (Schulz, 2020).

Land-use map

250 m

annual

Awan and Ismaeel (2014)

Agricultural
Management

-

-

Local observations & communications (see
table 3-2)

Meteorological Data
CFSR reanalysis data
CORDEX

Point data (3 stations)
0.25° x 0.25°
0.44° x 0.44°

daily
daily
daily

Pakistan Meteorological Department (PMD)
Saha et al. (2010)
www.cordex.org

Land use data
The land use map which is used in this study is displayed in figure 2-2. Detailed information in the
generation and quality control of the land use data can be found in Awan et al. (2016) and Awan and
Ismaeel (2014). In the last part of this thesis, the focus is laid on climate change impact on cotton,
maize, and rice crops. Their spatial distribution in the study area can be seen in figure 6-1.
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Soil data
Information on the spatial distribution of soil classes were derived from the Pakistani Water and Soil
Investigation Division (WASID), which as kindly provided by Dr. Awan (see Awan et al., 2016). Detailed
physical soil characteristics were obtained from soil samples, taken and during a field campaign and
analysed in the soil laboratory at the Technical University of Darmstadt (see also chapter 5 for more
details on the field campaign). The soil data is available on the openly accessible data repository
https://doi.pangaea.de/10.1594/PANGAEA.921389 (Schulz et al., 2020).

Agricultural management data
Data on agricultural management strategies such as irrigation rules, and irrigation scheduling, as well
as irrigation efficiency, plant types and fertilizer rules are based on local communications and
observations during the visits to Pakistan. Principal management parameters which were integrated
into the SWAT and APSIM models are listed in table 3-2.

Tab. 3-2: Agricultural management strategies in the study area
Parameter
Irrigation frequency
Irrigation efficiency
Irrigation trigger
Fraction of available soil
water below which irrigation
is applied
Fertilizer application
Fertilizer type
Sowing rule
Cultivar type - cotton
Optimal temperature cotton
Base temperature cotton
Cultivar type - maize
Optimal temperature maize
Base temperature maize
Cultivar type - rice
Optimal temperature rice
Base temperature rice
Row spacing, density of plants

APSIM

SWAT

demand based
0.7
soil water deficit

demand based
0.7
soil water deficit

0.9
on sowing date and each 14 days
Urea_N
fixed date
S71BR
25
8
Pioneer_3153
15
8
BR3
30
8
according to local practices

0.9
with irrigation
Urea
fixed date
not specified (from SWAT data base)
30
15
not specified (from SWAT data base)
25
8
not specified (from SWAT data base)
25
10
not specified in SWAT model
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4

Spatially distributed model calibration of a highly managed hydrological
system using remote sensing-derived ET data

As outlined above, the specific characteristics in the study area of the Lower Chenab Canal System, in
Pakistan, made the setup of a hydrological model particular challenging. The following chapter
describes, how the setup and the complex calibration was undertaken in order to ensure the
representation of the small-scale heterogeneity and physical correctness of hydrological processes, in
this highly human impacted environment.
4.1

Introduction

The importance of calibrating and validating hydrological models and thereby assessing their
uncertainties before using them for predictions and decision making is unquestionable. However, with
increasing model complexity the calibration procedure has become increasingly difficult. For example,
problems with unique parameter identification of large unknown model parameter sets (i.e. model
equifinality) and issues of model and data uncertainties become more severe (Abbaspour et al., 2017;
Gupta et al., 1998; Zhang et al., 2008), especially in highly managed systems with small scale
agricultural practices, and spatially as well as temporarily diverse hydrological processes (Bastiaanssen
and Bandara, 2001). Furthermore, due to intensive human actions as well as due to climate change,
hydrological systems became statistically non-stationary (Fatichi et al., 2016), which makes the
calibration of physically based water balance models for such impacted systems very challenging.
To capture the interdependency of various water fluxes and the spatio-temporal heterogeneity of
hydrological processes, calibration should preferably be done with process-based variables, which
reflect the relevant interactions of the numerous water balance components (Arnold et al., 2012).
Streamflow is therefore most often taken as calibration variable as its dynamic can be closely related
to variations in water balance components such as evapotranspiration (ET), surface runoff, interflow,
and infiltration or percolation rates. Hence, observed and simulated hydrographs are commonly
compared, and discharge-based objective functions serve as evaluation criteria for model
performance. However, using streamflow data for calibration is difficult in areas, which lack run-off
information or even the presence of a natural river network.
To tackle the calibration challenge, ET data have gained importance in the calibration process of
hydrological models, and have been used for calibration in various studies (Legates and McCabe, 1999;
Lopez Lopez et al., 2017; Rajib et al., 2018; Rientjes et al., 2013; Tobin and Bennett, 2017). One
advantage is that ET data can be derived from remote sensing platforms, making spatio-temporally
distributed calibration data available. Moreover, ET serves as an overall indicator for surface water
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availability, independent of the cause of its availability, i.e. if water allocation was human or naturally
induced. Hence, from ET, principal changes in hydrological processes can still be inferred even if
surface water availability is controlled by often unknown human decisions.
Examples for such controlled systems are entirely managed irrigation schemes, where irrigation
channels are the only water courses in the study area and no further natural streams exist. As outlined
in the study area section (chapter 2), in the LCC region the channel discharge is exclusively determined
by management decisions, following formal local policies as well as informal local agreements. These
sometimes subjective and therefore often unpredictable decisions on water channel flows might
interfere with, or even supersede, the natural behavior of the hydrological system. Thus, streamflow
becomes inappropriate as fitting variable during calibration (Immerzeel and Droogers, 2008). A
successful inverse estimation of spatially distributed model parameters through calibration based on
these entirely managed runoff values is therefore highly unlikely. In this case, an alternative way of
model calibration has to be applied. This approach has to account for the spatial heterogeneity of
water balance fluxes and at the same time, it has to be independent from unforeseeable water
management decisions.
In addition, to be able to address research questions on changing hydrological fluxes with respect to
changing land use or small-scale agricultural management strategies, an evaluation of the distributed
behavior of the model beyond just catchment integrated performance is needed (Zink et al., 2018).
The implementation of such a spatial evaluation into the calibration procedure, as well as the high
number of model parameters, which need to be parameterized, make a trial and error calibration of
complex distributed models unfeasible (Usman et al., 2018). For this reason, automated calibration
strategies, which use optimization algorithms to find the best parameter values, are increasingly used
for parameter estimation. Several studies exist on the application of automated calibration procedures
for lumped models (Sorooshian et al., 1993; Vrugt et al., 2003), and since the past decade these
approaches have also been used for spatially distributed models (Campo et al., 2006; Immerzeel and
Droogers, 2008; Li et al., 2018; Zink et al., 2018). Immerzeel and Droogers (2008) used remotely sensed
ET data to calibrate a spatially distributed SWAT (Soil & Water Assessment Tool) model in an
automated calibration approach. A comparable methodology, using the same model and ET estimation
procedure, will be presented here. In this study, however, a stronger focus is laid on the challenges of
using remote sensing-derived ET data for model calibration in a highly diverse agricultural setting.
Past studies outline the complexity of spatially distributed hydrological model applications in irrigation
systems and intensively used agricultural areas (Droogers et al., 2000; Jiang et al., 2015) and also
specifically of SWAT model applications in such managed regions (Awan et al., 2016; Dechmi et al.,
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2012). Yet, the application of automated calibration strategies using remote sensing-derived ET data
for models of entirely managed irrigation system has not yet been studied in depth.
Key subjects this study addresses are therefore (i) the calibration of a spatially distributed hydrological
model of an entirely managed irrigation system using satellite ET measurements, and (ii) to evaluate
the suitability of ET data, derived from a Surface Energy Balance Algorithm (SEBAL), for calibrating a
SWAT model in such a complex agricultural setting. Finally, the potential and limitations of this
calibration approach is examined to assess the importance of spatial information in the observation
data set used for calibration.

4.2

Materials and Methods

SWAT Model
The Soil & Water Assessment Tool (SWAT) model software (Arnold et al., 1998) is used for this study
(see also chapter 3 for a more detailed model description). Basic datasets needed to set up a SWAT
model are topography, soil characteristics, land cover data and meteorological time series. Sources, as
well as temporal and spatial resolution for each dataset used in this study are listed in chapter 3, table
3-1. In addition, crop rotation patterns are considered and specific planting and harvesting times are
defined for each major crop type according to Figure 4-1.

Fig. 4-1: Agricultural land-use classes in the study area and their planting (green/hatched), irrigation (blue) and
harvesting (orange/crosshatched) times. White color indicates fallow land/no irrigation. Kharif = wet,
summer season. Rabi = dry, winter season.

The spatial discretization is represented in SWAT by hydrological response units (HRUs), each
representing specific soil, land-cover, and topographic characteristics. Their extent in the study area
varies from approx. 0.008 km2 to 340 km2, with a mean extent of approx. 20 km2. The size of an HRU
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depends on the homogeneity of the underlying soil, and land-use characteristics, with larger sizes for
homogeneous and smaller sizes for heterogeneous landscape patterns, respectively.
Irrigation is assumed to be demand-based, i.e., an irrigation supply function is automatically activated
every time water availability falls below a water demand threshold. Even though the irrigation
schedule in the study area is supposed to follow the stringent local “Warabandi” irrigation scheme
with fixed water allocation schedules (Qureshi and Hussain, 1994), irrigation according to plant water
demand better represents the actual local irrigation practice, where groundwater pumping and onsite irrigation water storage are leading to a more flexible and demand-based irrigation (Qureshi et al.,
2010). Administrative boundaries of the so called “irrigation sub-divisions” (Fig. 2-2) are used to
delineate pre-defined artificial sub-catchments. The reason for this artificial catchment delineation is
the local surface water allocation system. Apart from precipitation, surface water availability for
agricultural purposes is entirely human controlled and its allocation strictly follows the administrative
rules of irrigation canal command areas. This, however, implies that sub-catchments are purely
administratively defined and are not bounded by topography. This again infers that a model based on
these artificial sub-catchment delineations can only calculate water balance components correctly, if
surface and subsurface flows between these “catchments” are negligible – an assumption, which
seems very plausible considering the entirely flat nature of the study area (Fig. 2-3), the restricted
surface runoff due to dams surrounding the fields to enable furrow and flood irrigation, as well as the
high plant water demand which leads to negligible horizontal water movement.
Hence, to ensure a suitable SWAT model application in the study area with its specific local
characteristics, the following assumptions are made: (i) irrigation is driven by plant water demand; (ii)
no lateral flow exists between HRUs; (iii) streamflow is ignored as a valid response variable due to the
fact that water availability in the channels is entirely human-controlled and no natural streams exist,
which could indicate a natural response to changes in hydrological fluxes. Consequentially, routing
routines are disabled, and the entire analysis of the model outputs is based only on HRU level and no
further spatial aggregation (e.g., basin or sub-basin scale) is made. Therefore, SWAT is used for this
study rather like a land-surface model than a conventional surface-runoff model.
This unconventional SWAT model set up adds to the fact that discharge cannot be used for calibration.
Hence, a spatially distributed calibration on HRU level becomes necessary to guarantee a sound
evaluation of the model performance. In this study we take actual ET (ETact) as fitting variable, as it can
be used to derive spatially distributed information on surface water fluxes.
Actual ET (ETact) is calculated in SWAT as the sum of the potential evaporation from the intercept
storage (rainwater trapped in the plant canopy), actual soil water evaporation and actual plant
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transpiration. Potential soil water evaporation and potential plant transpiration are calculated in SWAT
using the Penman-Monteith ET equation (Eq. 10)
(𝑒𝑠 − 𝑒𝑎 )
1 Δ(𝑅𝑛 − 𝐺𝑜 ) + 𝜌𝑎 𝑐𝑎
𝑟𝑎
𝐸𝑇 =
𝑟𝑠
𝜆
Δ + 𝛾(1 + 𝑟 )
𝑎

(10)

Where ET is the potential evapotranspiration [mm day-1], 𝑅𝑛 is the daily net radiation [MJ m-2 day-1],
𝐺𝑜 is the soil heat flux [MJ m-2 day-1], 𝜌𝑎 is the mean density of air at constant pressure [kg m-3], 𝑐𝑎 is
the specific heat of air [MJ kg-1 °C-1], (𝑒𝑠 − 𝑒𝑎 ) is the vapor pressure deficit of the air [kPa], 𝑟𝑎 and 𝑟𝑠
are aerodynamic and bulk surface resistances [s m-1], Δ is the slope of the saturation vapor pressure
curve [kPa °C-1], 𝛾 is the psychrometric constant [kPa °C-1] and 𝜆 is the latent heat of vaporization [MJ
kg-1].
SWAT calculates reference ET (ETref) with fixed resistance factors for a reference alfalfa crop, as well
as a plant type specific potential ET (ETp), with varying plant specific 𝑟𝑎 and 𝑟𝑠 parameters.
Meteorological data from local climate stations is used to retrieve the climate parameters. Leaf area
indices as well as crop heights are used to determine aerodynamic and surface resistances of specific
crop types for estimating ETp. Following, ETref is used to estimate the potential soil water evaporation,
where ETref is adjusted for evaporation of free water in the canopy and is then related to the degree of
soil shading, to account for ET reducing effects due to soil cover by plants.
Actual soil water evaporation is then calculated using a biomass dependent soil cover index and
information on available water storage capacity (AWC-coefficient) in the soil. The AWC-coefficient,
controlling the available water storage capacity, was found to be highly sensitive with respect to ET
variations and is therefore used as one of the calibration parameters. ETp is taken as the maximum
possible plant transpiration and is adjusted according to the available water in the soil profile to
estimate actual plant water uptake which equals the actual plant transpiration. Using the plant uptake
compensation factor (EPCO-coefficient) the depths from where water is allowed to be used for plant
uptake can be adjusted. This parameter was likewise found to be highly sensitive in controlling ET in
the study and is therefore also included into the calibration parameter set (Table 4-2).
Finally, the SWAT model is run on a monthly basis to generate a monthly ET time series with a spatial
resolution identical to the resolution of the model HRUs. This means, that the SWAT ET output is not
a gridded product, but holds HRU discretization and therefore land-use, soil and topography
dependent ET information.
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SEBAL
Remote sensing data provide spatially distributed information on actual ET and thus enables the
possibility for a spatially distributed calibration procedure. In this study, ETact estimates from Usman
et al. (2015a) are used, who derived spatio-temporal ETact estimates from MODIS satellite data using
the Surface Energy Balance Algorithm (SEBAL) approach, briefly described below.
The SEBAL (Surface Energy Balance Algorithm) approach (Bastiaanssen et al., 1998a, 1998b), was
developed to estimate spatially distributed information on surface energy balances. It is based on the
land surface energy balance theory, which relates the single incoming and outgoing energy
components through the energy balance equation
Rn = G0 + H + LE

(11)

where Rn = net radiation, G0 = ground heat flux, H = sensible heat flux and LE = latent heat of
vaporization (all in W m-2). The energy required for ET (= latent heat of vaporization (LE)) can therefore
be calculated as the residual term of the equation
LE = Rn - G0 – H.

(12)

SEBAL solves this equation by retrieving surface characteristics such as surface albedo, normalized
differenced vegetation indices (NDVIs), surface temperature, and emissivity based on remotely sensed
information of spectral radiances in the visible, near infrared, and thermal infrared spectrum. Using
these derived surface characteristics, SEBAL converts the spectral information into the surface energy
fluxes Rn, G0 and H to estimate LE. The computation of sensible heat flux (H) is hereby the most
challenging part. H is calculated by
H = (𝜌𝑎 + 𝑐𝑎 + ΔT) / 𝑟𝑎

(13)

where all constants are as listed above (Eq. 10) and ΔT is the vertical temperature difference between
two heights. The unknown ΔT is calculated by using the hottest and the coldest pixels of the remote
sensing image as anchor pixels where maximum and minimum LE is sensed. It is assumed that H of all
other pixels relate linearly to the derived slope of ΔT. The aerodynamic resistance factor 𝑟𝑎 , depends
amongst other parameters on land cover (i.e., plant type) dependent parameters, such as plant height
to define the roughness length for heat transfer. This information is derived from land use maps or
using the derived albedo and NDVI data.
Once Rn, and H are computed (G0 is neglected due to daily calculation of ET), LE can be calculated and
is then used to define the instantaneous evaporative fraction (EFins), by
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EF(ins) = LE/(LE + H)

(14)

to finally calculate daily ET by
ET(day) = (86400*103)*(EF(ins))*( Rnday/(λ*ρw)

(15)

where Rnday is daily net radiation (W m-2), λ is latent heat of vaporization (J kg-1) and ρw is the density
of water (kg m-3).
To average daily ET to a monthly value, daily ET is related to a reference ET (ET ref), which can be
calculated on a daily basis using the Penman-Monteith equation and daily meteorological data.
Subsequently, the cumulative ETref of all days of a respective months is used to derive the ratio of the
cumulative to a monthly average ET value. This ratio is finally used to convert daily ET to monthly ET.
Usman et al. (2015b) derived monthly ET data using MODIS (level 1-B) data for the study area and
developed a time series of monthly ET for 2005-2012, with a spatial resolution of 1 km x 1 km grid cells.
The product was validated using the advection aridity method (Usman et al., 2015b, 2015a), resulting
in Nash-Sutcliffe efficiencies of 0.92 and 0.71 for dry (Rabi) season and wet (Kharif) season,
respectively. A validation using observed data from lysimeters or other point estimates, like Bowen
energy balance and eddy covariance estimates, was not feasible due to the lack of this information for
the study area. Noteworthy, Usman et al. (2015b) also reported difficulties in retrieving accurate ET
data during wet season, especially during the monsoon months, due to the lack of cloud free satellite
images. For this reason, the months July and August are excluded from the ET time series used for
calibration. For the remaining months the images of the two years 2009 and 2010 show the highest
data quality (i.e. lowest cloud cover, least data gaps) and are therefore chosen as calibration data set
for this study.
To be able to compare the pixel based SEBAL ET data set with the HRU based SWAT ET data set, which
differ in spatial resolution, a new SEBAL based ET data set is created which projects SEBAL ET
information to the HRUs. In cases where the HRU areas exceeded the extent of a SEBAL pixel, the mean
of all SEBAL pixels within one HRU was calculated for the respective HRU area. To assure a good
correspondence of the SWAT HRUs and the respective SEBAL ET data, only HRUs representing the most
dominant land-use classes (each covering more than 10% of the catchment area) are selected for
calibration. Thus, small areas with higher uncertainties in the land-use class estimation and therefore
with higher uncertainties in ET estimates are excluded from calibration. Following these selection
criteria, 293 out of 780 HRUs are finally chosen and the respective “observed” ET time series were
extracted from the original SEBAL data set. Hereafter, the term “SEBAL ET data” refers to the extracted
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and HRU based SEBAL data set and has to be distinguished from the original, pixel based SEBAL data
set, which we will denote as “original SEBAL data”.
A third and modified SEBAL ET product is created (referred to as “modified SEBAL”), which is based on
the SEBAL ET product but includes plant specific ET information. To account for the land-use
dependent ET variations, a modification of the SEBAL data set was designed by multiplying each
monthly SEBAL ET value with a land-use class specific correction factor for each HRU. The correction
factor is derived from crop specific temporal ET patterns (ETc). ETc is estimated for each land-use class
using the FAO CROPWAT model approach, which simply multiplies a reference ET with a crop specific
coefficient (Kc; Allen et al., 1998a). The monthly correction factor for each crop type is given by the
monthly ratio of each land-use specific ETc to the mean ETc of all land-use classes, estimated by
CROPWAT (Tab. A 4-1, Annex). The monthly SEBAL ET value of each HRU is then multiplied by this
monthly land-use class specific correction factor. The characteristics of the different SEBAL and SWAT
ET products are summarized in Table 4-1.
Tab. 4-1: Different ET data sets and their spatial resolution
Name of ET data set

