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ABSTRACT

There is a need for precise irrigation strategies to reduce leaching and water use, whilst avoiding drought
exposure. A model-based prediction and visualization method is proposed to help estimate the precise required
irrigation dosage and frequency to achieve desired leaching fraction and drought exposure as a multi-objective
optimization problem. The method produces a contour plot that shows the estimated leaching and drought
exposure under uncertain evapotranspiration. Three sandy soils and three clay soils were examined for a total of
6 different soils, which included a clay soil case with protected Chrysanthemum cultivation. The results illustrate
the usefulness of this type of visualization in decision support. Predictions indicate that compared to a con-
ventional irrigation strategy, leaching could be reduced by 40% and water use by 9% whilst maintaining a low
drought exposure (below 1%). Furthermore, predictions indicate that reducing evapotranspiration uncertainty
would require an irrigation frequency increase (~20%) or a total irrigation dosage increase (~10%). Compared
to clay soils, sandy soils require a higher frequency irrigation (more than once per 2 days) to prevent drought
exposure. The proposed model-based framework and visualization method provides a useful understanding of
low-risk irrigation strategies that account for evapotranspiration uncertainty, while reducing water use and
minimizing leaching, giving valuable insights to agricultural professionals and policymakers alike. Additionally,
the developed framework has the potential to be used as a core for decision and control tools developed for
sustainable agriculture and water resource management.

1. Introduction

Given the current growth in world population, the need to maintain a
steady level of food production is increasing the agricultural use of re-
sources, including freshwater. Agriculture is the largest single user of
freshwater, accounting for nearly 75% of current human freshwater use
(FAO, 2016). A considerable share (45%) of that water is used for irri-
gation. A crucial aspect in achieving ecological sustainability in farming
is to achieve an optimal irrigation balance.

1.1. Irrigation balance

Over-irrigation is an important cause of water waste. In addition to
contributing to high water use, it also causes percolation within the soil.
This may cause nutrients and biocides to be transported into the
groundwater, causing a negative environmental impact (Erisman et al.,
2011). It is therefore imperative to minimize over-irrigation. Irrigating
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too little, of course, is unwanted as this will lead to drought stress. At the
same time, however, the complete elimination of percolation would lead
to soil salinity, a potential source of crop stress.

The main cause of over-irrigation stems from misperceptions on the
part of growers regarding the amount of water required (Levidow et al.,
2014). From the grower’s perspective, maximum crop production levels
are desirable. The risk of yield loss due to drought conditions is always
present and hard to foresee. Growers therefore tend to use
over-irrigation as a form of risk avoidance, thereby protecting their
crops from drought exposure (Perry et al., 2009). In contrast, from an
environmental perspective, an important objective is to reduce water
use as well as soil percolation emissions.

In addition to these objectives, high soil salinity should be avoided.
The reduction of soil percolation to near-zero values may result in a
build-up of solutes that are present due to fertilization or fertigation. A
proportion of the built-up solutes is leached out from the root zone to
prevent crop stress. The fraction of applied water that passes and
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percolates throughout the entire rooting depth is known as the leaching
fraction (LF) (Ayers et al., 1985).

Finding a balance between the aforementioned objectives requires
precise irrigation scheduling regarding timing and dosage (Morison
et al., 2008). The optimization of irrigation through precise timing and
dosage is a form of ‘precision farming’, a strategy for resource-efficient
food production that involves precise dosage, timing, and allocation of
inputs, including nutrients and water (van Mourik et al., 2021). Their
study illustrates precision farming with a model-based irrigation strat-
egy with respect to water dosage and irrigation frequency. Many studies
have been conducted on the improvement of irrigation frequency and
dosage, based on both experimental and model-based approaches.

1.2. Experimental studies

Experimental studies have determined the effects of varying irriga-
tion frequency and dosage on yield production by exploring crop-water
demand due to evapotranspiration. These studies also indicate how
irrigation strategies based on evapotranspiration can help to increase
crop yield and reduce water use.