Spatial resolution

SWAT ET
Original SEBAL ET
Unmodified SEBAL ET / SEBAL ET

HRU extent
Gridded / MODIS based
HRU extent / A mean ET value of the original SEBAL ET is
extracted for each SWAT HRU
HRU extent / Each HRU of the unmodified SEBAL data set is
corrected with a crop specific ET correction factor

Modified SEBAL ET

on average 20 km2
1 km x 1 km
on average 20 km2
on average 20 km2

Calibration procedure
The calibration procedure, applied in this study follows the workflow summarized in Figure 4-3: After
the initial SWAT model setup, the model is calibrated using SWAT simulated ET as calibration variable
and the unmodified SEBAL ET data set as “observed” data. A set of 44 parameters is adjusted during
calibration to optimize the Kling-Gupta efficiency criteria (KGE) between SWAT and SEBAL ET values.
Non-satisfactory initial calibration results make a second calibration necessary. In the second
approach, the modified SEBAL ET data set is used, which better accounts for detailed crop specific ET.
Finally, the calibration outputs are validated to assess the calibration success and transferability of the
results.
DDS - Optimization algorithm
The optimization algorithm used in calibration is a crucial factor in parameter estimation (Singh Vijay
P. and Woolhiser David A., 2002). In this study we apply the Dynamically Dimensioned Search
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Algorithm (DDS) which was developed by Tolson and Shoemaker (2007), to efficiently solve complex
calibration problems with a high number of fitting parameters. It has been applied in the calibration
of spatially distributed hydrological models (Lin et al., 2017; Tolson and Shoemaker, 2007) and its
performance has been discussed by (Behrangi et al., 2008). The difference of DDS compared to other
commonly applied global search algorithms (e.g. shuffled complex evolution algorithm (SCE) (Duan et
al., 1994, 1993)), is the way the search space is dynamically adjusted by successively decreasing the
parameter dimension until the number of iterations reaches its user defined limit. For this study, the
DDS was set up with 44 parameters (Tab. A 4-2, Annex) and 10,000 iterations using the software
Ostrich (Matott, 2017).

Fig. 4-2: Workflow of the calibration procedure
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Calibration parameters
A first selection of 12 calibration parameters (Tab. 4-2) was made based on most commonly selected
SWAT calibration parameters used in previous SWAT-calibration studies (Abbaspour et al., 2015;
Zambrano-Bigiarini and Rojas, 2013; Zhang et al., 2008), as well as parameters, which were found to
be most sensitive with respect to changes in ET according to a manual trial and error tests. The preselection of these 12 parameters was then tested for sensitivity using the Latin-Hypercube One-factorat-a-time (LH-OAT) sampling strategy (van Griensven et al., 2006). As a result, the five most sensitive
parameters for the SWAT model of the study area with respect to changes in evapotranspiration could
be identified. Only these parameters (highlighted with * in Tab. 4-2) were used in the calibration
process. Subsequently, these five model parameters were further differentiated based on their
dependency on individual soil or land-use classes as well as on soil depth, resulting in 44 parameters
to calibrate. Initial values are within the range of the given maximum and minimum values but vary
with land-use class, soil class, and soil depth, respectively. The parameter ranges were defined based
on SWAT suggested minimum and maximum values for “unmeasurable” model parameters (e.g. EPCO,
ESCO, CN II) and on estimates used in previous studies in this region (Awan et al., 2016).
Tab. 4-2: SWAT parameters selected for initial sensitivity analysis (all) and for final model calibration (*)
#
1*
2*
3*
4*
5*
6
7
8
9
10
11
12

Parameter
Plant uptake compensation factor
Initial SCS CN II value
Available water capacity
Ground water delay time
Saturated hydraulic conductivity
Soil evaporation compensation factor
Organic carbon content
Maximum rooting depth
Moist bulk density
Base flow alpha factor
Deep aquifer percolation fraction
Maximum canopy storage

Parameter name
EPCO
CN2
SOL_AWC
GW_DELAY
SOL_K
ESCO
SOL_CBN
SOL_ZMX
SOL_BD
Alpha_BF
RCHG_DP
CANMX

Unit
mm H2O/mm soil
days
mm/h
% soil weight
mm
g/cm3
days
mm H2O

Range
min
0
35
0.01
0
0
0
0
600
0.95
0
0
0

max
1
85
0.20
500
500
1
10
2000
1.90
1
1
20

Objective function
It is widely suggested to treat the calibration problem of hydrological models as a multi-objective
problem (Gupta et al., 2009, 1998; van Griensven and Bauwens, 2003) , i.e. using either multi-variable
measurements, multi-site measurements or multi-response functions in the calibration process
(Madsen, 2003). The method used in this study can be seen as a “multi-site calibration” as it uses
individual ET time series from 293 “sites” (i.e. HRUs). Moreover, to account for multiple hydrological
responses, hence to estimate temporal as well as total volumetric error behavior we chose the KlingGupta-Efficiency (KGE) as objective function (Kling et al., 2012). This goodness-of-fit criterion includes
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measures of correlation (𝑟), variability (𝛼), and bias error (𝛽) (Gupta et al., 1998; Kling et al., 2012). It
assesses the fit between modelled and observed values on a scale of –infinity to 1, with 1 indicating a
perfect match and decreasing KGEs indicating decreasing fits between model results and observations.
Finally, the optimization problem becomes a single-criterion maximization problem, which combines
multiple criteria into the single goal function of maximizing the mean KGE of all selected sites. The
objective function is given as:
𝑘

1
max 𝐾𝐺𝐸𝑚𝑒𝑎𝑛 = ∑ (1 − √((𝑟 − 1)2 + (𝛼 − 1)2 + (𝛽 − 1)2 )𝑗 )
𝑘
𝑗=1

(16)

where 𝑘 is the total number of HRUs, 𝑟 is the regression coefficient,  is a measure of relative variability
(ratio of simulated and observed standard deviation), and  is the bias (ratio of simulated and observed
means).
Validation
To validate the calibrated SWAT model, a cross-validation approach is applied. A new set of 264 HRUs
is selected. These HRUs were not used during calibration but represent the same land-use classes of
the previously used HRUs. This way it is tested if parameter adjustments, which were done during
calibration, can be transferred to other SWAT HRUs. The SWAT model is run with the best parameter
set obtained by the DDS algorithm and finally SWAT ET values of the new 264 HRUs are compared to
SEBAL ET values for the same locations. The calibration success is then evaluated based on the
goodness-of-fit between SWAT and SEBAL ET.

4.3

Results

Despite the underestimation of SWAT ET values compared to SEBAL ET throughout the dry months
and overestimation during monsoon months, the temporal pattern as well as the corresponding
efficiency criteria (e.g., KGE = 0.51, r2 = 0.81 and RMSE = 20 mm/month) show, that the uncalibrated
SWAT ET data fit reasonably well to the SEBAL data (Fig. 4-3). Both ET time series capture the same
temporal variation with respect to growing and harvesting seasons and except for the two wettest
summer months, deviations of SWAT vs. SEBAL ET are small. SEBAL is therefore considered to be an
adequate “observed” data set to be used for parameter estimation in the SWAT calibration procedure.
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Fig. 4-3: SEBAL (red) and SWAT (black ET time series before and after calibration, for the period of 24 months
(years 2009-2010). Efficiency criteria (KGE, RMSE and r2) show the fit between unmodified SEBAL ET and
uncalibrated SWAT ET.

Calibration Results
The spatially distributed SWAT calibration using a SEBAL data set seems promising but also reveals
limitations. The initial KGE of 0.04 is calculated by averaging the individual KGEs of all 293 HRUs and
represents the fit between SWAT ET and SEBAL ET before calibration (Tab. 4-3). Calibrating the SWAT
model using the DDS algorithm yielded the following results: the automated calibration procedure
improved the mean KGE by 0.23, from initially 0.04 to 0.27, within the first 5,000 calibration runs. The
best KGE of 0.28 was achieved after approx. 10,000 DDS runs, showing that a fast convergence within
the first 5,000 runs was reached, while the following 5,000 runs were only leading to a further
improvement of about 0.01 [KGE].

Tab. 4-3: Calibration results of calibration with unmodified SEBAL ET data. Percentiles are indicating the spread
of KGE values among the selected 293 HRUs

Evaluation Criteria
KGE
R2
RMSE [mm/month]

Initial fit
(uncalibrated model)
Mean (all HRUs)
0.04
0.54
40.20

Calibration results
Mean (all HRUs)
0.27
0.51
44.70

5th percentile
-0.15
0.001
32.70

95th percentile
0.56
0.81
57.70
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Even though a KGE of 0.27 is clearly not showing a satisfying model performance, an overall
improvement of 0.23 [KGE] seems promising for a spatially distributed model calibration. While in a
traditional calibration procedure time series of spatially integrated data (Fig. 4-3) would be fitted, in a
spatially distributed calibration all HRUs are treated as separate time series. Thus, spatially dependent
misfits are not averaged out. Comparing the lumped initial KGE of mean SEBAL ET and mean SWAT ET
of 0.51 with the spatially distributed initial KGE values (mean KGE of all HRUs) of 0.04, already points
towards the complexity of calibrating a model using a spatially distributed approach.
A closer look into the detailed results of this calibration process shows that the results have to be
examined with respect to seasonal patterns as well as spatial variations in the goodness-of-fit.
Calibration results differ clearly between single HRUs. Best HRUs reach KGE values of up to 0.6 after
calibration, whereas some areas show values as low as -0.60. In the following, the reasons for the low
calibration performance and for the temporal and spatial error variations are presented in detail.

Seasonal differences of goodness-of-fit
Mean ET time series for all HRUs of the uncalibrated (dotted black line) as well as for the calibrated
(solid black line) SWAT model are presented in Figure 4-3. Furthermore, it shows the SEBAL data (mean
of all HRUs, solid red line) which was used as observation data for calibration. While this figure does
not reveal much about the spatial fit, it shows the improvement of temporal model performance
during the calibration process.
It can be observed that the calibration helped to reduce the underestimation of ET by the SWAT model
during the drier winter months. Yet, the seasonal variation in the goodness-of-fit remains. While during
most of the year a good fit of SWAT vs. SEBAL values can be observed, during summer months SWAT
values (uncalibrated and calibrated) still clearly exceed the SEBAL estimates. These months coincide
with the wet season (Kharif) in the study area, where cloud cover is high and remote sensing estimates
of surface energy balances calculations exhibit higher uncertainties (Usman et al., 2015a). This
hypothesis is also supported by the spread of the model performance on HRU scale (Fig. 4-4).
Dry winter months show very low differences between SEBAL and SWAT data sets, whereas wet
summer months show differences in ET of over +/- 100 mm/month (Fig. 4-4). For this reason, some
studies have excluded the monsoon months from calibration (Immerzeel and Droogers, 2008). For
study areas, however, where each season has entirely different cropping characteristics, neglecting all
wet months would exclude an entire cropping cycle with its unique temporal and spatial land-use
characteristics. Accordingly, the parameterization would be biased by only one cropping and climate
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pattern. Therefore, methods of separating wet and dry seasons in the calibration process have been
applied in other studies (Gao et al., 2018). Yet, the parameters selected for calibration in this study,
namely EPCO, CN2, SOL_AWC, GW_DELAY, and SOL_K are not expected to significantly change from
wet to dry months, as these coefficients are depending mainly on characteristics of soil structure, grain
size distribution, geological factors etc. which are changing on long-term time scales but not by season.
To be physically consistent, this study therefore does not separate wet and dry seasons for calibration.

Fig. 4-4: Differences of calibrated SWAT model ET values and unmodified SEBAL ET values of all 293 HRUs used
for calibration. Positive values = SWAT overestimates SEBAL ET. Negative values = SWAT underestimates
SEBAL ET.

Examining the distributions of monthly ET values separately for SEBAL and SWAT (Fig. 4-5) reveals that
the reason for the mismatch of ET during summer months could lay in the low variance of SEBAL ET
values (Fig. 4-5a). In contrast to the expectation that SEBAL would reflect high ET variances during
monsoon months due to higher diversity in the agricultural cultivation as well as higher uncertainties
in the remote sensing data, it shows a surprisingly low data spread compared to SWAT ET (Fig. 4-5b).
Assessing the dependency of ET with respect to each land-use class shows a high variance of SWAT ET.
This seems quite plausible as different land-use types have specific plant physiognomies and growing
patterns, and hence unique ET time series (Fig. 4-5d). Consequently, SWAT results show a clear
distinction of different land-use class ET estimates, while the SEBAL data entirely lack any land-use
class dependent ET characteristics, and show nearly identical ET patterns for all HRUs (Fig. 4-5c).
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Fig. 4-5: Differences in the spread of (a) unmodified SEBAL ET and (b) calibrated SWAT ET of all 293 HRUs. Landuse class specific ET patterns are shown separately for (c) unmodified SEBAL ET data and (d) calibrated
SWAT ET data. *For land-use class description see Fig. 4-1.

The limitations of using this SEBAL data set for a spatially distributed calibration of a small-scale
farming system are further reflected by the spatial differences of the calibration results.

Spatial differences of goodness-of-fit
A closer look into the spatial distribution of the calibration results shows that the error between
observed and simulated ET is highly land-use dependent, i.e., KGEs vary significantly between land-use
classes (Fig. 4-6). While HRUs of the land-use class Wheat-Rice show a mean KGE of over 0.3, with a
maximum KGE of 0.69, Fodder-Fallow only yields a mean KGE of less than -0.50. This shows a
discrepancy of over 0.8 KGE between “best” and “worst” mean fit (see Fig. 2-2 for spatial distribution
of land-use classes and Fig. 4-9 for mean KGEs of each individual land-use class).
The clear land-use dependency of the calibration results reveals again that the best goodness-of-fits
occur for land-use classes with ET characteristics closest to the average temporal ET pattern of all landuse types. This underlines the hypothesis that the extracted SEBAL data represents only a mean ET
value of all land-use classes. At the same time, land-use types, which vary significantly from the mean
show lowest goodness-of-fits. Hence, to improve the overall calibration result an alternative ET data
set, which better accounts for differences due to land-use characteristics, is needed.
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Fig. 4-6: Spatial distribution of KGE values after calibration using unmodified SEBAL ET values as observed data.

Calibration results using a modified SEBAL ET data set
As mentioned, the main reason for the low calibration performance might lay in the missing
reproduction of land-use dependent ET patterns by the SEBAL data during the wet season. The
modified SEBAL data set, which better accounts for land-use dependent ET variation, is therefore used
for a second calibration trial.
The resulting mean ET time series of each land-use class from the modified SEBAL data set are shown
in Figure 4-7. Now, land-use class dependent ET variations better reflect expected differences between
different crop types. The initial fit between SWAT ET and the modified SEBAL ET yields a KGE of 0.22
(compared to 0.04 in the previous case) and thus, already presents an improved starting point for a
spatial calibration (Tab. 4-4).
Tab. 4-4: Calibration results using the modified SEBAL data set

Evaluation Criteria
KGE
R2
RMSE [mm/month]

Initial fit
(uncalibrated model)
Mean (all HRUs)
0.22
0.36
45.50

Calibration results with modified SEBAL data
Mean (all HRUs)
0.40
0.39
46.90

5th percentile
0.14
0.24
26.70

95th percentile
0.60
0.68
66.10
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Fig. 4-7: Modified SEBAL data after multiplying each land-use class with a correction factor based on the deviation
of the crop specific ET (ETc) from the mean of al ETc; *For land-use class descriptions see Fig. 4-1.

As expected, the results show that a consideration of the land-use dependent ET characteristics clearly
improves the calibration performance. A final mean KGE of 0.40 could be achieved, with a 5th and 95th
percentile of 0.14 and 0.60 KGE, respectively (Tab. 4-4). Furthermore, the results show that except for
two land-use classes (Fodder-Cotton (FOCO) and Wheat-Cotton (WHCO)) the calibration could reach
comparable KGEs for all land-use classes as opposed to the previous attempt, where mean KGEs varied
from approx. -0.50 to 0.40 depending on the respective land cover type (Fig. 4-9b and 4-9d). As
mentioned above, during calibration with unmodified SEBAL ET data, KGEs were high for land-use
classes with ET estimates close to the average SEBAL ET and low for land-use classes for which ET
deviated strongly from this mean. It can be assumed that the reason for a less successful calibration of
single land-use classes (i.e., FOCO and WHCO) is no longer the strong general difference from the mean
SEBAL ET estimate compared to the simulated mean ET, as it was the case during the first calibration
attempt. Both, FOCO and WHCO for example, show relatively low KGEs (Fig. 4-9d) but closer proximity
to the average modified SEBAL ET estimates (mean absolute difference = approx. 30 mm/month) than
land-use classes, which reached highest KGEs. SUGR (Sugarcane) for example, shows a higher deviation
from the mean SEBAL data (mean absolute difference = 40 mm/month), but shows a much better
match with its respective SEBAL time series and a mean KGE above 0.60. A low KGE can therefore now
be attributed to land-use specific performance of SWAT ET estimation.
The spatial distribution of the model performance (Fig. 4-8) as well as land-use class specific KGE
improvement (Fig. 4-9) illustrate once more that the second calibration procedure leads to a study
area wide improvement of the model performance. Hence, the calibration results using the modified
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SEBAL data set enable a spatially distributed assessment of the model performance. This helps to
achieve the initially stated aim of examining and improving the model set-up without losing spatially
distributed information.

Fig. 4-8: Spatial distribution of KGE values after calibration using a modified SEBAL ET data set as observed
data.

Fig. 4-9: Fit between SEBAL and SWAT ET, measured in KGEs for each land-use class. Using the unmodified
SEBAL data set: (a) fit before calibration and (b) fit after calibration. Using the modified SEBAL data set:
(c) fit before calibration and (d) after calibration; for land-use class descriptions see Fig. 4-1.
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Validation
The validity of the best parameter set, derived by the above-described calibration procedure, is tested
using a cross-validation approach. Due to the quality of the observation data described above, the
same time period (2009-2010) has to be used for validation. Therefore, the verification is done using
a new HRU set of 264 HRUs, which were not used during calibration but represent the same land-use
classes. The validation results show a mean KGE of 0.57 with best KGEs of up to 0.74 (Tab. 4-5), which
is on average even slightly higher than during calibration. This shows that the calibrated parameters
are transferable to other areas (HRUs) in the study region and hence ascertains a valid calibration. The
KGE-distribution with respect to each land-use (except for Wheat-Rice) shows similar or even higher
values compared to the calibration output.

Tab. 4-5: Validation results using the modified SEBAL data set
Evaluation Criteria
KGE
R2
RMSE [mm/month]

4.4

Mean (all HRUs)
0.57
0.39
41.60

5th percentile
0.02
0.14
26.50

95th percentile
0.63
0.64
65.30

Discussion

The remote sensing derived SEBAL data set enables a spatially distributed calibration of the
hydrological SWAT model. Yet, the study shows that the calibration results of the first trial are
unsatisfactory and show a high seasonal variation in the goodness-of-fit between SEBAL and SWAT ET.
Especially during months with heterogeneous cropping patterns, land-use type specific ET information
differs significantly between both data sets and a decent parameterization and hence a satisfactory
calibration is not possible using the original SEBAL ET data. However, the result can be improved using
the modified SEBAL product, which accounts for plant type specific ET characteristics. The resulting
improved calibration performance hints towards the importance of using a plant type dependent ET
data set for model calibration of small scale and heterogeneous agricultural areas. Still remaining
differences of modified SEBAL and SWAT ET can be explained by (i) differences in the ET calculation
methods of SEBAL and SWAT, (ii) differences in input data sets, (iii) differences in spatial scales of SWAT
HRUs and the initial SEBAL grid, and (iv) by differences in model assumptions, regarding parameters
controlling ET.
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Differences in ET calculation methods of SEBAL and SWAT
As mentioned in the introduction section, SEBAL ET is based on the surface energy balance, with visible
near infrared and thermal infrared images being the input data for the retrieval of radiation and
relevant land surface characteristics (e.g NDVI). Hence, energy balance components are the main
factors controlling the ET estimation. While this sparse input data requirement is an advantage for the
large-scale application in this work, it also poses a potential source of ET uncertainty. For example, all
plant dependent information needed for the ET calculation, such as leave area or plant height to define
the roughness length for heat transfer, are estimated from the spectral information of the remote
sensing product. Hence, if the spectral data cannot resolve the spatial variability of the respective plant
information, such as vegetation height, roughness length, and displacement height, it will not be able
to give plant specific spatially distributed ET estimates (Ershadi et al., 2013). This can be seen in Figure
4-5c, which shows the weak performance of the SEBAL data set in separating the single land-use
dependent ET patterns.
In SWAT on the other hand, ET calculation is embedded into the overall water balance equation, which
relates ET estimates to the entire hydrological cycle. SWAT includes detailed information about the
different land use types, such as rooting depth, plant height, leaf area index etc. and thus enables a
plant type specific ET estimation, at the model unit scale (i.e., HRU-level), as can be seen in Figure 45d. However, similar to the uncertainties of the SEBAL product, also the SWAT ET calculation is based
on parameter assumption which induce uncertainty. Embedding the ET estimation into the overall
water balance calculation and therefore linking it to other water fluxes, such as soil moisture
availability, which again depends on percolation rates, lateral flow, surface runoff, etc. increases the
number of model parameters responsible for the final ET rate and hence increases uncertainty.
Therefore, the selection of SWAT parameters to be included into the calibration procedure is crucial.
Rajib et al. (2018), found that for a successful SWAT calibration using ET data, biophysical parameters
should be considered, as they are representing vegetation dynamics and energy utilization
mechanisms and thus enable a better model accuracy regarding ET. However, an accurate “observed”
data set, which reflects the same detail in spatial and temporal variation in ET as the model output, is
still required for a successful calibration, as further discussed in the following sections.
Differences in input data sets
Another reason for the discrepancy between SEBAL and SWAT ET might be a general mismatch due to
differences in input data for ET calculations. While the SEBAL product applied in this study uses plant
information (NDVI and LAI) derived from MODIS products, SWAT uses Landsat derived land-use
classification as well as soil information from the Water and Soil Investigation Division of Pakistan to
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estimate ET. Input data sets are therefore entirely independent and might lead to temporal and spatial
differences in the final ET estimation.
However, as illustrated in Figure 4-4 and Figure 4-5, the ET mismatch is only apparent for the wet
summer season, which shows a high variety of crop types. Dry winter months, with mainly one crop
type (winter wheat) show a nearly perfect fit of SEBAL and SWAT ET estimates. Thus, it seems
reasonable to assume that the main difficulty does not lay in the general mismatch of ET values due to
differences in ET calculation methods or discrepancies in the input data sets but rather in a spatial
discrepancy.
Differences of spatial scales
A spatial mismatch between SEBAL and SWAT due to scaling and averaging procedures is one more
reason for the hampered calibration success. Similar discrepancies of observed and simulated ET due
to scaling problems were reported by Liaqat et al. (2015), who compared Surface Energy Balance
System (SEBS) results with advection-aridity derived ET. Also, Bastiaanssen et al. (2012) compared ET
based on remote sensing data with lysimeter values and reported differences in ET estimates due to
scaling discrepancies. While agricultural fields in the study area have an average size of about 150 x
150 m, SEBAL calculates ET only on a 1 km x 1 km scale and hence, delivers an average ET of several
different fields within one SEBAL pixel. SWAT averages the SEBAL ET estimates over HRUs with areas
of approx. 20 km2. Taking the mean of all SEBAL pixels, which fall within one HRU polygon, all spatial
differences in SEBAL ET characteristics are lost. Consequently, this method leads to smoothed
“observed” SEBAL ET time series for all HRUs and hence, wrongly implies equal ET characteristics for
each land-use class (Fig. 4-5c). Moreover, it is known that MODIS-based ET estimates are able to
correctly reproduce basin average ET patterns, as it is also shown in this study, but that they fail to
distinguish variation in ET fluxes between crop types at smaller scales (McCabe and Wood, 2006; Y. Q.
Wang et al., 2016). This explains the spatial distribution of KGEs (Fig. 4-8) and the findings that KGEs
are highest for land-use classes which show ET patterns closest to the basin average ET values. In areas,
which show a larger extent of homogeneous crop types, like rice growing areas in the northern part of
the catchment, a better fit of the MODIS-based SEBAL estimates and SWAT can be observed. This
means, that a higher spatial resolution of the input data set, used for remote sensing-derived ET
calculation, would be necessary to get more reliable ET information for smaller scales. Only then,
SEBAL would yield ET information, which would be sufficiently spatially discretized to be used for a
successful SWAT model calibration procedure as described in this study. The improvement of the
calibration results, using the modified SEBAL data set, which accounts for a higher spatial variability of
crop-specific ET patterns, shows the potential for a successful calibration using such a higher spatially
resolved data product.
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Differences in model parameter assumptions
So far, the discussion mainly dealt with the difficulties of the calibration approach due to limitations
of the remotely sensed ET product. However, given the local conditions of the study area the SEBAL
data set used in this study still offers valuable information, which is very useful for a basin wide SWAT
model calibration. For example, SEBAL serves well as calibration data for temporal variations of ET. It
gives good ET approximations in dry winter months and due to its initially gridded information, it
accounts for detailed spatially distributed temperature and precipitation variations in the region. In
addition, considering the local characteristics of the study area, where surface water content is nearly
entirely determined by irrigation water supply, SEBAL ET data provides the advantage that they
inherently account for the information of surface water availability. In this semi-arid and extensively
irrigated area, energy partitioning between sensible and latent heat flux is strongly varying with
surface water availability. As SEBAL derives ET from the amount of energy available for latent heat flux,
it indirectly accounts for the surface water content which controls ET. In turn, SWAT needs detailed
irrigation management information as well as crop planting and harvesting times, to guarantee a
correct estimation of surface water availability and hence actual ET rates. These management
strategies are often unknown, and approximations are taken as initial model parameters.
Consequently, this yields a high degree of model parameter and hence ET uncertainty. SEBAL can
therefore help to calibrate the SWAT model with respect to management parameter settings. The final
calibration results (Fig. 4-9d) show, that if the SEBAL data set contains crop-type dependent ET pattern
(i.e., modified SEBAL ET data set), variations in the goodness-of-fit between SEBAL and SWAT are still
noticeable. However, in this case a less satisfying goodness-of-fit can be attributed to single crop types
(Fig. 4-9d, e.g., WHCO and FOCO) and thus to a land-use specific performance of SWAT ET estimation.
To account for this, the model can be calibrated accordingly.

4.5

Conclusions

This part of the thesis assessed the potential as well as shortcomings of using remote sensing-derived
ET data in a spatially distributed model calibration approach. A SEBAL data set was used to obtain ET
time series, which were subsequently applied in a spatially distributed calibration procedure. The work
could demonstrate that the extraction of spatial ET data from a 1 km x 1 km MODIS-based SEBAL data
set, using the extent of SWAT model HRU areas, leads to averaged and nearly equal remote sensingderived ET data for all HRUs. The extracted time series from SEBAL data are therefore insufficiently
representing spatial differences in ET patterns and are inhibiting satisfactory calibration results. In
order to use remote sensing-derived ET data for model calibration, which is often the only spatially
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distributed data set available, a detailed assessment of the spatial variability of SEBAL ET data is
necessary. For a small scale and highly diverse agricultural setting the preservation of the spatial
heterogeneity of the “observed” (i.e., remote sensing) data set remains one of the main challenges.
For an improved model calibration in such an environment, a higher resolution or a modified
“observed” ET data set, which accounts for land-use class specific ET pattern is therefore desirable.
The final calibration of SWAT using a modified SEBAL ET data set, which captures the spatial ET
variability, showed the potential of this calibration approach for a complex spatially distributed
hydrological model.
In line with the findings of this study the following should be considered for a successful spatially
distributed calibration using remote sensing-derived ET data:


Temporal variability of ET is captured well by SEBAL data but shows lower accuracies during wet
seasons when cloud cover reduces the reliability of remote sensing-derived ET data.



During seasons with homogeneous crop types, i.e., low spatial heterogeneity, SEBAL and SWAT ET
estimates show a satisfactory match. During seasons when crop patterns are highly diverse, the
remote sensing product is biased towards specific land-use patterns, which results in the same
trend in the calibration results.



Especially for small-scale agricultural areas, the averaging of remote sensing-derived data to a
mean ET value per HRU cannot resolve the spatial ET variability during seasons when crop patterns
are highly diverse. A correction of the “observed” data set is therefore suggested to account for
the characteristics of each specific land-use class and to remove the bias mentioned above.
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5

Estimating water balance components in irrigated agriculture using a
combined approach of soil moisture and energy balance monitoring, and
numerical modeling

The previous chapter showed the importance of data availability for model calibration and validation.
The method of using remote sensing derived ET data showed its advantages for the calibration of a
large-scale hydrological model but at the same time it showed significant limitations in resolving small
scale heterogeneity. In addition, factors such as cloud cover, parameter assumption and uncertainties
of additional input data of the retrieval algorithms, as well as differences in spatial resolution seemed
to significantly affect the quality of the remotely sensed data (see discussion section in chapter 4).
Considering these challenges, the question arose: can a framework be developed which can help to
acquire data of important water balance parameters without the need of detailed input data set and
which can then be used to validate the set-up of hydrological models?
A framework was developed to estimate water balance components using a combined approach of insitu data of soil moisture and energy balance parameters and numerical modeling. The following
chapter outlines in detail the development of this framework and is based on Schulz et al. (2021). The
data acquired through this approach as well as the collected in-situ data helped to get a better estimate
of hydrological dynamics in the study area. It furthermore helped in improving the model
parameterization of the APSIM model (see chapter 6).

5.1

Introduction

Information on water balance components is essential in hydrological sciences and related disciplines.
It is needed to quantify the replenishment of natural resources and thus forms the basis for sustainable
water resources management. For irrigated agricultural systems it helps in irrigation and drainage
planning and in distinguishing between blue and green water footprints of crops.
Unfortunately, the possibilities for direct measurements of some balance components such as actual
evapotranspiration (Allen et al., 2011; Wang and Dickinson, 2012) and groundwater recharge (Healy,
2010) are quite limited. Therefore, indirect approaches that require less own measurement effort are
more frequently applied. Very common for the approximation of actual evapotranspiration (ETact) is,
for example, the Penman-Monteith equation, which uses routine weather data and information on
plant physiology, usually extracted from readily accessible databases (Allen et al., 1998b). Indirect
methods for estimating groundwater recharge (GWR) include for instance hydrograph analysis, various
tracer methods and modeling. Hydrological models are particularly interesting because they usually
provide estimates of all water balance components. However, the reliability of their results depends
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strongly on the availability and quality of the input data, which therefore constitute the principal
source for uncertainties, particularly in data scarce regions.
In addition to ETact and GWR, natural water inflow, i.e. precipitation, can also be subject to
uncertainties, for instance if there are no precipitation measuring stations in the vicinity or if only
spatially integrated data from satellite data (e.g. TRMM, CMORPH) or reanalysis (e.g. ERA5) are
available. If imprecise precipitation estimates are then used in models, incorrect parameter estimates
and model results may occur (Fraga et al., 2019; Peters-Lidard et al., 2008; Troutman, 1983). For
irrigated agricultural systems, irrigation water is also an important but often insufficiently known
inflow component (Brocca et al., 2018; Lankford, 2006; Wisser et al., 2008). The degree of uncertainty
depends on the type of irrigation. In systems where the water is distributed by a piping system,
equipped with flow meters, fairly accurate application rates are available. In many parts of the world,
however, there are more rudimentary systems. For example, simple, hand-dug channels for water
distribution are common. Here, flow rates and transmission losses are often only roughly estimated,
based on visual observations, irrigation schedules, and experience (Forkutsa et al., 2009). Irrigation
rates become even more uncertain in case of excess irrigation. Here, in addition to inflow rates,
drainage rates are required to calculate the net water input into the soil.
Motivated by the problem of inaccurate or unavailable precipitation measurements, Brocca et al.
(2013) developed an approach to estimate precipitation amounts by analyzing soil moisture changes.
To do this, they inverted the soil water balance equation. Water balance components required in
addition to soil moisture change were either neglected (evapotranspiration and surface runoff) or
estimated using empirical methods (drainage). Soil moisture changes can be derived from in situ
observations (Brocca et al., 2015) or from satellite-based radar data (Brocca et al., 2014). Later, this
approach was also used to estimate irrigation volumes (Brocca et al., 2018; Dari et al., 2020; Filippucci
et al., 2020).
The aim of the present study is to present a method that allows a reliable estimation of the water
balance components ETact, GWR, and water inflow (precipitation and irrigation) with moderate
measurement efforts. This approach is particular suitable for irrigated areas, where irrigation water
inflows are insufficiently known and difficult to measure. For this purpose, a combined approach of
soil moisture and radiation balance monitoring, remote sensing data analysis, and numerical modeling
is applied. Unknown irrigation amounts are estimated based on soil moisture data and an inversion of
the soil water balance equation. This is accompanied by an iterative process in which other required
water balance components are estimated stepwise by numerical modeling using Hydrus (Šimůnek et
al., 2008).
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5.2

Study site

The approach is applied to an agricultural test field of the University of Agriculture Faisalabad in
Punjab, Pakistan, which is part of the Lower Chenab Canal (LCC) system (Fig. 2-1, Becker et al. 2019).
The test field has a dimension of 110 m x 30 m and the crop cycle during the investigation period from
July 2018 to June 2019 is cotton (Kharif season, monsoon) and wheat (Rabi season, inter-monsoon).
The water allocation is realized with the Warabandi system (Narain, 2008) and applied to the plants
by flood irrigation. While for the total LCC system and its larger irrigation subdivisions fairly precise
canal supplies are known, on the field-scale only sparse data are available on irrigation operations and
irrigation volumes (Ahmad et al., 2009). For a more detailed description of the study area see chapter
2.

Fig. 5-1: (a) True color satellite image from 2018-10-10 of the test site. (b) Overview map with the Lower Chenab
Canal (LCC) system. (c) Monitoring station on the test field with young cotton plants. (d) Subsurface part
of the monitoring station with soil heat flux plate and four soil moisture and temperature sensors.

5.3

Methods

Monitoring and soil sampling
A monitoring station was installed in July 2018 on a test field of the University of Agriculture Faisalabad
(UAF) in Pakistan (Figure 5-1). The station is located at 73°04’17.7’’ N, 31°26’’21.3’’ E and is equipped
with the following devices:
(i)

one net radiometer (NR-Lite2, Kipp & Zonen), mounted at a height of 2.5 m to a vertical
pipe;
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(ii)

one self-calibrating soil heat flux plate (HFP01SC, Hukseflux), installed in a depth of 8 cm
below ground level (b.g.l.);

(iii)

four soil moisture and temperature sensors (CS650, Campbell Scientific), installed in a
depth of 10, 20, 40 and 80 cm b.g.l., respectively;

(iv)

one data logger (CR800, Campbell Scientific), mounted to the vertical pipe of the net
radiometer and set to a 1-minute recording interval;

(v)

one 12 V battery with a capacity of 4.2 Ah.

This station was in operation from 2018-07-03 to 2019-06-01. Due to empty batteries or full memory
storage the records show some gaps. The cumulative gap length is 51 days, and the number of full days
with records is 281. This database is available via https://doi.pangaea.de/10.1594/PANGAEA.921389
(Schulz, 2020).
Additionally, routine weather data such as air temperature (minimum, maximum and mean), relative
humidity, precipitation, class A pan evaporation, sunshine duration, and wind speed are available from
a nearby (< 100 m) weather station.
During the installation of the monitoring station, three undisturbed soil samples were taken using 250
ml soil sample rings in depths of 10, 40 and 80 cm b.g.l., respectively. The samples were oven-dried at
105°C for 24 hours and weighted to derive the bulk density. Subsequently, the three sub-samples per
layer were combined and wet sieved with various mesh sizes to quantify the mass fractions for particle
diameters larger than 63 µm. For particle diameters smaller than 63 µm, a sedimentation analysis was
carried out. Results are given in the Tab. A 5-1 (Annex).

Overview of data processing methodology
To estimate the water balance components ETact, GWR, and water inflow an approach was applied,
which comprises a series of data processing steps (Figure 5-2). First, reference crop evapotranspiration
(ET0) was estimated using energy balance data from the installed monitoring station and routine
weather data. Subsequently, surface reflectance data from satellite images (Sentinel-2) are used to
derive time-variable plant-specific information such as leaf area index (LAI), which then serves to
partition ET0 into energy limited evaporation (Emax) and transpiration (Tmax). The next step is a first
approximation of the inflow (sum of precipitation and irrigation) by inverting the soil water balance
equation. Required changes in soil moisture storage are derived from interpolation and integration of
the observed soil moisture data. To account for uncertainties, resulting from interpolation, a range of
soil moisture changes are calculated by applying different interpolation schemes. Moreover, at this
stage, drainage is neglected and the sum of Emax and Tmax serves as a first guess of ETact.
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Afterwards, a first series of forward simulations of the water flow in the unsaturated zone and the root
water uptake using Hydrus are performed. The upper boundary conditions for this model are first
approximations of the water inflow, Emax, and Tmax. To further account for soil parameter uncertainties,
simulations are run with a quite wide range of a priori estimates of van Genuchten parameters, derived
from a soil texture analysis. This first modeling step yields a range of estimates for ETact and drainage
(flux at 1 m b.g.l.), which are then used to better estimate the inflow from the inverted soil water
balance equation. The final step is to incorporate these improved inflow estimates into the model and
calibrate the soil parameters by inverse modeling. Here, the observed soil moisture data form the
reference figure for calibration. Forward simulations with calibrated soil parameters and improved
inflow estimates result in final estimates for ETact and GWR. A detailed description of all processing
steps is given in the following sections.