Studies by (Ertek et al., 2004; Sensoy et al., 2007) considered the
effects of irrigation frequency and dosage on the production rate of
field-grown melon and summer squash, concluding that the combina-
tion of higher irrigation frequency together with higher irrigation
dosage increased yield whilst maintaining the soil water content above
the wilting point.

In a study of the yield and quality of cucumber crops, (Abd
El-Mageed et al., 2018) conclude that irrigation can be reduced from
100% to 80% of the evapotranspiration demand of the crop, with no
major effect on yield, whilst reducing the amount of irrigation water
applied by 20%.

These experimental studies demonstrate that tuning of dosage and
frequency can result in considerable improvement in water-use effi-
ciency without negatively affecting crop quality or production.

1.3. Model-based and uncertainty

Model-based studies allow fast and extensive exploration of irriga-
tion strategies in a structural fashion, thereby offering the possibility to
save time and labour input required for experimental studies. Compu-
tational analysis makes it possible to obtain insight into how variation in
certain factors (e.g., soil type, crop type, and weather) may influence
performance in terms of soil percolation and water use.

A study of Aggarwal (Aggarwal, 1995) focused on the influence of
prediction uncertainty in e.g., weather and crop status on yield output.
In that study, input uncertainty resulted in uncertain grain yield (with a
standard deviation of 15%), evapotranspiration (with a standard devi-
ation of 5%) and nitrogen uptake (with a standard deviation of 3%).
These results suggest that uncertainty in input and parameters can have
a considerable effect on model predictions. Nevertheless, model-based
studies have not yet devoted much attention to the effect of parameter
uncertainty in model predictions.

The incorporation of uncertainty analysis in model-based studies
offers significant advantages over traditional experimental studies. By
exploring irrigation strategies in a structural fashion, computational
analysis allows for extensive and rapid exploration of different sce-
narios, thus saving time and resources. However, the inherent prediction
uncertainty of soil-crop-weather systems poses a challenge to model-
based studies. Variability in weather and soil properties can signifi-
cantly impact model predictions, resulting in uncertain outcomes. This is
why the study of Mondaca et al. (Mondaca-Duarte et al., 2020a, 2020b)
applied a model-based approach to predict the relation between soil
percolation and drought exposure under variable dosage, and under
uncertainty in evapotranspiration rate and soil properties. The irrigation
frequency was fixed (one irrigation per three days). For their test case
they concluded that it is possible to reduce soil percolation by 88% and
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water use by 22% compared to a conventional irrigation strategy, whilst
maintaining a low risk of crop stress due to drought exposure (< 1%).
Their approach of incorporating uncertainty in evapotranspiration rate
and soil properties in their model predictions of soil percolation and
drought exposure is a novel and important approach to address these
issues. However, one of the limitations of the study is that the optimal
irrigation strategy shown applies to a specific case with a fixed irrigation
frequency. In reality, this becomes an optimization problem as a feasible
strategy will vary depending on the growers objective and capabilities.
Further research is needed to account for the influence and interactions
of various external factors.

1.4. The optimization problem

Finding the optimal balance between drought exposure, water-use
and leaching poses an interesting optimization problem. Standard
optimization strategies aim to identify an optimal solution amongst a set
of feasible solutions by minimizing a cost function that balances objec-
tives such as minimizing water use, maintaining a small but nonzero
leaching fraction, and achieving an acceptably small drought exposure.
The solution of the optimization problem depends on the relative
weights assigned to each objective. Selecting the weights is not a
straightforward procedure, as their associated objectives are hard to
compare due to their different nature (ecological sustainability versus
production rate). It is generally unclear how leaching or water use are to
be weighed against drought exposure, as they depend on a variety of
variable factors, e.g., related to government policies, risk avoidance of
growers, market prices, delivery contracts, water availability, crop
resilience to drought, natural soil salinity, and local climate.

The presence of multiple objectives usually creates a set of optimal
solutions, instead of a single optimal solution. A way to visualize multi-
objective optimization involves Pareto-optimal solutions (Sarkar and
Modak, 2005). These solutions typically form an isoline along which the
objective function is constant, thereby visualizing the trade-off between
multiple conflicting objectives. Pareto optimization has been applied in
real-life scheduling scenarios (Delgoda et al., 2017) or parameter opti-
mization through inverse modelling (Vrugt et al., 2008).