Fig. 5-2: Overview of data processing methodology

Evapotranspiration – Radiation balance
Similar to the above described SEBAL-method, the amount of energy, which is available for the latent
heat (LE) and the sensible heat (H), is defined by the one-dimensional surface energy balance (equation
1, Hartmann, 2016).
𝐿𝐸 + 𝐻 = 𝑅𝑛 − 𝐺

(17)

While the net radiation (Rn) is directly measured by the net radiometer, the estimation of the ground
heat flux (G) requires some computation. The heat flux, which is measured with the installed
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monitoring station, is the flux in a depth of 8 cm (G8cm). To derive the ground heat flux, a storage term
(Sheat) needs to be accounted for, which describes the change of heat stored in the layer above the
heat flux plate (Eq. 18).
𝐺 = 𝐺8𝑐𝑚 + 𝑆ℎ𝑒𝑎𝑡

(18)

The storage term depends on the volumetric heat capacity of the moist soil (Cs) and is defined in
equation 19 (Hartmann, 2016).
𝑑𝑧

𝑆ℎ𝑒𝑎𝑡 = 𝑑𝑇𝑠 ∙ 𝑑𝑡 ∙ 𝐶𝑠

with

𝐶𝑠 = 𝜌𝑠 ∙ 𝑐𝑠 ∙ 𝑓𝑠 + 𝜌𝑤 ∙ 𝑐𝑤 ∙ 𝑓𝑤

(19)

Estimates for the soil temperature change (dTs) over the time period (dt) as well as the volume fraction
of water (fs) of the upper soil layer with a thickness (dz) of 8 cm base on records from the uppermost
(10 cm b.g.l.) soil moisture and temperature sensor. The product of the soil density (s) and the volume
fraction of soil (fs) is the previously determined bulk density. The specific heat capacity of most dry
mineral soils (cs) and of water (cw) are 837 Jkg-1K-1 and 4190 Jkg-1K-1, respectively, and the density of
water (w) is assumed to be 1.00 gcm-3 (Hanks, 1992).

Evapotranspiration – Leaf area index and rooting depth
Leaf area index (LAI) and rooting depth are plant characteristics, which are required to quantify
transpiration, i.e. LAI serves for partitioning of evapotranspiration (Allen et al., 1998b) and rooting
depth defines the soil depth from which plants can take up water (Feddes et al., 1976).
Leaf area indices (LAI) for the test site are estimated using red and near-infrared reflectance data. This
approach was introduced by Clevers (1989) and bases on an empirically derived linear relationship (Eq.
20) between LAI [m2m-2] and the weighted difference vegetation index (WDVI).
𝐿𝐴𝐼 = 0.109 ∙ 𝑊𝐷𝑉𝐼 − 0.3233

(20)

Furthermore, Clevers (1989) suggests to calculate the WDVI using red (R670) and near-infrared (R870)
reflectance data of the plant canopy and the soil (R670,soil and R870,soil), respectively (Eq. 21).
𝑊𝐷𝑉𝐼 = 𝑅870 − 𝐶 ∙ 𝑅670

with

𝑅

𝐶 = 𝑅870,𝑠𝑜𝑖𝑙

(21)

670,𝑠𝑜𝑖𝑙

Given the availability of high-resolution satellite data, Clevers et al. (2017) revisited this approach and
proofed its usability with space-borne multispectral reflectance data from the Sentinel-2 satellite
mission. An advantage of this approach, especially for small-scale applications such as in the presented
case, is the relatively high spatial resolution of 10 m of the required spectral information, i.e. band 4
(665 nm) and band 8 (842 nm).
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For this study, 65 sets of satellite images are analyzed, covering the monitoring period from 2018-0710 to 2019-06-01. To allow for the further use of these scenes, the data are converted from top-ofatmosphere into top-of-canopy reflectance using the atmospheric correction procedure sen2cor (Louis
et al., 2016). Afterwards, images with haze or clouds covering the test field are excluded. For the
remaining images, reflectance values of band 4 and 8 are extracted from the pixel at the location of
the monitoring station. To calculate the slope of the soil line (C in Eq. 21) averages of the band values
are used at the same location of images at times between cropping periods, i.e., with bare soil.
Rooting depth (rd) is assumed to be proportional to the soil cover fraction (SCF) (equation 6; e.g.
Wongkaew et al., 2018).
𝑟𝑑
= 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡
𝑆𝐶𝐹

(22)

The value for the constant in equation 21 can be determined by dividing the maximum rooting depth
by the maximum SCF. While maximum rooting depths are tabulated for various crop types in the FAO
Irrigation and Drainage Paper No. 56 (Allen et al., 1998b), SCF is calculated according to equation 23
(Campbell and Norman, 1998).
𝑆𝐶𝐹 = 1 − 𝑒 (−𝐾𝑏∙𝐿𝐴𝐼)

(23)

Plant-specific canopy extinction coefficients (Kb) are also available from Allen et al. (1998b). The
extinction coefficients for cotton and wheat are 0.65 and 0.55, and the maximum rooting depths are
1.35 m and 1.65 m, respectively.

Evaporation – Energy-limited ET
Estimates of energy-limited (soil) evaporation and energy-limited transpiration, i.e. not limited by the
availability of water, are derived from methods suggested in the FAO Irrigation and Drainage Paper
No. 56 (Allen et al., 1998b). Parts of these methods are slightly adapted to better meet the
requirements of the numerical simulation tool Hydrus. First, reference crop evapotranspiration (ET0)
is calculated based on the FAO Penman-Monteith method, thoroughly described by Allen et al.
(1998b), using data from the monitoring station (Rn and G) and routine weather data from the nearby
weather station. In order to separate ET0 into a plant-specific and energy-limited transpiration and
evaporation component, the dual crop coefficient approach is appplied. Here, transpiration is
calculated without considering limitations in soil water availability and thus, constitutes maximum
possible transpiration (Tmax), equation 24.
𝑇𝑚𝑎𝑥 = 𝐸𝑇0 ∙ 𝐾𝑐𝑏

(24)
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The basal crop coefficient (Kcb) characterizes the growth stage of the plant and can be derived from
the time-variable LAI (Eq. 25).
𝐾𝑐𝑏 = 𝐾𝑐 𝑚𝑖𝑛 + (𝐾𝑐𝑏 𝑓𝑢𝑙𝑙 − 𝐾𝑐 𝑚𝑖𝑛 ) ∙ (1 − 𝑒 −0.7∙𝐿𝐴𝐼 )

(25)

Kc min is the minimum crop coefficient for bare soil (Kc = 0.15) and Kcb full is the plant-specific Kcb during
the mid-season at peak plant height. Kcb full for cotton and wheat are 1.15 and 1.1, respectively (Allen
et al., 1998b).
Evaporation from the soil (E) depends strongly on the growth stage of the plant, i.e. the more of the
soil surface is covered by plants, the lower the evaporation. In contrast to the previous calculation of
transpiration, evaporation additionally bases on the availability of soil water for evaporation,
described by the evaporation reduction coefficient (Kr, Eq. 26). However, for further use in Hydrus we
are only interested in the energy-limited (maximum possible) evaporation (Emax). Therefore, we set Kr
to its maximum value of 1, which results in equation 27.
𝐸 = 𝐸𝑇0 ∙ 𝐾𝑟 ∙ (𝐾𝑐 𝑚𝑎𝑥 − 𝐾𝑐𝑏 )

(26)

𝐸𝑚𝑎𝑥 = 𝐸𝑇0 ∙ (𝐾𝑐 𝑚𝑎𝑥 − 𝐾𝑐𝑏 )

(27)

The maximum crop coefficient (Kc max) represents the upper limit for the actual evapotranspiration,
considering the constraints of the available energy (Eq. 28).
𝐾𝑐 𝑚𝑎𝑥

ℎ 0.3
= 𝑚𝑎𝑥 ({1.2 + [0.04 ∙ (𝑢2 − 2) − 0.004(𝑅𝐻𝑚𝑖𝑛 − 45)] ∙ ( ) } , {𝐾𝑐𝑏 + 0.05})
3

(28)

Wind speed at 2 m height (u2) and daily minimum relative humidity (RHmin) are obtained from the
nearby weather station. The mean plant heights during mid or late season stages (h) for cotton and
wheat are 1.2 m and 1.0 m, respectively (Allen et al., 1998b).
Crop coefficients and evapotranspiration rates are initially calculated on a daily basis. However, hourly
values are required for the model. To downscale daily values to hourly values, daily rates of Emax and
Tmax are multiplied by the hourly relative diurnal variations of the theoretically maximum available
energy for evapotranspiration (LE + H), exemplified for Emax in equation 29 (indices 1-24 represent the
hours of a day).
𝐸𝑚𝑎𝑥,1
𝐿𝐸1 + 𝐻1
𝐸
𝐿𝐸2 + 𝐻2
( 𝑚𝑎𝑥,2 ) = 𝐸𝑚𝑎𝑥 ∙ (
)⁄∑24
ℎ=1 𝐿𝐸ℎ + 𝐻ℎ
⋮
⋮
𝐿𝐸24 + 𝐻24
𝐸𝑚𝑎𝑥,24

(29)

To allow a comparative analysis to the estimation of energy-limited evaporation and transpiration
described above, which bases on energy balance data from the monitoring station and routine weather
data from the nearby weather station, two alternative methods are applied. First, same procedure as
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described above is followed, but for the estimation of ET0 only data from the nearby weather station
is used, i.e. air temperature, relative humidity, wind speed and sunshine hours (Allen et al., 1998b).
Second, the theoretical maximum available energy for evapotranspiration (LE + H) is calculated, using
only data from the monitoring station, i.e. Rn and G. Here, the temperature-dependent latent heat of
vaporization was calculated using the temperature recordings of the upper CS650 sensor and an
approach proposed by Henderson-Sellers (1984). These two alternative methods are evaluated by
comparing them to the previously presented approach and may serve as an alternative when not all
required data are available.

First approximation of inflow
For days with observed positive changes in soil water storage, it is assume that either precipitation or
irrigation must have taken place. For these days the amount of water inflow (sum of irrigation and
precipitation) is calculated, using the water balance of the first meter of the unsaturated zone (Eq. 30).
𝐼𝑛𝑓𝑙𝑜𝑤 = 𝑑𝑆1𝑚 + 𝑓𝑙𝑢𝑥1𝑚 + 𝐸𝑇𝑎𝑐𝑡

(30)

Daily changes of soil moisture storage in the upper 1 m (dS1m) result from the water volume stored at
the end of the day (t) minus the water volume stored at the end of the previous day (t-1). To estimate
these water volumes, first, temperature corrected (Campbell Scientific, 2018) measurements of
volumetric water content () at 10, 20, 40 and 80 cm b.g.l. are extrapolated, yielding continuous values
every 10 cm. Subsequently, extrapolated soil moistures are integrated over the first 1 m (dz, Eq. 31).
1 𝑚 𝑏.𝑔.𝑙.

𝑑𝑆1𝑚 = ∫0

1 𝑚 𝑏.𝑔.𝑙.

𝜃𝑡 (𝑧) 𝑑𝑧 − ∫0

𝜃𝑡−1 (𝑧) 𝑑𝑧

(31)

This approach introduces some uncertainty as the application of different extrapolation schemes result
in different daily changes of soil moisture storage. To quantify this uncertainty, the extrapolation is run
with the five standard interpolation methods that are available in Matlab 2020a: “linear”, “nearest”,
“makina”, “pchip” and “spline”. The lowest and the highest estimate for dS1m constitute the lower and
upper bound of the uncertainty range, respectively. Since it is not known too much about the variables
flux1m (flux at 1 m depth, previously referred to as drainage) and ETact, for now, the initial assumption
flux1m = 0 and ETact = Emax + Tmax is applied. This step serves only for a first estimation of the inflow. At
the second step better estimates of flux1m and ETact will be available. Nevertheless, it is expected that
this assumption is not too far from reality. On a daily basis, the expected flux1m is quite low compared
to the relatively large, periodically applied inflow quantities that are common in flood irrigation.
Moreover, irrigation contributes to a constant water supply for evaporation, which allows the
assumption that evapotranspiration is mostly energy limited.
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Numerical modeling
Modeling of water flow and root water uptake are performed with the numerical simulation tool
Hydrus (Šimůnek et al., 2008). The model set up for this study represents a one-dimensional vertical
soil profile, divided into three layers of 0-15 cm b.g.l., 15-60 cm b.g.l. and 60-200 cm b.g.l., and it covers
a period from 2018-08-16 to 2019-05-04. The vertical spatial resolution, i.e., the distance between two
neighboring nodes, is 1 cm and the temporal resolution is 1 hour. Time variable energy-limited
evaporation and transpiration, and water inflow (sum of irrigation and precipitation) constitute the
upper boundary. As the simulated soil profile is quite deep (2 m b.g.l.) and still far away from the
groundwater table (approximately at 10 m b.g.l.), a significant capillary rise from deeper layers into
the profile is not expected and thus, lower boundary is set to free drainage. The hydraulic properties
of the soil are described by the van Genuchten-Mualem model (van Genuchten, 1980). To account for
temperature changes and their effects on the soil hydraulic properties, the heat flow is also simulated
and the temperature correction function in Hydrus is activated. Thermal conductivity parameters of
loam are derived from the internal database of Hydrus (Chung and Horton, 1987). The time-variable
upper and lower Dirichlet boundary conditions of the heat flow model are linearly extrapolated
temperatures of the soil surface and 2 m b.g.l., respectively. Parallel to the flow modeling, root water
uptake is simulated using the Feddes model (Feddes et al., 1976). Parameter of the Feddes model for
cotton and wheat base on values provided by Taylor & Ashcroft (1972), cited in Forkutsa et al. (2009)
and Wesseling (1991), respectively.

Final estimation of inflow
Final estimates of inflow are derived from a first model application. The van Genuchten parameters
(VGP) and the saturated hydraulic conductivity (Ks) of the model are not yet calibrated and only a priori
estimates based on the particle size distribution and the bulk density are available. These estimations
are predicted by pedotransfer functions implemented in the Rosetta model (Schaap et al., 2001; Zhang
and Schaap, 2017). This is an elegant and frequently used approach. However, due to its empirical
nature (pedotransfer functions are derived from a neural network analysis of a soil database), it is
associated with uncertainties that are quantified with the standard deviations () resulting from a
bootstrap-resampling method (Zhang and Schaap, 2017). In this study, except for the saturated water
content (s), the range of the a priori estimation of the hydraulic parameters is defined as their mean
predicted value  2  . Due to intense irrigation, i.e., high availability of water, we assume that the
highest observed volumetric water content is a good estimate for s.
Now we perform a series of forward simulations with all possible parameter configurations for all three
soil layers and the five initial estimates of the inflow. The resulting sets of simulations of flux 1m and
50

ETact are used to improve the calculation of the inflow (equation 30). Maximum and minimum
estimates represent the uncertainty range of the inflow.

Parameter optimization
With an estimation of the inflow boundary condition and a quantification of its uncertainty, an
optimization of the hydraulic parameters can be carried out. For this purpose, an inverse modeling
approach using the PEST (Model-Independent Parameter Estimation and Uncertainty Analysis) tool
(Doherty, 2015) is applied. Here the global optimization tool CMA-ES (Covariance Matrix Adaptation
Evolution Strategy) is employed to minimize the objective function, i.e. the sum of squared residuals
of simulated and observed volumetric soil moisture (Hansen, 2006). In analogy to the estimation of
the inflow uncertainty, the mean predicted value  2   from the Rosetta model as the parameter
range for the VGPs and Ks is used during optimization. s is an exception here as well. This parameter
is kept constant on its a priori estimated value, i.e., the highest observed volumetric water content.
The optimization procedure is applied for the minimum, mean and maximum inflow estimations,
resulting in three sets of calibrated hydraulic parameters.

5.4

Results and Discussions

Evapotranspiration – Radiation balance
The observed average energy flux at the surface (top of canopy or ground) of the test site is 119 Wm 2

and 0.2 Wm-2 from net radiation (Rn) and ground heat flux (G), respectively (Figure 5-3a). With this,

ground heat flux contributes on average less than one percent to the total energy budget (Rn-G).
However, looking at the daily values, the share of ground heat flux ranges approximately between 50% to 10% with negative values referring to an energy flow from the soil into the atmosphere and
positive values vice versa. The mean absolute value of the daily fraction is 16%. Typically, it is assumed
that the magnitude of the ground heat flux in day periods is very small and may therefore be neglected
(Allen et al., 1998b). However, this seems to be too much of a simplification for the system studied
here. A possible explanation can be found in the specific conditions for the test site. Due to the
intensive irrigation, the soil is almost always moist, which results in a rather high heat capacity of the
soil, since the specific heat capacity of water is more than four times higher than that of mineral soil
(Hanks, 1992). Combined with a high but variable energy input due to climatic conditions, this can
result in a high energy storage in the soil, which does not allow for quick heat equalization.
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Fig. 5-3: (a) Records of net radiation and ground heat flux. (b) Records of volumetric water content. (c) Daily
changes in soil moisture storage.

Leaf area index and rooting depth
The basis for estimating LAI and rooting depth is the canopy or soil reflection data from the Sentinel 2
satellite mission. After sorting out the images with haze or cloud cover over the test field, 11 images
for cotton, 9 images for wheat and 7 images for bare soil remained for the observation period. From
the images showing bare soil, we calculated a value of 1.39 for the slope of the soil line (C in equation
21). For both cotton and wheat, the temporal development of the LAI clearly shows the different
growth stages from early plant development to harvest (Fig. 5-4a). Observed values for cotton and
wheat range from 0.1 to 1.7 and from 0.4 to 3.2, respectively. The rooting depth depends on the
constant canopy extinction coefficients and the time-dependent LAI and thus shows a similar temporal
pattern as the LAI.