When optimization of agricultural irrigation strategies is considered,
it is also a complex problem that requires balancing multiple conflicting
objectives such as water use, leaching fraction, and drought exposure.
Selecting the relative weights of these objectives is not straightforward
and depends on a variety of factors. The application of a multi-objective
optimization to balance these objectives is a novel approach that has not
yet been applied to direct agricultural irrigation strategies. The closest
example is the study of (Udias et al., 2018) where a multi-objective
optimization approach was used in irrigation dosage based on land
use and soil slope characteristics. However, no studies have yet been
published that use multi-objective optimization to balance water use,
drought exposure, and soil percolation. This highlights the importance
of incorporating optimization techniques that allow for the identifica-
tion of the optimal solution amongst a set of feasible solutions while
visualizing the trade-off between multiple conflicting objectives.
Therefore, incorporating these optimization techniques is a novel
approach that can significantly contribute to the optimization of agri-
cultural irrigation strategies.

1.5. Objective

The objective of this study was to propose and illustrate a method for
gaining insight into the combined effect of the time between irrigation
(frequency) and total irrigation values (dosage) on leaching and drought
exposure predictions under uncertain environmental conditions. This
method visualises performance isolines of leaching and drought expo-
sure as a function of the control variables irrigation dosage and
frequency.

The method was applied to the case of (soil-based) Chrysanthemum
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cultivation in a greenhouse. The case study focused on the following four
questions. The first question concerns the extent to which water use and
leaching can be reduced by modifying the dosage and frequency of
irrigation on a specific type of soil. The second question concerns the
effect of including uncertainty in evapotranspiration on predictions of
leaching, and drought exposure. The third question concerns how water
use, and leaching relate to the frequency and dosage of irrigation, given
a specific allowed drought exposure ratio. The fourth question concerns
how the variation within and between soils affect drought exposure and
leaching fraction as function of irrigation dosage and frequency.

The materials and methods used to investigate these questions are
described in Section 2, and the results are presented in Section 3
including a discussion/reflection on both the results and the method-
ology. Section 4 presents conclusions for each question and recom-
mendations for further research.

2. Materials and methods

The methodology used in this study can be summarized in the
following steps.

1. A two-module model framework (Mondaca-Duarte et al., 2020b) was
used to generate predictions of soil percolation and drought exposure
(Section 2.1).

2. The model framework was extended to enable varying irrigation
frequencies (Section 2.2).

® DE CRAAF MODEL INPUTS

Solar Radiation
Air Temperature
Crop Height

A DE CRAAF MODEL OUTPUT

Evapotranspiration

4 EMMAN3G MODEL INPUTS
4 ATRANSPIRATION
Evapotranspiration
Irrigation
Soil Parameters
Air Temperature
4 AEVAPORATION

EMMAN3G MODEL OUTPUTS

Water Flow
Percolation
Crop Stress

30cm¢

60cm

90 cm

€ PARAMETERS USED IN
UNCERTAINTY ANALYSIS

Solar Radiation
Soil Parameters

Fig. 1. Graphic description of the two-module model, graphical abstract
modified from (Mondaca-Duarte et al., 2020a).
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3. A performance matrix was created for each type of soil. This matrix
was used to compare predictions of drought exposure and leaching
ratio based on different irrigation frequencies (x-axis) and irrigation
dosages (y-axis). Outputs of the matrix were the leaching fraction
ratio and drought exposure ratio (Section 2.3).

4. A Monte Carlo random sampling approach was used to simulate daily
evapotranspiration uncertainty (Section 2.4).

5. Given the noise in the outputs of the performance matrix due to
deviations in radiation inputs, the data values were smoothed using a
moving-average algorithm (Section 2.5).

6. The smoothed irrigation matrices were plotted, including the fre-
quency and dosage of irrigation and predictions of the drought
exposure ratios and leaching fraction ratios (Section 2.6).