Energy-limited evapotranspiration
Energy-limited evapotranspiration (Emax + Tmax) show pronounced inter-annual variabilities with higher
rates during the hot summer months (up to almost 10 mmd-1) and significantly lower rates during the
temperate winter months (Fig. 5-4b). The partitioning of evapotranspiration is based on the dual crop
coefficient concept. Like the rooting depth, crop coefficients highly depend on the LAI. The more
photosynthetically active leaves the plant has, the larger the basal crop coefficient (Kcb) and thus the
higher the share of transpiration. In case of bare soil, Kcb is zero and only evaporation takes place. On
average, the sum of Kcb and the share for Emax (Kc max - Kcb) is 1.11 (Fig. 5-4a). This means that the energy-
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limited evapotranspiration of the test site is 11% higher than the reference crop evapotranspiration
(ET0), i.e., ETact of short, green and well-watered grass.
This is quite an important observation, as it is not uncommon to use ET0 as so called potential
evapotranspiration, which then defines the upper limit for actual evapotranspiration in Hydrus
(Šimůnek et al., 2013). In most cases this is a well working assumption. However, in cases with a high
energy input, tall crops and almost permanent excess of water, e.g. through irrigation, actual
evapotranspiration may easily exceed ET0 (Kirkham, 2014; Rosenberg, 1974).

Fig. 5-4: (a) Temporal evolution of LAI, rooting depth and crop coefficient components. (b) Daily sums of energylimited evaporation (Emax) and transpiration (Tmax), and alternative estimates for energy limited
evapotranspiration estimates.

Noteworthy findings also result from the comparison of the different possibilities to estimate
evapotranspiration. For this study, energy-limited evaporation (Emax) and transpiration (Tmax) estimates
are used and derived from methods proposed in the FAO Irrigation and Drainage Paper No. 56 (Allen
et al., 1998b) using energy balance data, i.e. Rn and G, from the monitoring station as well as routine
weather data from the nearby weather station. Additionally, the energy-limited evapotranspiration is
estimated with two alternative methods. One of them uses only energy balance data from the
monitoring station and the other one uses only routine weather data. Results from the two alternative
methods show a similar pattern as the approach presented here (Fig. 5-4b). The root mean square
error (RMSE) of the FAO approach using only routine weather data and the approach using only energy
balance data compared to the FAO approach based on both data sets are 0.73 mm and 0.69 mm,
respectively. While the first mentioned alternative seems to slightly overestimate the energy-limited
ET (mean error of +0.23 mm), the energy balance approach shows on average almost no difference (0.04 mm). At first, the even better performance of the energy balance approach is somewhat
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surprising, as it neglects any energy loss or input through sensible heat flux (H). However, the special
conditions of the study area, i.e. almost constantly well-irrigated soil and relatively high temperatures,
associated with low advection and low Bowen ratios, may explain this finding (McMahon et al., 2013;
Priestley and Taylor, 1972). In this regard, it should also be noted that the deviation of LE + H related
to the energy-limited ET increases during the first half of the last fallow period when the soil dries out
(compare Fig. 5-3b and 5-4b). This supports the previously given explanation and likewise shows the
limited validity of this alternative approach. Nevertheless, under the given conditions, i.e. irrigated
agriculture in a semi-arid environment, LE + H could be used as a first estimate for the energy-limited
ET. This approach is quite attractive because of its simplicity. It does not require any assumptions for
the FAO Penman-Monteith method, nor is it necessary to compute crop coefficients.

First approximation of inflow
Daily soil moisture changes and energy limited evapotranspiration estimates constitute the base for
the first approximation of inflow. Interpolation and subsequent integration of the observed soil
moisture data (Fig. 5-3b) yield daily changes in soil moisture storage (Fig. 5-3c). Abrupt positive
changes in soil moisture result either from precipitation or irrigation events and range from a few
millimeters to almost 150 mm per day. More frequent, but less pronounced, are negative values of soil
moisture storage changes representing water loss due to evapotranspiration and deep percolation.
Here the maximum absolute rate is about 18 mm per day. The range of values resulting from the
application of different interpolation schemes represents the uncertainty range.
Calculated first approximations of the daily inflow amounts for the different interpolation schemes are
given in Table A 5-2 (Annex). Estimates for single inflow events show differences of up 14 mm and their
relative cumulative uncertainty range is 9.5%.

Final estimation of inflow
To improve the estimation of inflow, in addition to soil moisture change in the first meter (dS1m),
estimates of ETact and flux at 1 m depth (flux1m) are required. These values and their uncertainties are
derived from a series of forward simulations (Fig. 5-5a). For this, all possible combinations of the
different initial inflow estimates, which are based on the different estimates of the soil moisture
storage changes, and the a priori van Genuchten parameters (VGP) are used (Fig. 5-5b). The basis for
the a priori parameter estimates is the grain size fractions and bulk densities of the three soil layers.
These values and the resulting VGP are given in Table A 5-1 and A 5-3 (Annex), respectively. Not
surprisingly, the derived initial set of ETact and flux1m estimates show a rather wide range (Fig. 5-5a).
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During the modeling period from 2018-08-16 to 2019-05-04, the mean initial ETact and the mean initial
flux1m are 3.5 and 0.8 mmd-1 with a relative uncertainty range of 64% and 246%, respectively. At first
glance, these uncertainties seem to be quite large. However, these values are only used for inflow
estimation, and compared to the relatively large soil moisture changes of up to almost 150 mmd-1 this
first impression is somewhat relativized. Finally, equation 30 is applied to calculate three inflow time
series using the mean, minimum and maximum values of dS, initial ETact, and initial flux1m, respectively.
The final inflow estimates range from small events of only a few millimeters up to events of more than
150 mm (Tab. A 5-5).
Comparing the uncertainty range of the first approximation of inflow (introduced by the application of
different interpolation schemes) and the final inflow estimates (based on both, interpolation and a
priori soil parameter uncertainty) provides information about the sensitivity of the different
interpolation methods and soil parameters. While the first approximation of the inflow shows a mean
relative uncertainty of 9.5%, it increases to 23.8% for the final estimates (compare Tab. A 5-2 and A 55, Annex). This suggests that both sources of uncertainty are quite similarly sensitive.

Fig. 5-5: (a) Exemplary data sets from the first modeling stage with first estimates of actual evapotranspiration
and flux at 1 m b.g.l. (b) Soil water retention curves representing the a priori and posterior (optimized)
van Genuchten parameter ranges of the three soil layers. (c) Simulated and observed volumetric water
contents of the four sensor positions for the entire modeling period from 2018-08-16 to 2019-05-04.
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Parameter optimization
The second stage is the VGP optimization. With the exception of the saturated water content (s), the
upper and lower parameter limits for optimization are defined by the a priori parameter range (Fig. 55b). s of layer 1 is kept constant at the highest observed water content (obs) of 40.6% recorded by
the sensor at 10 cm b.g.l. s of layer 2 is set to 35.0%, the highest observed values of the sensor at 20
cm b.g.l. Due to comparable soil properties of layer 2 and layer 3 and the difficulty of reaching
saturation at greater depth, a value of 35.0% for s of layer 3 is assumed. The calibration procedure is
performed separately for the minimum, mean and maximum inflow estimates. This results in three
different optimized parameter sets, representing the range of the posterior parameter uncertainties
(Figure 5b). Values for the optimized VGP are given in Table A 5-4 (Annex). The simulated volumetric
water contents with the best fitting parameter sets of the three inflow cases are quite similar and show
fairly satisfactory fits to the observed values (Fig. 5-5c). The goodness-of-fit, expressed as root mean
squared error, of the minimum, mean and maximum inflow case is 2.3%, 2.2% and 2.2% respectively.

Prognostic runs
Finally, the model is applied in a forward simulation using the three different optimized parameter sets
to estimate ETact and the flux in 2 m (flux2m), which constitutes the bottom flux of the model, and their
associated uncertainties (Fig. 5-6). The simulation with the parameters, resulting from the optimization
using the mean inflow estimate, yields 769 mm and 297 mm of cumulative ET act and flux2m,
respectively. These outflow components are balanced by a cumulative inflow of 946 mm. The
difference of 120 mm results mainly from an unrecorded irrigation event during the first data gap and
a soil moisture storage change over the modeling period. While the ETact shows only a small uncertainty
range of 2.1%, the uncertainties of the flux2m estimates are significantly larger with a range of about
72%. This is not a surprising result. The test site is always very well-watered and consequently ETact is
likely most of the time as high as the sum of Emax and Tmax (Fig. 5-6). In order to fulfill continuity in the
water balance, the uncertainty of the inflow is therefore mainly related to the uncertainty of flux2m.
Daily sums of simulated values of inflow, ETact and flux2m, as well as their associated uncertainty ranges
are given in Table A 5-5 (Annex).
Due to a rather deep groundwater table of about 10 m b.g.l., a maximum rooting depth of 1.65 m and
almost always well-watered conditions, one can expect a depth of the zero-flux plane of not more than
2 m b.g.l. Also, simulation results, i.e. fluxes at various observation points, suggest a maximum depth
of the ZFP of 1.47 m b.g.l. during the modeling period. Consequently, the flow direction at 2 m depth
is always downward and the flux at 2 m depth (flux2m) can be considered as groundwater recharge.
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Fig. 5-6: Final inflow estimates and simulation results of actual evapotranspiration and groundwater recharge for
the period from 2018-08-16 to 2019-05-04.

Comparison of results with observed data
From the nearby weather station, daily precipitation amounts are available for the modeling period.
These data are used to identify precipitation events in the simulated inflow time series, i.e. inflow
events that occur during a day or the following day when precipitation is recorded are attributed to
precipitation. Thus, a comparison between measured and simulated precipitation is enabled.
Generally, the measured precipitation pattern matches well with the one estimated from the water
balance. Except for a few small precipitation events (< 5 mm) all precipitation events could be captured
(Fig. 5-6). The reason for not detecting these small events is that low precipitation can be balanced out
by evaporation during the day, i.e. no positive change in daily soil moisture storage is observed.
Nevertheless, the sums of the measured precipitation are within the error range of those simulated
during cotton and wheat cultivation (Tab. 5-1). The deviation of simulated (mean) and observed
precipitation over the total simulation period is 7% (14 mm).
During the modeling period chosen in this study, mean simulated precipitation might account for only
23% of the total inflow, while irrigation accounts for 77%, illustrating the rather large blue water
footprint of cotton and wheat production in the region. Similar values are reported by Ahmad et al.
(2002), who analyzed the water balance of a cotton-wheat system of a comparable test field near
Faisalabad from May 2000 to April 2001. For this period, they have measured a total precipitation and
irrigation amount of 290 mm (26%) and 844 mm (74%), respectively.
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Tab. 5-1: Seasonal sums of simulated and observed water balance components.
Period

Crop

2018-08-16 to
2018-12-04

Cotton

2018-12-04 to
2018-12-27

Fallow

2018-12-27 to
2019-04-17

Wheat

2019-04-17 to
2019-05-04

Fallow

2018-08-16 to
2019-05-04

Total

5.5

Simulated
ETact [mm]
min
407.3
mean 411.6
max 413.2
min
27.8
mean 27.9
max 28.0
min
308.7
mean 309.8
max 310.6
min
9.4
mean 12.7
max 16.9
min
753.2
mean 762.1
max 768.6

Observed
GWR [mm] Irrigation [mm] Precipitation [mm] Precipitation [mm]
94.3
406.8
32.2
132.0
440.2
36.7
42.3
186.5
493.3
43.1
12.3
68.5
0.0
13.4
73.4
0.0
0.7
14.4
79.0
0.0
90.4
190.9
141.4
138.9
208.4
168.3
154.1
209.5
241.7
205.4
11.9
0.0
9.7
12.2
0.0
12.5
6.6
12.9
0.0
14.6
208.9
666.2
183.3
296.5
722.0
217.5
203.7
423.3
814.1
263.1

Conclusion

This part of the research presents a method for estimating water balance components with moderate
measurement efforts. Focus lays on the specific requirements of irrigated agriculture in semi-arid and
arid environments. A particular aspect is that the method does not require measurements of irrigation
nor precipitation quantities to establish the water balance. This is quite useful as many irrigated areas
lack the basic knowledge of these inflows. The final estimations of the actual evapotranspiration and
groundwater recharge base on simulations with the numerical model Hydrus. This is also beneficial
since models have predictive power and simulations could be performed to test different management
scenarios, e.g. different irrigation practices or crop cycles.
Although the presented method of the inflow estimation could also be applied to solely rainfed
systems, it can be reasonably assumed that precipitation can be measured more simply and with much
lower uncertainties, e.g. with a rain gauge. However, it is different for irrigation. Theoretically,
measurements are not complicated here either (simple flow meters would often be sufficient), but
they would be needed for each field separately and farmers would have to keep accurate records.
Moreover, irrigation water distribution over the field can vary considerably. This can lead to
uncertainties if only one specific point is to be examined, as it is common e.g. in one-dimensional
process analysis. Finally, the decision whether the presented approach is suitable depends on the
research question and the available data. In this context, the two alternative methods for estimating
energy limited evapotranspiration are also worth mentioning. If an accurate determination of
evapotranspiration is not the primary goal, but only an estimation of irrigation or groundwater
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recharge, one of the presented alternatives can also be applied. They require less data and the
differences between the methods are quite small compared to irrigation amounts.
Moreover, this study could show some shortcomings in frequently applied assumptions such as using
ET0 as the upper limit for actual evapotranspiration or neglecting the ground heat flux in the energy
balance. For most cases these assumptions might work and constitute valid simplifications. However,
for irrigated agricultural systems with a high but variable energy input, as common in arid regions, they
seem to be too much of a simplification and should be avoided.
For the study area, but also for other irrigation systems in arid environments, the complex interplay of
different aspects such as waterlogging and salinity control, preservation of drinking water resources
and reduction of the blue water footprint while ensuring agricultural productivity requires finely tuned
management. A profound knowledge of the hydrological processes and a reliable quantification of the
water balance components are essential for this.
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6

Modelling climate change impacts in irrigated agricultural systems: Future
yield declines despite intensification of irrigation

The previous chapters outlined the processes of model set-up and the complex calibration of the SWAT
model. In addition, the elaboration of a framework to improve the estimation of water balance
parameters to acquire more reliable validation data sets for modeling studies was described.
Furthermore, it was explained how field data was collected which was used for the parameterization
and validation of the SWAT and APSIM models.
After this careful set-up, calibration and validation, the models SWAT and APSIM can now be applied
to address the main research question of how climate change will impact future agricultural water
demand and productivity? In addition, it is investigated how structural model differences are impacting
the simulated yield responses to changes in climate variables, and finally it is discussed which
conclusion can be drawn from the findings of this study and how they can be used for a more
sustainable future water management and a more sustainable productivity in this region.

6.1

Introduction

As mentioned in the introductory section (chapter 1), as part of the Indus river basin, the study region
of the Lower Chenab Canal System can be considered a hot spot for the impact of climate change on
water availability and agricultural productivity. Currently irrigation water in the region accounts for
over 90% of the total water demand (Fischer et al., 2007). Significant climate induced changes in the
upstream glacio-hydrology – the major water source for the Indus Basin - are threatening future water
availability in the basin (Immerzeel et al., 2010); along with the rising temperatures that are generally
projected to increase faster than on global average in the region (Saeed and Athar, 2018).
Under such conditions, water related adaptation strategies, such as increased irrigation amounts, and
enhanced irrigation efficiency are possible solutions to cope with these challenges. The benefits of
such adaptation measures have been studied for agricultural systems experiencing similar climate
change pressures and have been suggested as possible actions (Elliott et al., 2014; Fader et al., 2016;
Molden et al., 2010). Yet, sensitivities of crops to changes in temperature can be higher than those
due to water availability changes (Lobell and Burke, 2008). Temperature induced stress on crop growth
and productivity could counteract the potential of optimized water management for increased
productivity (Lobell et al., 2015; Zaveri and Lobell, 2019).
It is therefore important to understand the role of temperature stress on crop growth and resulting
plant water demand. Furthermore, improved knowledge about possible impacts of temperature and
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water stress as well as their interlinkages on future crop growth will help defining adequate adaptation
strategies. As mentioned above, in terms of adequate water availability for crop growths, especially in
semi-arid regions, previous studies highlight that there is still very limited understanding of the
potentials and limits of irrigation related climate change adaptation (Tack et al., 2017; Taraz, 2018);
and that more research is needed to disentangle the effects of temperature and water stress related
climate change impacts on agricultural yields (Carter et al 2016).
This study elaborates on how temperature stress controls agricultural productivity and plant water
requirements in the study area of the intensively irrigated agricultural system in Pakistan’s Punjab
province. It suggests that the intuitive assumption, that increasing temperatures will inevitably lead to
higher transpiration and thus to increasing irrigation demands, might not be a universal principle. This
is shown by the application of two models from two different scientific disciplines. In order to tackle
diversity in crop model parameterization, the hydrological SWAT model (Arnold et al., 2012) and the
biophysical-crop modelling framework APSIM (Holzworth et al., 2014) are considered, to analyze
climate change impacts on yield and water demand.
Numerous modeling studies regarding negative climate change impacts on yields and the potential of
irrigation to mitigate these impacts exist. These studies, however, have been conducted using either
hydrological models or crop models (Elliott et al., 2014). The combination of both model types is
expected to allow a more detailed understanding of strengths and weaknesses of either model and
thus, might result in a more reliable assessments of changes in future yield and water demand
dynamics. Both models are used in an ensemble framework to analyze the climate change impacts on
resulting crop growth over the study area. To this end, 9 climate model realizations are used; biascorrected and downscaled to force both crop models under moderate (Representative Concentration
Pathways - RCP 4.5) and high-end (RCP 8.5) future carbon emission scenarios. A careful modelling
experiment is designed to analyze the impacts of increased temperature stress on future crop yields
in connection to potential water stress. The final aim is to provide a better understanding on the
interlinkages between temperature and water stress and to detect dominant drivers of declining
(future) agricultural productivity - which could then aid in defining effective adaptation measures.

6.2

Material and Methods

In this study the focus s laid on analyzing the impacts of future climate change on summer crops,
namely cotton, maize and rice, grown between May and October. The impact is evaluated based on
changes in crop yield and relevant hydrologic and biophysical variables including evapotranspiration,
irrigation demand, leaf-area growth, and biomass production (Fig. 3-1). Due to high summer
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temperatures in the study region (mean daily Temperature > 30 °C), evaporative loss is highest during
this time and changes in irrigation needs have a particularly strong impact on basin wide water
demand. The selected crops represent high value crops with a wide distribution in the study area (Fig.
6-1A) and changes in yield will have significant economic impacts.

Fig. 6-1: LCC study area and spatial distribution of cotton, maize and rice growing regions (A, Land-use data from
Awan et al., 2016). Lower Chenab Canal (LCC) study area, Pakistan, and the Indus River Basin (B). Mean
annual temperature (C) and precipitation trends (D) of historical data (black line) and future climate
projection of 9 CORDEX models (red and blue line – ensemble mean; colored uncertainty band span
between 25th and 75th percentiles). Shaded grey areas (C and D) show the historical period (1996-2005)
and future time periods of 2021-2030 and 2041-2050, examined in this study.