7. The smoothed irrigation matrices were analysed in view of the
research questions (Sections 2.6 and 2.7).

2.1. Model description

The model used in this study is a continuation of a previous study by
(Mondaca-Duarte et al., 2020b) involving the development of a
two-module framework based on two models. In that study, the
EMMANS3G model, which is based on the FUSSIM2D (Heinen, 2001)
model, was used to describe a one-dimensional vertical water transport
through three soil layers (0-30 cm, 30-60 cm, 60-90 cm), and the De
Graaf model (Voogt et al., 2000) was used to calculate the evapotrans-
piration required by the EMMAN3G model for crop-water uptake

@« SOLAR RADIATION

: @ RRIGATION
°
°

® & AR TEMPERATURE

®CROP HEIGHT

SOIL LAYER 1

SOIL LAYER 2

BMWATER FLOW

SOIL LAYER 3
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(Fig. 1).

In the De Graaf model, evapotranspiration is a function of global
radiation, greenhouse temperature, heating-pipe temperature, and crop
stage. The two-module framework has been verified and validated by
(Mondaca-Duarte et al., 2020b), and full descriptions of the equations
and methodology used to integrate the models are available in that
publication.

In this study, soil percolation is defined as the amount of water
leaving the soil at the bottom of the soil layer 3 towards groundwater.
Total irrigation is defined as the total amount of water used by an irri-
gation strategy. Frequency relates to the amount of time between irri-
gation events. Water flow from the first soil layer can occur in two ways;
through water flow to the second layer and through evapotranspiration.
Drought exposure is the ratio of hours during which a crop root zone
(first soil layer) is exposed to conditions below a water pressure head
threshold below which transpiration reduction occurs resulting in
decreased crop growth.

2.2. Model-based analysis

The period for the model-based analysis consisted of 32 consecutive
days, starting on July 31st 2016. This period is the same as the experi-
mental data period previously used in (Mondaca-Duarte et al., 2020b),
during this period the crop is considered fully grown, for this reason the
soil evaporation was neglected.

The De Graaf model focuses on the relationship between transpira-
tion, evapotranspiration, and the radiation that the crop receives.
Although soil evaporation can contribute to the overall evapotranspi-
ration, for fully grown crops, it is usually possible to disregard it and
concentrate only on transpiration. This is because transpiration accounts
for the majority of the ET process for mature crops (Liebhard et al.,
2022; Wei et al., 2017).

The model-based analysis focused on the two-module framework to
predict drought exposure and leaching fraction, based on the dosage and
frequency of irrigation. Irrigation dosages ranged between 103 mm and
173 mm, with a step size of 1 mm, resulting in 71 different irrigation
dosages, which are listed along the y-axis of a matrix. Each irrigation
dosage represents the accumulated irrigation used during the whole 32
days period. This means that as the frequency goes down, the amount
that is administrated at each instance will increase, and vice versa.

The dosage irrigation values (y-axis) are based on the cumulative
evapotranspiration from the De Graaf model, as calculated with the
experimental data. The lower limit corresponds to 90% of the cumula-
tive evapotranspiration, with the upper limit of irrigation corresponding
to 150% of the cumulative evapotranspiration (114 mm). The lower
limit was selected based on the conclusion of (Mondaca-Duarte et al.,
2020Db) that a decrease in dosage to near and lower than the cumulative
evapotranspiration increased drought exposure exponentially. In the
same manner, the upper limit of 150% cumulative evapotranspiration is
based on the finding that irrigation values above this cumulative
evapotranspiration range had near-zero drought exposure.

The time between irrigation events (displayed along the x-axis) were
based on possible irrigation schedules. The lower limit is once an hour,
and the upper limit is once every 168 h, corresponding to an irrigation
event once every seven days. There were thus 168 different frequency
values.

The resulting performance matrix of 71 irrigation values and 168
frequency values yielded a total of 11,928 unique combinations. For
each of these combinations the model predicted a leaching fraction and a
drought exposure.

2.3. Leaching fraction and drought exposure predictions
In the model soil percolation is represented as the downward water

flow from the third soil layer, as it assumes that the groundwater table is
just below the third soil layer. Total soil percolation was defined as the
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cumulative soil percolation over the total range of time-series data. The
leaching fraction was defined as the sum of soil percolation divided by
the irrigation,

> Spi
>

where LF [mm mm '] is the leaching fraction, Sp [mm] is the soil
percolation amount, I [mm] is the irrigation amount.