Models SWAT and APSIM
For the last past of the thesis the agro-hydrological SWAT model (Arnold et al., 1998) and the
biophysical crop model APSIM (Holzworth et al., 2014) are applied. A detailed description of both
models and their main strengths and differences can be found in chapter 3. As this chapter deals with
the impact of climate change on agricultural water demand and productivity, a brief description of the
models is given here again, especially with respect to differences in representing effects of changes in
CO2 concentrations.
The hydrological model SWAT (Soil & Water Assessment Tool) simulates the quantity and quality of
water flow within catchments, incorporates detailed management strategies (e.g. irrigation schedule,
planting schedule) and basic plant physiognomic stages, e.g. root development, leaf area
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development, biomass change (Arnold et al., 2012; Gassman et al., 2014). Impacts of changing
atmospheric CO2 concentrations are accounted for in the estimation of potential evapotranspiration,
affecting (i.e., reducing) plant water demand as well as in the estimation of plant radiation use
efficiency, affecting (i.e., enhancing) the biomass production. To ensure correct and spatially
differentiated parameterization, the model is calibrated following an automated and spatially
distributed calibration approach (chapter 4 and Becker et al., 2019).
The Agricultural Production System Simulator (APSIM; Holzworth et al., 2014) is a biophysical crop
modelling framework which simulates agricultural crop dynamics with respect to varying climatic and
environmental conditions. Due to its modular approach, with individual sub-models for each crop type,
it can account for plant specific reactions to climate change. For example, with individual models for
cotton, rice, and maize it accounts for plant type specific carbon assimilation processes (C3 vs. C4plants) and hence, differentiates between plant type reactions to increased atmospheric CO2 levels.
The APSIM model parameterization for the study area was established (calibrated) following the
guidelines given for the APSIM classic model (APSIM model documentation, 2021) for three crop
specific modules for cotton, maize and rice. Like the SWAT model the APSIM model is run on a daily
time scale, with daily climate input data. Yield estimates are taken at the time of harvest at the end of
the growing season.
To allow comparison between the SWAT and the APSIM models, the soil and management parameter
configurations from the calibrated SWAT model are adopted for the APSIM model. Soil parameters
were furthermore verified through laboratory analysis of soil samples collected during a field campaign
in the study region (chapter 5 and Schulz et al., 2021). Furthermore, a sensitivity analysis was
conducted to analyze the effect of varying soil parameters on the APSIM simulated crop yields that
further allowed to constrain appropriate parameters for the APSIM soil module.
Finally the modeled crop yields were compared and contrasted with observed data provided by the
Agricultural Statistics of Pakistan, published by the Ministry of National Food Security & Research
(MNFSR, 2021) (Fig. 6-2). Yield data for cotton, rice, and maize from the province of Punjab was taken
for the years 2009-2013 and compared to simulated yield levels by SWAT and APSIM for the same
period (mean of all years is shown in Fig. 6-2).
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Fig. 6-2: Evaluation results of simulated yield simulations compared to observations; with the latter based on
the AGRIStats = Agricultural Statistics of Pakistan. Bar heights show the mean of the years 2009-2013
and uncertainty bars show +/- one standard deviation.

Climate data sets
Daily Climate Forecast System Reanalysis data (CFSR; Saha et al 2010) are taken as historical reference
climate data for a baseline period (1996-2005). The used data set encompasses temperature,
precipitation, relative humidity, solar radiation, and wind speed. To ensure the accuracy of the baseline
data set, the CFSR data is bias-corrected using climate records of three available local climate stations
(see also chapter 3 for more details on the climate data pre-processing).
Climate projection datasets are taken from the Coordinated Regional Downscaling Experiment
(CORDEX), which provides a suite of regional climate projections based on the Global Climate Models
of the Coupled Model Intercomparison Project, Phase 5 (CMIP5; Taylor et al 2012). Medium (RCP 4.5)
and high (RCP 8.5) greenhouse gas emission scenarios from the IPCC - Fifth Assessment Record (AR5)
are considered; and the impacts in the near future (short; until 2030) and the mid future (medium;
until 2050) are analyzed. The short-term time frame is selected to show the potential changes
expected to occur in the coming next decade, and to show the necessity for immediate actions. The
medium-term scenario is chosen to show the consequences of climate change at a time scale still
relevant for today’s population. Due to the capabilities of management and plants to adapt to changes
in climate as well as long-term reactions of farming community to adapt to new environmental
conditions, a long-term impact assessment is not included. For the short- and medium-term scenarios,
it is assumed that factors such as plant genetics and management strategies remain constant and at a
current level.
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The projections of future CO2 concentration are based on van Vuuren et al. (2011) and are assumed to
be 420 ppm and 450ppm CO2 for RCP 4.5 and RCP 8.5, respectively during the time period 2021-2030;
and 470 and 520 ppm CO2 for RCP 8.5 are projected for the time period 2041-2050.

6.3

Results and Discussions

Future climate trends in the LCC study area
The climate models project a strong increase in temperature over the study region, under the highemission scenario RCP 8.5 as well as under the moderate emission scenario RCP 4.5 (Fig. 6-1C). For the
summer season (May-October), the ensemble means predict an increase of 1.0 °C (±0.4°C) for RCP 4.5
and 1.0 °C (±0.3°C) for RCP 8.5 until 2030, compared to the historical period of 1996-2005. A warming
of 1.6 °C (±0.5°C) and 1.8 °C (±0.5°C) is projected for RCP 4.5 and 8.5, respectively, until 2050 (Fig. 63A). Strong increases in temperature under both scenarios points towards higher pressure on
agricultural production resulting from increased temperature stress on crop growth, especially during
summer months (Fig. 6-3B). A high agreement between the climate model ensemble members
regarding consistent increase in future temperature indicates that the future summer season warming
in the LCC area can be projected with high confidence (Fig. 6-1C; Fig. 6-3A and 6-3B).
Precipitation projections, on the other hand, are highly uncertain and there is no clear trend in annual
or monthly precipitation amounts (Fig. 6-1D, Fig. 6-3C and 6-3D). Future water availability in terms of
precipitation projections over the study area is therefore difficult to predict. In this study, it is assumed
that due to the constant irrigation activities in the LCC irrigation system, agricultural water availability
is always assured, and plant water demand is met. Thus, impacts of changes in precipitation on the
model results are small and water stress is kept low.
Scenarios that future water availability either by water abstractions from the river Chenab or from
ground water resources can no longer meet irrigation demands are not analyzed in this study, as the
focus lays on the effect of climate change impacts of agricultural productivity given enough water.
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Fig. 6-3: Projected temperature and precipitation change during Kharif (summer) months, for selected time
periods 2021-2030 and 2041-2050, with respect to historical data (1996-2005). Absolute seasonal
temperature change (A) and absolute monthly temperature changes (B). Relative seasonal precipitation
changes (C) and absolute monthly precipitation changes (D). Red dots and the displayed percentages show
ensemble mean changes. Grey dots represent single ensemble members. Right panels show model
ensemble uncertainty bands of 25th and 75th percentiles.

Declining yield levels under climate change
Both models show that climate change will lead to a substantial reduction of future yield levels in the
study area. Under current CO2 concentrations, mean yield levels are projected to decrease by up to 24% (±12%) under the high emission and mid-century scenario (Fig. 6-4A, light grey bar, RCP 8.5 204150). Despite their differences in predicted magnitudes of yield declines (SWAT: -32% (±12%) and
APSIM: -16% (±2%)), the models agree in their trends (sign) and show increasing yield losses with
increasing temperatures for all crop types (Fig. 6-4B, 6-4 C, 6-4D). Considering that water demand is
assumed to be met, these results underline that the increasing temperature stress alone will have a
strong negative effect on crop growth, which is in-line with findings of previous studies (Deryng et al.,
2014; Saddique et al., 2020; Siebert and Ewert, 2014; Zhao et al., 2017).
Accounting for increasing CO2-concentrations (Fig. 6-4, dark grey bars) dampens the negative impact
of the temperature increase on yields, revealing the significant positive effect of higher CO2 levels on
agricultural productivity due higher photosynthesis rates, also known as CO2-fertilization. For the
short-term scenario (2021-2030), increasing CO2-concentrations prevent the strong decline in
simulated crop yields. This is generally in-agreement with previous studies showing this strong positive
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effect of increasing CO2 concentrations on plant growth and its ability to counteract plant growth
limiting effects (Parry et al., 2004). Yet, the effectiveness of CO2-fertilization is still a large source of
uncertainty (Elliott et al., 2014; McGrath and Lobell, 2013). In the context of this study, uncertainty
arises through the differences in representing CO2-impacts on plant physiology by SWAT and APSIM.
The hydrological SWAT model does not account for plant type specific impacts of CO2 (e.g. different
reactions of C3-plant and C4-plant) and might overestimates the positive effects of CO2 (Wu et al.,
2012). The APSIM crop models, on the other hand, consider plant specific impacts, e.g., the maizemodel (Fig. 6-4C) correctly assumes maize-insensitivity to changing CO2 effects (maize = C4-plant). In
the case of cotton, which shows a lower yield reduction than rice and maize, the enhanced productivity
under rising CO2 levels even leads to an increasing yield (Fig. 6-4B). The sensitivities of rice and SWATmaize yield to CO2-concentrations are comparable, but their yield reductions due to temperature
stress are too severe for increasing CO2 emissions to compensate (Fig. 6-4D).

Fig. 6-4: Projected changes in future crop yield under the RCP 4.5 and RCP 8.5 scenario, neglecting (light grey
bars) and considering (dark grey bars) the impact of CO 2 changes. Results are shown for all crops combined
(A) as well as separately for cotton (B), maize (C) and rice (D). Filled bars show the model ensemble median
and black error bars show the respective 25th and 75th percentiles of the model ensemble (SWAT and
APSIM with nine climate models). Separate results for SWAT and APSIM models are shown as colored dots
(median) and error lines (25th and 75th percentiles for the model ensemble of nine climate models).

Overall, APSIM results show declining yields even for the short-term future, indicating that elevated
CO2 concentrations are not able to compensate for reduced yield due to higher temperature stress.
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Under further rising temperatures (2041-2050), both models project decline in crop yields (-8% (±9%),
RCP 4.5 and -7% (±12%), RCP 8.5); and disclose that even with further elevated CO2-concentrations
and unlimited water availability climate change induced yield declines cannot be prevented. All
estimated crop productivities show that yields are expected to benefit less from increasing CO2 levels,
as temperatures continue to rise (Fig. 6-4B).
Previous studies have indicated that increasing CO2 improves water use efficiency by reducing plant
transpiration which facilitates plant growth during dry/drought conditions (Wullschleger et al., 2002;
Yoo et al., 2009). At the same time, it has been also reported that reduced plant transpiration leads to
increased temperature stress, due to a reduced evaporative cooling effect (Siebert et al., 2014;
Vanuytrecht et al., 2012). Both these effects are not covered presently by either of the models. As the
strong increase in future temperature is projected under both RCPs and together with abundance of
water due to irrigation, the positive effect of CO2 on yield levels is most likely overestimated by both
crop models. Recently, Wang et al., 2020 noted the positive effects of CO2 tend to be overestimated
by crop models based on their analysis of a global reduction in CO2 fertilization effect on vegetation
photosynthesis, which most models do not account for.

Future irrigation and evaporative demand
In the following, the reasons behind the estimated yield declines are discussed based on changes in
irrigation demand, evapotranspiration, leaf area index and biomass productivity. Results presented
here are averaged over the selected summer crops cotton, maize and rice. Crop specific results are
presented in the supplementary material (Fig. A 6-1 and A 6-2, Annex).
Considering the significant temperature increase one would expect a strong increasing signal in plant
water demand (Döll, 2002; Wada et al., 2013). Examining irrigation and evaporative demands in the
study area, however, reveals that trends in future water demand do not align with projected
temperature trends. Increasing water demands are surprisingly moderate and do not increase by more
than 5% (average of both models; Fig. 6-5C). Against the expectation of a strong increase in irrigation
needs under rising temperatures, both crop models show that average irrigation demands increase
less under higher temperatures. Under both emission scenarios, a maximum increase is predicted for
the moderate scenario (RCP 4.5, 2021-2030) while a minimum increase is predicted for the high-end
emission scenario (RCP 8.5, 2041-2050). Figure 6-5 displays the results for APSIM and SWAT separately
to reveal important differences in their simulation results. SWAT projects the lowest increase in water
demand for the RCP 8.5 and mid-term future scenario (1±8%). Under elevated CO2 concentrations (Fig.
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6-5B), water demand even further reduces (-4±7%), which generally agrees with the effect of reduced
plant water demand due to reduced stomatal conductance (Kimball et al., 2002).

Fig. 6-5: Projections of future irrigation demand (A and B) and future ET rates (C and D). Changes under the
baseline CO2-scenario (A and C) and with increased CO2-levels (B and D).

The APSIM model simulated irrigation demand appears insensitive to CO2 changes, as irrigation
demands remain constant regardless of changes in CO2 levels (Fig. 6-5A vs. 6-5B). Yet, the significant
increase in LAI (leaf area index) under elevated CO2 levels (see below, Fig. 6-6B) and the negligible
change in irrigation demand illustrates that the APSIM model likewise account for the positive CO2
effects on water demand and show decreasing irrigation demands relative to leaf area growth.
The reason for the surprisingly low increase in irrigation demand can be explained by the low increase
in actual evapotranspiration (Fig. 6-5C and 6-5D), which prevents irrigation demands to significantly
increase. Despite the strong temperature rise, increases in ET are projected by both crop models to
stay on average below 3% (±4%), and do not increase with higher temperatures, even under the
assumption of unchanged CO2 emissions.
Noting that water supply is guaranteed in both crop models, the low ET rates under rising
temperatures cannot be related to water shortages and should be explained by ET controlling plant
parameters, such as LAI and biomass production (as discussed below in the following section). The
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limited changes in water demand also reveal that even if more water for intensified irrigation activity
would be available, it would not help to reduce yield losses.

Future plant growth and agricultural productivity
The SWAT model estimates LAI development based on the influence of the predominant
environmental stress factor (Neitsch et al., 2009), i.e. heat stress in this study. This results in a
significant reduction in LAI by up to -27% (±6%) under the high-emission scenario (RCP 8.5, 2041-2050).
The decreasing LAI trend clearly follows the increasing temperature trend, with highest LAI reductions
under the RCP8.5 scenario (Fig. 6-6A) and confirms the LAI sensitivity towards temperature. In
combination with the reduction of stomatal conductance, a significant decline in LAIs therefore seems
to be one of the main reasons for the overall low ET rates simulated by the SWAT model under high
temperatures (Fig. 6-5C). LAI calculations in SWAT do not account for CO2 effects (Fig. 6-6A vs 6-6B),
which leads to strong LAI decreases even under higher CO2 concentrations (Fig. 6-6B) and to decreasing
ET rates (Fig. 6-5D).
APSIM on the other hand, which does not account for a specific heat stress factor in parts of its LAI
calculations, shows a clear LAI insensitivity to temperature (Fig. 6-6A and 6-6B). Yet, APSIM-LAI
predictions show a notable sensitivity to CO2-concentrations and increasing leaf growth under rising
CO2 levels. APSIM based simulated LAIs are projected to increase by up to 15% (±10%) under the high
emission scenario, which explains why APSIM-ET rates do not decrease despite ET reducing CO2-effects
(Fig. 6-5D). Similar effects were described recently by Singh et al., 2020, revealing a strong increase in
LAI due to CO2 increases which can offset higher water use efficiency.
As the leaf area growth and temperature increase jointly control the evaporative demands and
ultimately irrigation water needs, the differences in LAI projections underline the importance of model
sensitivity with respect to temperature stress. These differences in the underlying model
parameterizations between both models leads to two different conclusions. On the one hand, the
SWAT model projects a decline in future plant growth, which is strong enough to reduce ET and
irrigation demand -- this leads to the conclusion that irrigation intensification cannot help to mitigate
future yield losses. APSIM on the other hand, forecast increasing leaf area growth and indicates that
due to its (even if only moderately) rising irrigation demands, intensified irrigation is necessary to not
further strengthen the predicted yield losses.
The apparent inconsistency in decreasing LAI and at the same time increasing biomass in SWAT under
elevated CO2 concentrations (Fig. 6-6B and 6-6D) can be explained by the sensitivity of biomass
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production in SWAT to changes in CO2. In SWAT, the biomass production is dependent on radiation
use efficiency and available light for photosynthesis (see chapter 3.2). While the availability of light is
dependent on LAI development, radiation use efficiency is positively affected by changes in CO 2concentrations (Neitsch et al., 2009). Increasing CO2 concentrations thus enhance biomass production.
In this study, this biomass enhancing effect is stronger than the negative effect due to decreasing LAI
(SWAT results Fig. 6-6D, RCP 4.5). Yet, for RCP 8.5 and a further temperature increase, this effect is
dominated by a further reduction in LAI, leading to a reduction in biomass even under further elevated
CO2 concentrations (Fig. 6-6D).

Fig. 6-6: Projections of future LAI changes (A and B) and future biomass changes (C and D). Changes under the
baseline CO2-scenario (A and C) and with increased atmospheric CO 2-levels (B and D).

Despite their differences in LAI estimation procedures, both models show that even if the increased
future water demand is fulfilled, a substantial reduction in plant biomass (and thereafter yields) due
to increasing temperatures is projected in future (Fig. 6-6C). To this end, both models show a good
agreement in their predicting trends. Rising CO2 levels might compensate negative temperature effects
in the near future but already for the mid-century scenario (2041-2050), biomass is projected to
decline despite further elevated CO2 levels (Fig 6-6D).
The reason for the discrepancy between increasing LAI predictions and decreasing biomass estimates
by APSIM, can be found in the way APSIM accounts for biomass partitioning processes. As a biophysical
crop model, the APSIM model accounts for carbon assimilation in different plant parts (i.e. leaves,
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stem, fruit). Leaf area can therefore remain constant or even increase while the overall biomass
decreases (APSIM model documentation, 2021).
Recalling that both models assure a sufficient supply of irrigation water to meet changing water
demands, the results reveal that temperature stress alone is responsible for the simulated yield
declines in this study. It can therefore be concluded that increased water use has a strong limit in
mitigating future yield losses. Intensification of irrigation might be able to mitigate yield declines in the
near future, when positive CO2 effects balance the harmful temperature effects and irrigation
demands are still increasing (Fig. 6-5B). For the mid-century scenario however, when positive CO2
effects are no longer sufficient and irrigation demand decrease, irrigation intensification will not be
able to mitigate the projected yield losses.
It should be mentioned that these deductions are based on the average trends estimated for maize,
cotton, and rice crops. Plant specific reactions should be considered, when impacts on individual crop
types are the focus. The effects of climate change on each crop type showed that even though crop
reactions differ, they agree in their overall responses to temperature stress and sensitivity to CO2 (see
Fig. A 6-1 and A 6-2, Annex). The exception to this general trend is the maize crop simulated by the
APSIM model due its particular physiologies as a C4-plant.