In this study, we defined a crop as being under drought exposure
when the average water pressure head inside the root zone was below a
specific pressure head threshold. The drought exposure ratio predictions
are thus defined as the ratio of the cumulative number of times that a
crop is under drought exposure over the total time-series data:

0 h<h
1 h<h,

LF =

€9)

I
DE=—=% = Di,D;=
N i=1

(2)
where DE [d d 1] is the drought exposure ratio, i.e., the number of days
with drought relative to the total number of days, h, [cm] is the pressure
head threshold below which drought stress is experienced, and h; [cm] is
the average pressure head in the root zone on day i. Here we used h;
= —50 cm on the EMMAN3G module (Mondaca-Duarte et al., 2020a,
2020b). The same computation was applied by (Mondaca-Duarte et al.,
2020b), although then it was referred to as ‘crop stress risk’ instead of
the drought exposure ratio, the latter being our preferred term for this
study (Eq. 2).

2.4. Prediction uncertainty

The level of uncertainty in the evapotranspiration was calculated
according to the methodology developed by (Mondaca-Duarte et al.,
2020b). The model performance matrix was computed 100 times for
each combination of frequency and irrigation dosage, using a Monte
Carlo sampling method. The sampling was done at random, with each
random daily evapotranspiration sample having the same probability of
being selected. This yielded a discrete probability density function
representing the uncertainty in evapotranspiration.

The evapotranspiration dataset included 32 measurement days,
beginning on 31 July 2016. The evapotranspiration dataset was divided
into 32 daily segments, which were used to artificially create variable
evapotranspiration datasets by randomly drawing 32 segments and
recreating a new 32-day dataset for each model computation. The
schematic representation of how the uncertainty study was simulated is
presented in Section 2.6.

The prediction uncertainty of leaching fraction and drought expo-
sure was represented by the standard deviation as obtained from the 100
realizations. The uncertainty study was performed on 6 different types of
greenhouse soils, divided into 3 sandy soils and 3 clay soils. The pa-
rameters for each soil type and each soil layer are presented in Table 1.
These soil parameters are used by the van Genuchten-Mualem equation,
where a [cm’l], n and 4 are shape parameters, 6, [em® ecm™3] is the
residual water content, 6 [cm3 cm_s] is the saturation water content,
and K; [cm d1] is the hydraulic conductivity at saturation. A detailed
explanation of the equations used in this framework can be found in
(Mondaca-Duarte et al., 2020b).

Contour plots were used to compare certain and uncertain leaching
fractions, with their associated drought exposure predictions against
each other. The plot for certain predictions uses a single evapotranspi-
ration dataset. This means that there is no standard deviation. The
visualization of uncertain predictions is done in a conservative way,
where leaching and drought exposure are likely overestimated, as each
point in the plot represents the average of the prediction plus two
standard deviations. The two standard deviations were chosen to
represent a worst case scenario where the contour plots would show the
highest possible drought exposure and leaching fraction within 95% of
the prediction distribution. A grower could consider this worst case
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Table 1
Soil parameters from clay and sandy greenhouse soils, with their specific codes.
Soil type Parameters
Clay soils a n(-) 6, (cm® 0, (cm® K; (cm 2(0)
(em™ b cm ™) cm ™) dah

Soil 1, Layer 1 0.007 1.27 0.00 0.43 1.8 -2.38
(B9)

Soil 1, Layer 2 0.010 1.25 0.01 0.47 2.3 -0.79
(010)

Soil 1, Layer 3 0.010 1.25 0.01 0.47 2.3 -0.79
(010)

Soil 2, Layer 1 0.018 1.25 0.00 0.40 14.6 0.95
(B7)

Soil 2, Layer 2 0.010 1.38 0.00 0.46 3.8 -1.01
(09)

Soil 2, Layer 3 0.010 1.38 0.00 0.46 3.8 -1.01
(09)

Soil 3, Layer 1 0.013 1.14 0.01 0.45 3.8 4.58
(B10)

Soil 3, Layer 2 0.010 1.25 0.01 0.47 2.3 -0.79
(010)

Soil 3, Layer 3 0.010 1.38 0.00 0.46 3.8 -1.01
(09)

Sandy Soils a n 0, A K, A

Soil 1, Layer 1 0.022 1.35 0.02 0.43 83.2 7.20
(B2)

Soil 1, Layer 2 0.016 1.52 0.02 0.39 22.8 2.44
(02)

Soil 1, Layer 3 0.016 1.52 0.02 0.39 22.8 2.44
(02)

Soil 2, Layer 1 0.015 1.51 0.02 0.44 19.1 0.14
(B3)

Soil 2, Layer 2 0.017 1.70 0.01 0.34 12.4 0.00
(03)

Soil 2, Layer 3 0.016 1.52 0.02 0.39 22.8 2.44
(02)

Soil 3, Layer 1 0.015 1.51 0.02 0.44 19.1 0.14
(B3)

Soil 3, Layer 2 0.015 1.51 0.02 0.44 19.1 0.14
(B3)

Soil 3, Layer 3 0.015 1.51 0.02 0.44 19.1 0.14
(B3)

Source:Source: (Heinen et al. (2020).

scenario if he/she is risk averse, or could compare between certain and
uncertain predictions and decide how much risk he/she is willing to
take.

2.5. Smoothing noisy data

Leaching fraction and drought exposure outputs were noisy due to
stochasticity in measured daily radiation. This noise was propagated
into the isoline visualization of predictions. Given the high levels of the
noise and its high level of dependency on the particular Monte Carlo
sampling of the measurement data, and given that this noise obscures a
clear view of the predicted leaching fraction and drought exposure
isolines, the output was smoothed.

Data smoothing was performed using a moving-average smoothing
algorithm in MATLAB 2021b, using the ‘smooth’ function on a data
array. The array was smoothed using a 5-point moving average, mean-
ing that it takes an average of 5 values to generate a single point, moving
the average a single array value at a time and obtaining a new average
single point. The smoothing was performed on both outputs (i.e.
leaching fraction and drought exposure), starting with the row data
array of the y-axis (dosage) and then proceeding to the column data
array of the x-axis (frequency), from top to bottom and then from left to
right.

2.6. Schematic representation

A ‘bird’s eye view’ of the model framework is presented in Fig. 2.
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Under the framework scheme, i and N from Egs. 1 and 2 were renamed
i_data and data_end for easier understanding of the model framework.
The time-series length is i_data from 1 to data_end, where data_end is the
total length of the time-series (N). The time-series includes solar radia-
tion and air temperature. A matriX PRMf dosage f freq is made based on the
evapotranspiration demand calculated according to the de Graaf model.
This matrix indicates the irrigation (irr) of a specific frequency (f_freq)
and dosage (f_dosage) described in Section 2.2.

The framework uses a two-nested for-loop to examine each entry on
the performance matrix, based on the frequency and dosage. Each entry
uses the complete time-series data to give predictions on the drought
exposure ratio and leaching fraction for that specific dosage and fre-
quency. The first loop ends once dosage (f_dosage) reaches the final
range value (dosage_end), the next frequency (f_freq) value is chosen,
and the dosage is reset to the first dosage value. The second loop con-
tinues until the frequency (f_freq) reaches the final range value
(freq_end).

Inputs for the EMMAN3G model include the irrigation value,
evapotranspiration, soil parameters for three different soil layers and air
temperature. A specific soil type is selected along with its soil parame-
ters. The EMMANS3G model outputs are the soil water pressure head and
soil percolation values. If the evapotranspiration is selected to be un-
certain, the simulations are iterated a certain number of iterations (each
iteration is denoted with index iter_run with iter_run = 1..iter_total. In
this study, iter_total = 100. Cumulative soil percolation (Spy. ), S0il
pressure head (hier nin) and crop drought exposure are stored. When the
total iter_run iterations are computed, the mean and standard deviation
of the soil percolation and pressure head are stored for use in the per-
formance matrix plot as the leaching fraction ratio and the drought
exposure ratio.