6.4

Conclusion

The main finding of this study is that under the expected climate change scenarios a substantial
reduction in summer crop yields is likely to occur in the study region, even though enough irrigation
water is assumed to be available. It could be shown that plant development is dominantly controlled
by temperature stress and that therefore the negative climate change impact on agricultural
productivity cannot be mitigated by an intensification of irrigation.
Assuming a constantly satisfied plant water demand, the results indicate that in the intensively
irrigated agricultural system, the limit of additional water as adaptation measure could be reached in
the near future. The dominant future factor, likely causing a substantial yield decline, seems to be plant
heat stress. Under these circumstances, temperature related adaptation strategies such as the
selection of more heat resistant crops, or changes in crop planting schedules to avoid high temperature
stress seem more suitable than water related adaptation measures.
The results contradict previous studies, which suggest that increased irrigation amounts can help to
reduce crop heat sensitivity in such a way that it partially or even entirely offsets temperature induced
yield reduction (Shaw et al., 2014; Tack et al., 2017; Zaveri and Lobell, 2019). However, these studies
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also argue that yield gains from intensified irrigation have already slowed down in recent years and
that the application of more water has its limits as a potential adaptation strategy to prevent harmful
effects of rising temperatures.
Finally, by using two crop models from two different scientific disciplines, this study showed that while
both models agree in their overall yield simulations, their predictions of future water demand and the
capability of irrigation to counteract the dominating temperature stress can vary significantly. Hence,
when using models as decision support systems for future water resources planning, it needs a careful
examination of their respective model structures and especially their sensitivities with respect to
temperature stress in order to draw the reliable conclusion about future irrigation demands.
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7

Overall conclusions and main findings

In line with the two central objectives of this research, the main findings can be structured in two parts:
Main findings part 1: Set-up, calibration, and validation
The first part of this thesis assesses the suitability of using ET data for a spatially distributed model
calibration of the agro-hydrological SWAT model. It gives an outlook on strengths and weaknesses of
using remote sensing data for ET estimations and points out further research needs in this field.
Furthermore, a framework is developed to acquire data of important water balance parameters using
field observations in combination with numerical modeling. Main findings can be summarized as
followed:


The method of using spatially distributed and remote sensing derived ET data showed its
advantages for the calibration of a large-scale hydrological model, in the heavily human
impacted and intensively irrigated agricultural study region of the Lower Chenab Canal System.
Yet, it also showed significant limitations in resolving the small-scale heterogeneity of the area.



Hence, to use remote sensing ET data for model calibration, which is often the only spatially
distributed data set available, a detailed assessment of the spatial variability represented by
the “observed” data set (e.g., SEBAL) is necessary. For a small scale and highly divers
agricultural setting with likewise diverse ET patterns, the preservation of the spatial
heterogeneity of the “observed” (i.e., remote sensing) data set remains one of the main
challenges.



It could be demonstrated that the extraction of spatial ET data from a gridded remote-sensing
based ET product, using the extent of SWAT model spatial extends (i.e., hydrological response
units, HRUs), leads to averaged and nearly equal remote sensing ET values for all HRUs. In
other words, the remote sensing ET data loses its heterogeneity due to an averaging of ET
values over a larger (HRU-level) extend. The extracted time series from SEBAL data are
therefore insufficiently representing spatial differences in ET patterns and are inhibiting
satisfactory calibration results.



For an improved model calibration in such an environment, a modified “observed” ET data set,
which accounts for land-use class specific ET pattern is therefore desirable.



The final calibration of SWAT using an ET data set which captures the spatial ET variability,
showed the potential of an automated and spatially distributed calibration approach for a
complex spatially distributed hydrological model.
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The research on alternative calibration strategies revealed once more the importance of data
availability for model calibration and validation. In this regard, the developed framework to
obtain data of central water balance components proved to be a possible way to get the
valuable data for model calibration and validation.



Even though it does not give spatially distributed information, the research on combining insitu measuring and a modeling approach to estimate water balance parameter, showed how
this approach can help to get reliable water balance estimates. Data obtained by this approach
can be used as validation data in ungauged sites, such as the one selected for this thesis.

Main findings part 2: Model application - Impact of climate change on water demand and
agricultural productivity
The final part of this thesis focuses on the assessment of climate change impacts on the water balance
and agricultural productivity. It concentrates on the importance of temperature vs. water stress and
elaborates on their implications for potential climate adaption strategies. Main findings are:


Temperatures are projected to increase by approx. 1.6 °C until 2050, while precipitation
projections are highly uncertain, and no clear future precipitation trend can be detected for
the study region of the Lower Chenab Canal System.



Even under the assumption of sufficient water, the model results of SWAT and APSIM revealed
that yield will be significantly reduced in future due to increased plant temperature stress. It
could be shown that in the intensively irrigated agricultural system, the limit of additional
water as adaptation measure will certainly be reached soon. The dominant future factor,
causing a substantial yield decline, seems to be plant heat stress.



This is an important finding regarding water management in the area, as it shows the
limitations of the resource “water” to relieve climate change impacts.



The results contradict previous studies, which suggest that increased irrigation amounts can
help to reduce crop heat sensitivity in such a way that it partially or even entirely offsets
temperature induced yield reduction.



Temperature stress related adaption strategies (e.g., more heat tolerant crops) or a regional
crop shifting might under these circumstances be more important than increasing irrigation
intensities.
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APSIM and SWAT differ in their results due to model structural differences. Especially the
differences in mode equations which account for heat and water stress, are influencing the
results on climate effects on plant productivity and yield. A careful assessment of the structural
differences is needed to draw the right conclusion on potential measure to mitigate climate
change impacts.
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8

Outlook

The research undertaken in the scope of this thesis revealed that especially temperature stress is
expected to significantly reduce future yield levels in the region of the Lower Chenab Canal System. An
intensification of irrigation might fail as a measure to counteract climate change and to keep
productivity levels high, because of severe negative impacts on plant growths due to temperature
stress. Similar results regarding the effectiveness of irrigation are reported by (Lobell and Burke, 2008;
Zaveri and Lobell, 2019), which show that under currently increasing temperatures yield levels
decrease despite increased irrigation efforts. Yet other studies on agricultural systems experiencing
similar environmental pressures, consider an intensification of irrigation as a possible action to
mitigate climate change (Elliott et al., 2014; Fader et al., 2016; Molden et al., 2010).
This shows that the choice and the effectiveness of mitigation measures have to be seen in the local
context and are controlled by the dominance of yield limiting stress factors (e.g. heat vs. water stress).
The findings of this thesis show that contrary to expectations irrigation demand do not necessarily
align with increasing temperatures. Based on the results of this thesis and for the respective region
under study, it can be stated that heat stress is the dominant factor causing reductions in plant growth
strong enough to even reduce plant water demand.
Consequently, measures to avoid extreme crop heat stress like the geographical shifting of crops to
their “optimal growing areas” also entitled as “eco-agrological zones” could be a more effective
solution than an increase in irrigation water supply. This aspect is important to consider, and it is
already publicly discussed in Pakistan (Business Recorder, 2017), especially with respect to future
climate change, under which these agro-ecological zones are expected to shift and affect water
resources as well as productivity levels.
Another possible adaptation measure would be a shift to more heat resistant crops. Results of this
modeling study show different sensitivities of crops to heat stress and accordingly less yield reduction
of crops capable of coping with higher temperatures.
Nevertheless, it should be highlighted again, that one of the main assumptions of this modeling study
is the constant availability of irrigation water. Only under this assumption heat stress could gain its
dominant status. The study did not answer the question on how yield would change if irrigation water
availability would reduce. Even if, due to intensive and often excessive ground water pumping, a
sufficient irrigation supply can be assumed for the near future, in the long-term these resources are
likely to diminish and increase the importance of water stress in this semi-arid and entirely irrigation
dependent agricultural region.
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Furthermore, no increasing frequency of heat waves or prolonged drought periods were considered.
These will have a more detrimental effect on plant growth than gradually increasing trends (Dreesen
et al., 2012) and can have a disproportionate impact on the ecosystem compared to the time span in
which they happen (de Boeck et al., 2011). This shows again the importance of knowing the detailed
impact of one or the other stressor (heat and drought) and their interactions.
Overall large knowledge gaps still exist on plant science as well as on plant model developing site in
knowing and representing the interplay of heat and water stress on plant growth. Previous studies
highlight that more research is needed to separate the effects of temperature and water stress related
climate change impacts on agricultural yields (Carter et al 2016) to better understand which measures
could help to mitigate negative climate change impacts. Further research should therefore be done on
assessing the effects of heat and water stress on agricultural yields studying their potential synergistic,
antagonistic or additive nature (Mahoorakashani, 2017).
The model comparison of APSIM and SWAT showed that their differences in accounting for the
interplay of heat and water stress significantly influenced the results of plant productivity. As Jin et al.
(2016) suggest, models should be able to coordinate the interaction of environmental stresses
(especially heat and water stress). Future research questions for a better understanding of the
interplay of heat and water stress could therefore be:



What are the relative effects of temperature and water stress on plant productivity?



What is the nature of their interplay and what does it tell us about potential adaption
measures?



Can a threshold of heat and water stress be defined which decides about the effectiveness of
adaption measures to enhance plant productivity? E.g., until which heat stress level can
irrigation still improve or maintain productivity?

Concludingly it can be stated that for the study area of the Lower Chenab Canal region, climate change
impacts are posing a serious threat to future agricultural productivity. Based on the results of this
thesis, heat stress affects will be strong enough to reduce plant growth, while water stress is expected
to be less severe. This however is only true, if water demand can be met by surface water supply or
groundwater pumping – an assumption which is made in this study, but which should be questioned
in the long term. Future changes in discharge volumes of the glacier- and snowmelt driven rivers, over-
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exploitation of ground water resources as well as increasing water demand of the growing population
will put the water demand in the study area under additional pressure.
The results of this thesis suggest that to mitigate future climate change impacts the reductions of heat
stress effects on crops should be prioritized in near future, while a more sustainable water
management is unquestionable to continue to fulfill high water demands also in the long-term future.
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10 Annex
10.1 Annex – Chapter 4
A 4-1 – Monthly correction factors for each land-use type; for land-use class descriptions see Fig. 4-1
Month

FOCO

WHCO

WHMZ

FOFO

WHFA

WHRI

FOFA

SUGR

WHFO

Jan

1.38

1.29

1.29

1.38

1.29

1.29

1.38

0.34

1.29

Feb

1.04

0.96

0.96

1.04

0.96

0.96

1.04

1

0.96

Mar

1.31

1.17

1.17

1.31

1.17

1.17

1.31

0.53

1.17

Apr

0.48

0.35

0.35

0.48

0.35

0.35

0.48

2.17

0.35

May

0.5

0.5

0.4

0.4

0.2

1

0.2

1.5

0.4

Jun

0.73

0.73

0.77

0.77

0.2

1.42

0.2

1.61

0.77

Jul

0.82

0.82

1.02

1.02

0.2

1.09

0.2

1.16

1.02

Aug

0.7

0.7

1.08

1.08

0.2

1.08

0.2

1.07

1.08

Sep

0.56

0.56

1.22

1.22

0.2

1.27

0.2

1.27

1.22

Oct

0.33

0.33

0.75

0.75

0.2

1.26

0.2

1.66

0.75

Nov

0.44

0.97

0.97

0.44

0.97

0.97

0.44

1.59

0.97

Dec

0.86

1.05

1.05

0.86

1.05

1.05

0.86

1.09

1.05

A 4-2 – New parameter ranges from best calibration runs, yielding a KGE of 0.4, for all land-use classes used
in calibration. The range of parameter values shows the spread of calibrated values for all HRUs of each
respective land use or soil class.
#
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

Parameter name
EPCO
EPCO
EPCO
EPCO
EPCO
EPCO
EPCO
EPCO
EPCO
CN2
CN2
CN2
CN2
CN2
CN2
CN2
CN2
CN2
SOL_AWC
SOL_AWC
SOL_AWC
SOL_AWC
GW_DELAY
GW_DELAY
GW_DELAY

Land-use /Soil Class
Fodder-Cotton
Fodder-Fallow
Fodder-Fodder
Sugarcane
Wheat-Cotton
Wheat-Fallow
Wheat-Fodder
Wheat-Maize
Wheat-Rice
Fodder-Cotton
Fodder-Fallow
Fodder-Fodder
Sugarcane
Wheat-Cotton
Wheat-Fallow
Wheat-Fodder
Wheat-Maize
Wheat-Rice
Farida (loam)
Jhang (fine-sandy loam)
Buchiana (clay loam)
Chuharcana (loamy sand)
Fodder-Cotton
Fodder-Fallow
Fodder-Fodder

Unit
mm H2O/mm soil
mm H2O/mm soil
mm H2O/mm soil
mm H2O/mm soil
days
days
days

Range
1st quantile

mean

3rd quantile

0.90
0.99
0.91
0.02
0.91
0.04
0.91
0.99
0.83
69
41
68
71
42
33
74
65
44
0.065
0.045
0.061
0.054
236
229
164

0.90
0.99
0.91
0.02
0.91
0.04
0.91
0.99
0.83
69
41
69
70
45
35
74
65
46
0.066
0.045
0.063
0.045
295
306
210

0.90
0.99
0.91
0.02
0.91
0.04
0.91
0.99
0.83
69
41
71
71
49
36
74
65
44
0.067
0.045
0.064
0.045
375
348
266

i

26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
43
44

ii

GW_DELAY
GW_DELAY
GW_DELAY
GW_DELAY
GW_DELAY
GW_DELAY
SOL_K1
SOL_K1
SOL_K1
SOL_K1
SOL_K2
SOL_K2
SOL_K2
SOL_K2
SOL_K3
SOL_K3
SOL_K3
SOL_K3

Sugarcane
Wheat-Cotton
Wheat-Fallow
Wheat-Fodder
Wheat-Maize
Wheat-Rice
Farida (loam)
Jhang (fine-sandy loam)
Buchiana (clay loam)
Chuharcana (loamy sand)
Farida (loam)
Jhang (fine-sandy loam)
Buchiana (clay loam)
Chuharcana (loamy sand)
Farida (loam)
Jhang (fine-sandy loam)
Buchiana (clay loam)
Chuharcana (loamy sand)

days
days
days
days
days
days
mm/h
mm/h
mm/h
mm/h
mm/h
mm/h
mm/h
mm/h
mm/h
mm/h
mm/h
mm/h

248
38
356
192
17
198
374
470
389
480
50
86
52
64
4.8
26
15
45

256
39
404
244
37
214
374
470
389
480
50
86
52
64
4.8
26
15
45

292
47
496
289
45
204
374
470
389
480
50
86
53
64
4.8
30
15
45

10.2 Annex – Chapter 5
A 5-1 – Measured soil texture and bulk density

Layer 1 (0-15 cm)
Layer 2 (15-60 cm)
Layer 3 (60-200 cm)

Sand [%]

Silt [%]

Clay [%]

Bulk density [g cm-3]

46.8
54.9
56.1

51.5
39.5
39.0

1.6
5.6
4.9

1.45
1.61
1.59

A 5-2 – First approximation of inflow estimates

Date

First approximation of inflow [mm]
linear
makina

nearest

pchip

spline

Range [mm]

2018-08-16
2018-09-04
2018-09-11
2018-09-25
2018-09-28
2018-09-18
2019-01-14
2019-01-21
2019-01-31
2019-02-07
2019-02-19
2019-02-25
2019-03-02
2019-03-12
2019-03-19
2019-04-16
2019-04-17
2019-04-18

149.34
133.17
83.39
73.22
31.11
72.55
73.93
2.94
7.30
4.14
45.55
12.73
3.64
120.99
73.50
7.34
8.07
6.61

138.47
126.53
81.02
68.88
31.85
68.93
71.86
1.96
5.11
3.44
44.77
13.28
2.04
118.23
71.51
6.40
6.62
6.13

145.65
134.02
83.50
72.76
30.85
72.13
73.85
3.36
7.13
4.34
45.50
12.76
3.67
120.37
74.52
7.43
7.09
6.23

148.31
127.58
83.60
83.29
33.16
74.82
72.22
4.98
1.43
2.98
48.67
14.58
2.97
129.12
73.48
5.31
4.04
6.28

146.26
135.11
83.79
72.55
30.91
72.40
73.71
2.95
6.58
4.66
45.74
13.03
3.20
118.67
72.55
5.89
6.79
6.54

10.87
8.58
2.77
14.41
2.31
5.89
2.06
3.03
5.87
1.69
3.90
1.85
1.64
10.89
3.02
2.12
4.04
0.48

A 5-3 – Van Genuchten Parameter estimates with standard deviation () derived by the Rosetta model using
soil texture and bulk density information.

Layer 1 (0-15 cm)
Layer 2 (15-60 cm)
Layer 3 (60-200 cm)

𝜃r [%]

𝜎 [%]

𝜃s [%]

𝜎 [%]

𝛼 [cm-1]

𝜎 [cm-1]

n [cm-1]

𝜎 [cm-1]

Ks [cm d-1]

𝜎 [cm d-1]

5.2
5.5
5.5

1.3
1.2
1.2

36.3
33.9
34.1

1.9
1.4
1.4

0.009
0.013
0.014

0.14*
0.11*
0.11*

1.6
1.5
1.5

0.026*
0.018*
0.019*

51.7
24.9
28.6

0.23*
0.14*
0.14*

* log10-transformed

A 5-4 – Optimized van Genuchten Parameter using CMAES (Covariance Matrix Adaptation Evolution
Strategy) and RMSE (root mean squared error) of simulated and observed volumetric water content.