2.7. Comparison between clay and sandy soil

The mean of the mean for each of the three sandy soil types, and the
mean of the mean for each of the three clay soils types was used to
compare the differences in drought exposure and leaching fraction be-
tween clay and sandy soils. The mean of the mean values were sorted
using MATLAB cat() function. The mean of the mean is from now on
referred to as the overall mean. The standard deviation of the overall
mean was also obtained.

The arrays were visualized using MATLAB’s contour plot contourf,
creating a filled contour plot with isolines. Contour plots of the overall
mean were created, as well as a contour showing the difference of the
mean values between clay and sandy soils. Finally, contour plots for the
overall mean standard deviation were also created.

3. Results and discussion
3.1. Smoothing plot

Fig. 3 illustrates how smoothing using moving averages clarifies the
distinction between the different levels of drought exposure ratio. This is
important when selecting an irrigation strategy, especially for strategies
calling for fewer days between irrigation and with lower leaching frac-
tions. If there is not a clear distinction between the regions of drought
exposure ratio or leaching fraction, it becomes harder to select an irri-
gation strategy, especially for lower frequency predictions (as displayed
in Fig. 3).

3.2. Model-based irrigation analysis

Each element of the array of the framework matrix contains the value
of drought exposure, leaching fraction, and their respective standard
deviation, if uncertainty is included, for a specific dosage of total irri-
gation and frequency of irrigation. This amount of data makes it hard to
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Fig. 2. Schematic representation of the model-based framework
modified from the framework in (Mondaca-Duarte et al., 2020b).

visualize the standard deviation individually. For this reason, this sec-
tion includes three specific total irrigation dosages where drought
exposure and leaching fraction predictions, along with their plus one
and plus two standard deviations, can be observed (Figs. 4 and 5). A
visualization of certain predictions for all the total irrigation values is
shown in Section 3.3, and a visualization of uncertain predictions for all
the total irrigation values is shown in Section 3.4.

Fig. 4 shows the drought exposure at 114 mm, 140 mm, and 154 mm
of total irrigation. Fig. 5 shows the leaching fraction at the same irri-
gation values. These specific irrigation values represent: 1) the calcu-
lated total evapotranspiration (114 mm), 2) an irrigation mid-point with
sufficient leaching fraction (140 mm), and 3) the total irrigation from
experiment values (154 mm).

The drought exposure increases as the irrigation frequency de-
creases, even for high irrigation dosages of up to 150% evapotranspi-
ration (154 mm). The confidence intervals become larger as the days
between irrigation increase. For one or more irrigations per day, the
drought exposure becomes negligible. With an irrigation near evapo-
transpiration (114 mm) the drought exposure starts to increase after
frequencies higher than once per day. Additionally, the confidence in-
terval that represents uncertainty of drought exposure increases when

Is iter_run >
iter_total ?

y
Store the sum of
events where the
soil pressure head
was < threshold

iter_run

the irrigation rate approaches the evapotranspiration rate.

Fig. 4 shows that an irrigation strategy where total water gift ap-
proaches total evapotranspiration (top plot) will require a higher irri-
gation frequency to maintain a low drought exposure ratio. For growers,
this means that reducing the total irrigation would require an increase in
irrigation frequency to prevent exposing their crop to higher ratios of
drought exposure.

As such, the precision of irrigation management becomes even more
critical, emphasizing the importance of applying irrigation on an hourly
basis, when the technical systems allows it. Hourly irrigation ensures
that crops receive precise amounts of water, avoiding under- or over-
watering, leading to improved crop yields, reduce water use and have
less uncertainty in drought exposure.