Maximum

Mean

𝜃r [%]

𝜃s [%]

𝛼 [cm-1]

n [cm-1]

Ks [cm d-1]

Layer 1 (0-15 cm)

2.6

40.6

0.0011

1.71

40.6

Layer 2 (15-60 cm)

3.2

35.0

0.0017

1.49

19.5

Layer 3 (60-200 cm)

3.1

35.0

0.0021

1.60

22.4

Layer 1 (0-15 cm)

2.6

40.6

0.0010

1.67

40.5

Layer 2 (15-60 cm)

3.2

35.0

0.0016

1.46

19.5

RMSE [%]
2.25

2.15

iii

Minimum

Layer 3 (60-200 cm)

3.1

35.0

0.0020

1.60

22.4

Layer 1 (0-15 cm)

2.6

40.6

0.0010

1.65

35.2

Layer 2 (15-60 cm)

3.2

35.0

0.0016

1.44

17.0

Layer 3 (60-200 cm)

3.1

35.0

0.0018

1.60

19.5

2.17

A 5-5 – Daily sums of simulated water balance components inflow, actual evapotranpiration (ET act) and
downward flux at 2 mbgl (Flux2m)

Date

Inflow [mm]
min
mean

max

ETact [mm]
min
mean

max

Flux2m [mm]
min
mean

max

2018-08-16
2018-08-17
2018-08-18
2018-08-19
2018-08-20
2018-08-21
2018-08-22
2018-08-23
2018-08-24
2018-08-25
2018-08-26
2018-08-27
2018-08-28
2018-08-29
2018-08-30
2018-08-31
2018-09-01
2018-09-02
2018-09-03
2018-09-04
2018-09-05
2018-09-06
2018-09-07
2018-09-08
2018-09-09
2018-09-10
2018-09-11
2018-09-12
2018-09-13
2018-09-14
2018-09-15
2018-09-16
2018-09-17
2018-09-18
2018-09-19
2018-09-20
2018-09-21
2018-09-22
2018-09-23
2018-09-24
2018-09-25
2018-09-26
2018-09-27
2018-09-28
2018-09-29
2018-09-30

135.37
123.73
80.79
66.91
32.18
-

165.27
149.26
89.52
89.29
43.06
-

0.50
3.39
7.34
7.50
7.39
7.01
6.43
7.06
7.04
6.89
6.66
6.50
5.64
4.84
6.15
5.29
4.76
4.16
3.23
7.02
6.94
6.50
5.77
6.52
2.25
6.44
6.45
7.67
7.06
7.59
5.27
6.54
6.02
6.50
6.26
6.18
6.06
6.01
4.15
5.83
5.58
5.85
6.00
6.81
5.56
5.32

0.60
3.43
7.36
7.51
7.40
7.03
6.45
7.09
7.07
6.93
6.69
6.54
5.68
4.89
6.36
5.79
5.08
4.38
3.40
7.06
6.96
6.51
5.77
6.53
2.25
6.46
6.37
7.67
7.05
7.59
5.26
6.54
6.02
6.51
6.27
6.19
6.08
6.02
4.16
5.85
5.59
5.91
6.03
6.86
5.61
5.36

0.37
0.96
0.92
0.88
0.84
0.82
0.81
0.83
0.85
0.88
0.91
0.92
0.93
0.93
0.91
0.90
0.87
0.85
0.82
0.79
0.77
0.74
0.71
0.68
0.67
0.68
0.70
0.73
0.76
0.82
0.95
1.20
1.46
1.68
1.80
1.85
1.85
1.80
1.74
1.66
1.58
1.49
1.41
1.33
1.26
1.19

0.43
1.11
1.05
1.03
1.14
1.52
2.00
2.36
2.55
2.59
2.52
2.41
2.27
2.13
1.99
1.85
1.73
1.61
1.51
1.41
1.32
1.25
1.29
1.60
2.06
2.44
2.65
2.71
2.98
4.35
5.83
6.04
5.60
4.94
4.32
3.88
3.49
3.15
2.86
2.60
2.37
2.17
1.99
1.85
1.75
1.73

iv

146.72
133.88
84.66
74.98
36.68
-

0.56
3.43
7.36
7.52
7.40
7.03
6.44
7.08
7.06
6.91
6.67
6.52
5.66
4.87
6.32
5.66
4.99
4.31
3.34
7.07
6.97
6.51
5.78
6.53
2.26
6.46
6.48
7.69
7.07
7.60
5.27
6.55
6.03
6.51
6.27
6.18
6.07
6.02
4.15
5.84
5.60
5.89
6.02
6.87
5.60
5.35

0.43
1.10
1.05
1.00
0.98
1.02
1.13
1.26
1.38
1.45
1.49
1.49
1.47
1.42
1.37
1.31
1.25
1.19
1.13
1.07
1.02
0.97
0.93
0.93
1.00
1.12
1.24
1.34
1.44
1.77
2.43
3.03
3.32
3.34
3.21
3.02
2.81
2.59
2.39
2.20
2.03
1.88
1.74
1.62
1.52
1.44

2018-10-01
2018-10-02
2018-10-03
2018-10-04
2018-10-05
2018-10-06
2018-10-07
2018-10-08
2018-10-09
2018-10-10
2018-10-11
2018-10-12
2018-10-13
2018-10-14
2018-10-15
2018-10-16
2018-10-17
2018-10-18
2018-10-19
2018-10-20
2018-10-21
2018-10-22
2018-10-23
2018-10-24
2018-10-25
2018-10-26
2018-10-27
2018-10-28
2018-10-29
2018-10-30
2018-10-31
2018-11-01
2018-11-02
2018-11-03
2018-11-04
2018-11-05
2018-11-06
2018-11-07
2018-11-08
2018-11-09
2018-11-10
2018-11-11
2018-11-12
2018-11-13
2018-11-14
2018-11-15
2018-11-16
2018-11-17
2018-11-18
2018-11-19
2018-11-20
2018-11-21
2018-11-22
2018-11-23
2018-11-24
2018-11-25
2018-11-26
2018-11-27
2018-11-28

-

-

-

5.25
5.17
5.43
6.35
5.89
4.98
4.49
5.18
5.22
4.32
3.98
3.36
3.86
3.42
3.49
2.99
2.57
2.63
2.19
2.09
1.93
1.60
1.70
1.52
1.24
1.10
1.00
1.10
0.76
0.79
0.48
1.62
1.37
2.32
2.07
2.25
2.37
1.61
1.70
1.11
2.17
2.28
1.33
2.53
2.82
1.64
1.43
0.83
1.22

5.28
5.19
5.45
6.37
5.91
5.00
4.50
5.20
5.23
4.33
3.99
3.38
3.87
3.44
3.52
3.45
2.93
2.90
2.38
2.22
2.06
1.70
1.79
1.59
1.31
1.15
1.05
1.14
0.81
0.84
0.50
1.64
1.38
2.33
2.08
2.26
2.38
1.62
1.70
1.11
2.18
2.29
1.33
2.53
2.83
1.65
1.43
0.83
1.22

5.28
5.19
5.45
6.37
5.92
5.01
4.52
5.21
5.24
4.34
4.01
3.39
3.89
3.45
3.54
3.47
3.16
3.07
2.49
2.32
2.13
1.76
1.84
1.64
1.35
1.19
1.08
1.19
0.84
0.86
0.52
1.64
1.38
2.32
2.07
2.26
2.37
1.61
1.70
1.11
2.18
2.28
1.33
2.53
2.83
1.64
1.43
0.83
1.22

1.14
1.10
1.07
1.06
1.06
1.06
1.06
1.06
1.05
1.04
1.02
0.99
0.96
0.93
0.90
0.87
0.84
0.81
0.78
0.75
0.72
0.69
0.67
0.64
0.62
0.60
0.58
0.56
0.54
0.52
0.50
0.87
0.87
0.88
0.89
0.89
0.90
0.90
0.91
0.91
0.91
0.90
0.90
0.89
0.88
0.86
0.85
0.83
0.82

1.39
1.38
1.42
1.48
1.55
1.59
1.61
1.60
1.57
1.52
1.47
1.40
1.34
1.28
1.21
1.15
1.10
1.04
0.99
0.95
0.90
0.86
0.82
0.79
0.75
0.72
0.69
0.66
0.64
0.61
0.59
1.00
1.01
1.02
1.02
1.03
1.04
1.05
1.05
1.06
1.06
1.05
1.04
1.03
1.01
1.00
0.97
0.95
0.93

1.80
2.02
2.34
2.61
2.76
2.78
2.72
2.60
2.46
2.31
2.16
2.02
1.89
1.76
1.65
1.54
1.45
1.36
1.28
1.21
1.14
1.08
1.03
0.98
0.93
0.88
0.84
0.81
0.77
0.74
0.71
1.00
1.01
1.02
1.02
1.03
1.04
1.06
1.07
1.08
1.09
1.09
1.08
1.08
1.07
1.05
1.03
1.01
0.99

v

2018-11-29
2018-11-30
2018-12-01
2018-12-02
2018-12-03
2018-12-04
2018-12-05
2018-12-06
2018-12-07
2018-12-08
2018-12-09
2018-12-10
2018-12-11
2018-12-12
2018-12-13
2018-12-14
2018-12-15
2018-12-16
2018-12-17
2018-12-18
2018-12-19
2018-12-20
2018-12-21
2018-12-22
2018-12-23
2018-12-24
2018-12-25
2018-12-26
2018-12-27
2018-12-28
2018-12-29
2018-12-30
2018-12-31
2019-01-01
2019-01-02
2019-01-03
2019-01-04
2019-01-05
2019-01-06
2019-01-07
2019-01-08
2019-01-09
2019-01-10
2019-01-11
2019-01-12
2019-01-13
2019-01-14
2019-01-15
2019-01-16
2019-01-17
2019-01-18
2019-01-19
2019-01-20
2019-01-21
2019-01-22
2019-01-23
2019-01-24
2019-01-25
2019-01-26

vi

68.49
71.10
1.98
-

73.39
78.56
4.70
-

79.04
91.78
7.81
-

0.88
1.57
1.42
1.51
1.21
1.06
1.25
0.89
1.08
1.01
0.83
0.64
0.93
0.82
1.29
1.45
1.37
1.35
1.37
2.09
1.81
1.29
1.56
1.50
0.88
1.03
1.31
1.02
0.70
1.21
0.82
1.07
0.78
0.42
0.66
1.31
1.28
0.79
1.90
1.30
1.60
1.99
1.15
1.40
0.54
1.51
1.84
2.15
0.79
1.27
1.56
1.57
0.14
0.05
1.71
1.25
1.91
2.17
2.08

0.88
1.57
1.42
1.52
1.21
1.06
1.25
0.89
1.08
1.01
0.84
0.64
0.93
0.82
1.29
1.46
1.38
1.35
1.37
2.12
1.83
1.31
1.57
1.51
0.89
1.04
1.32
1.02
0.70
1.22
0.83
1.07
0.79
0.43
0.67
1.32
1.28
0.79
1.91
1.30
1.60
1.99
1.15
1.40
0.55
1.51
1.86
2.19
0.81
1.29
1.57
1.58
0.15
0.06
1.74
1.27
1.93
2.19
2.09

0.88
1.57
1.42
1.52
1.21
1.05
1.25
0.89
1.08
1.01
0.83
0.64
0.93
0.82
1.29
1.45
1.37
1.35
1.37
2.12
1.83
1.30
1.56
1.51
0.89
1.04
1.32
1.02
0.70
1.21
0.83
1.07
0.78
0.43
0.66
1.31
1.28
0.79
1.90
1.30
1.60
1.99
1.15
1.40
0.54
1.51
1.81
2.19
0.81
1.28
1.57
1.57
0.15
0.06
1.74
1.28
1.93
2.20
2.09

0.80
0.78
0.76
0.74
0.72
0.71
0.69
0.67
0.65
0.64
0.62
0.60
0.59
0.57
0.56
0.54
0.53
0.51
0.50
0.49
0.47
0.46
0.45
0.44
0.42
0.41
0.40
0.39
0.39
0.38
0.38
0.37
0.37
0.38
0.38
0.38
0.39
0.39
0.40
0.40
0.41
0.41
0.41
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.43
0.44
0.46
0.49
0.52
0.57

0.91
0.88
0.86
0.83
0.81
0.79
0.77
0.74
0.72
0.70
0.68
0.66
0.64
0.62
0.60
0.59
0.57
0.55
0.54
0.52
0.51
0.49
0.48
0.47
0.45
0.44
0.43
0.42
0.42
0.41
0.41
0.42
0.43
0.44
0.45
0.46
0.47
0.48
0.49
0.49
0.50
0.51
0.51
0.52
0.52
0.52
0.53
0.52
0.52
0.52
0.52
0.51
0.52
0.55
0.60
0.67
0.75
0.85
0.94

0.97
0.94
0.92
0.89
0.87
0.85
0.82
0.80
0.78
0.75
0.73
0.71
0.69
0.67
0.65
0.63
0.61
0.60
0.58
0.56
0.55
0.53
0.52
0.50
0.49
0.47
0.46
0.45
0.45
0.45
0.46
0.47
0.48
0.50
0.51
0.53
0.55
0.56
0.58
0.59
0.60
0.61
0.61
0.62
0.62
0.63
0.63
0.63
0.62
0.62
0.61
0.63
0.68
0.80
0.97
1.18
1.38
1.56
1.71

2019-01-27
2019-01-28
2019-01-29
2019-01-30
2019-01-31
2019-02-01
2019-02-02
2019-02-03
2019-02-04
2019-02-05
2019-02-06
2019-02-07
2019-02-08
2019-02-09
2019-02-10
2019-02-11
2019-02-12
2019-02-13
2019-02-14
2019-02-15
2019-02-16
2019-02-17
2019-02-18
2019-02-19
2019-02-20
2019-02-21
2019-02-22
2019-02-23
2019-02-24
2019-02-25
2019-02-26
2019-02-27
2019-02-28
2019-03-01
2019-03-02
2019-03-03
2019-03-04
2019-03-05
2019-03-06
2019-03-07
2019-03-08
2019-03-09
2019-03-10
2019-03-11
2019-03-12
2019-03-13
2019-03-14
2019-03-15
2019-03-16
2019-03-17
2019-03-18
2019-03-19
2019-03-20
2019-03-21
2019-03-22
2019-03-23
2019-03-24
2019-03-25
2019-03-26

1.63
2.60
42.55
10.19
2.16
119.82
78.84
-

6.21
4.12
45.49
13.03
4.09
129.84
87.66
-

8.54
6.02
52.60
19.67
5.79
149.93
98.01
-

2.65
2.82
2.06
0.40
0.02
1.67
2.35
2.22
2.01
2.59
1.18
1.56
2.23
2.81
2.15
2.41
1.20
0.04
1.87
3.64
3.91
3.50
2.21
2.92
3.36
2.90
1.57
0.02
0.06
3.86
4.27
5.16
3.41
2.83
4.43
4.94
3.74
4.38
3.62
4.07
4.91
4.68
5.40
3.47
5.80
5.11
5.95
6.54
3.42
3.81
5.73
6.07

2.66
2.83
2.07
0.40
0.03
1.70
2.39
2.25
2.04
2.61
1.19
1.58
2.25
2.84
2.17
2.42
1.20
0.04
1.90
3.68
3.95
3.53
2.25
2.98
3.40
2.94
1.59
0.02
0.07
3.89
4.30
5.19
3.43
2.84
4.45
4.95
3.76
4.38
3.65
4.08
4.92
4.69
5.41
3.47
5.81
5.16
5.97
6.55
3.42
3.81
5.73
6.07

2.66
2.83
2.08
0.41
0.04
1.71
2.40
2.26
2.04
2.62
1.19
1.60
2.26
2.85
2.18
2.43
1.21
0.04
1.92
3.69
3.97
3.54
2.30
3.04
3.45
2.97
1.61
0.03
0.08
3.91
4.33
5.21
3.44
2.85
4.46
4.97
3.76
4.39
3.62
4.07
4.91
4.68
5.40
3.47
5.80
5.09
5.95
6.53
3.41
3.80
5.72
6.06

0.61
0.66
0.70
0.74
0.77
0.80
0.82
0.84
0.85
0.85
0.85
0.85
0.84
0.84
0.83
0.81
0.80
0.65
0.63
0.61
0.59
0.57
0.55
0.53
0.52
0.50
0.48
0.46
0.45
0.43
0.42
0.41
0.40
0.39
0.37
0.36
0.35
0.34
0.34
0.33
0.32
0.31
0.30
0.31
0.35
0.41
0.50
0.65
1.08
1.88
2.65
3.10

1.02
1.09
1.15
1.20
1.23
1.25
1.25
1.25
1.24
1.22
1.20
1.18
1.15
1.13
1.10
1.07
1.04
0.80
0.77
0.75
0.72
0.69
0.67
0.64
0.62
0.59
0.57
0.55
0.54
0.52
0.51
0.50
0.49
0.48
0.47
0.47
0.46
0.45
0.44
0.43
0.43
0.45
0.62
0.99
1.46
1.85
2.25
4.23
6.69
7.17
6.84
6.20

1.82
1.90
1.95
1.96
1.95
1.92
1.88
1.83
1.77
1.71
1.66
1.60
1.55
1.50
1.45
1.40
1.35
0.99
0.96
0.92
0.88
0.85
0.81
0.78
0.75
0.73
0.70
0.69
0.67
0.66
0.66
0.66
0.67
0.67
0.67
0.68
0.68
0.68
0.67
0.67
1.05
3.35
5.63
6.10
5.93
5.53
7.35
12.08
12.04
10.58
8.85
7.24

vii

2019-03-27
2019-03-28
2019-03-29
2019-03-30
2019-03-31
2019-04-01
2019-04-02
2019-04-03
2019-04-04
2019-04-05
2019-04-06
2019-04-07
2019-04-08
2019-04-09
2019-04-10
2019-04-11
2019-04-12
2019-04-13
2019-04-14
2019-04-15
2019-04-16
2019-04-17
2019-04-18
2019-04-19
2019-04-20
2019-04-21
2019-04-22
2019-04-23
2019-04-24
2019-04-25
2019-04-26
2019-04-27
2019-04-28
2019-04-29
2019-04-30
2019-05-01
2019-05-02
2019-05-03
2019-05-04

viii

1.49
3.91
5.81
-

3.01
6.41
6.06
-

6.97
8.09
6.55
-

4.82
4.60
5.53
6.44
7.73
7.02
6.25
6.44
5.58
5.21
5.15
5.30
5.45
4.78
4.63
3.42
4.02
3.42
4.15
4.74
1.25
1.65
3.36
0.94
0.50
0.36
0.29
0.27
0.21
0.19
0.19
0.18
0.18
0.17
0.17
0.18
0.18
0.19
0.19

4.82
4.60
5.53
6.44
7.75
7.01
6.25
6.45
5.58
5.23
5.16
5.33
5.48
4.78
4.65
3.43
4.03
3.44
4.18
4.78
1.49
1.93
4.09
1.51
0.84
0.60
0.47
0.42
0.32
0.30
0.28
0.26
0.25
0.24
0.24
0.24
0.23
0.24
0.24

4.81
4.59
5.52
6.44
7.74
7.02
6.24
6.44
5.59
5.22
5.16
5.02
5.25
4.65
4.56
3.39
4.00
3.42
4.17
4.77
1.50
1.92
4.12
3.16
1.60
1.04
0.75
0.63
0.48
0.42
0.39
0.35
0.32
0.30
0.30
0.28
0.28
0.27
0.26

3.26
3.23
3.10
2.94
2.76
2.58
2.40
2.24
2.08
1.94
1.81
1.69
1.59
1.49
1.40
1.32
1.25
1.18
1.11
1.05
1.00
0.95
0.90
0.85
0.81
0.77
0.74
0.70
0.67
0.64
0.62
0.59
0.57
0.55
0.53
0.52
0.50
0.48
0.47

5.44
4.68
4.14
3.74
3.39
3.07
2.81
2.57
2.36
2.17
2.01
1.86
1.73
1.61
1.50
1.41
1.32
1.25
1.17
1.11
1.05
0.99
0.93
0.89
0.84
0.80
0.76
0.72
0.69
0.66
0.63
0.61
0.59
0.56
0.54
0.53
0.51
0.49
0.48

6.31
5.61
4.92
4.27
3.70
3.31
3.01
2.75
2.52
2.31
2.13
1.97
1.83
1.70
1.59
1.49
1.40
1.32
1.24
1.17
1.10
1.04
0.99
0.93
0.89
0.84
0.80
0.76
0.73
0.70
0.67
0.64
0.62
0.60
0.57
0.56
0.54
0.52
0.50

10.3 Annex – Chapter 6
A 6-1 – Simulated biomass changes for cotton maize, and rice
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A 6-2 – Simulated changes in irrigation demand, ET, and LAI showing mean changes per model and for ach
crop type
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