Fig. 5 shows that the leaching fraction increases the higher the total
irrigation and the higher the days between irrigation. On the other hand,
compared to the drought exposure, the leaching fraction confidence
interval is nearly independent of the number of days between irrigation,
as well as of the total irrigation values.
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Fig. 3. Top: Prediction of drought exposure in a clay soil (Clay soil 1, Table 1).
The x-axis represents the days between irrigation (frequency), and the y-axis
represents the total irrigation (dosage). The drought exposure ratio changes
depending on the isoline region, with the far left area representing zero drought
exposure, followed by drought exposure ratio values of < 0.01, < 0.05, < 0.10,
and with the far right region having values of > 0.25 for the drought exposure
ratio. Bottom: drought exposure ratio prediction after application of the moving
average smoothing method on the upper graph.
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Fig. 4. Prediction of drought exposure (DE) in a clay soil (clay soils 3, Table 1),
with uncertain evapotranspiration at three different total irrigation values. Top:
114 mm, Middle: 140 mm, Bottom: 154 mm. The red inner dashed lines
represent the mean plus and minus 1 standard deviation. The blue outer dashed
lines represent the mean plus and minus 2 standard deviations.
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Fig. 5. Prediction of leaching fraction in a clay soil (clay soils 3, Table 1), with
uncertain evapotranspiration at three different total irrigation values. Top:
114 mm, Middle: 140 mm, Bottom: 154 mm. The red inner dashed lines
represent the mean plus and minus 1 standard deviation. The blue outer dashed
lines represent the mean plus and minus 2 standard deviations.

3.3. Prediction with certain evapotranspiration

Drought exposure and leaching fraction predictions are shown in
Fig. 6. An ideal irrigation strategy minimizes water use and drought
exposure, while simultaneously maintaining a desired leaching fraction.
This means that, for example, for a particular soil type with a desired LF
of 10% (or LF = 0.1 as in Fig. 6), an irrigation strategy of 140 mm with
an irrigation frequency of once every two days would have a predicted
DE of < 0.01.

These results are comparable to the results in (Turan et al., 2015),
when scaled back to a 32-day period as in our study. In that work it was
found that an interval of 2 or 4 days irrigation with an irrigation amount
of 131.4 mm can be used to save water without affecting crop quality.
This is in line with our predictions. Fig. 4 indicates that if the days be-
tween irrigation are 2 or 3, there will be no drought exposure.

Comparing the model-based predictions with the lysimeter experi-
mental data (indicated by the dot and arrow in Fig. 6) reveals that, when
no uncertainty in evapotranspiration is considered, the irrigation strat-
egy during the greenhouse experiment involving an irrigation frequency
of once every three days and total irrigation of 154 mm was a safe
choice, with DE levels below 0.01 and a LF of 0.15.

These model predictions can be used to give irrigation advice.
Growers could adjust both, dosage and frequency of irrigation, to obtain
significant reductions in water use. For example, a grower could use a
dosage of 140 mm and a frequency of once every two days to reduce soil
percolation by 40% and water use by 9%, relative to the experimental
irrigation strategy (dosage of 154 mm and frequency of once every three
days), while maintaining a leaching fraction above 10%.

Given a predefined drought exposure ratio, results indicate that
different combinations of frequency and dosage of irrigation lead to the
same level of drought exposure, as well as different combinations of
inputs producing a similar leaching fraction. This observation suggests
that selecting the appropriate frequency and dosage of irrigation is a
multi-objective optimization problem. As Fig. 6 demonstrates, given a
required maximum drought exposure ratio, a different combination of
dosage and frequency of irrigation can have the same leaching fraction.
Similarly, given a required maximum leaching, different combinations
of dosage and frequency will yield the same values of drought exposure
risk.

If low drought exposure is desired, Fig. 6 indicates that frequencies
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Fig. 6. Prediction of drought exposure (DE) and leaching
fraction (LF) in a clay soil (Clay soil 3, Table 1), with
certain evapotranspiration. The arrow and symbol is the
LF, and DE ratio obtained from the cumulative soil perco-
lation from the lysimeter measurements, based on experi-
mental data. The frequency of irrigation in days is charted
along the x-axis, with the y-axis representing the total
irrigation dosage. The solid isolines indicate the ratio of
days under the drought exposure threshold (left bar), and
the dashed isolines represent the leaching fraction pre-
dictions. The isoline values are given at the outer edge of
the plot.
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lower than once per 3.5 days will not be feasible in practice. For
example, if a grower wants a total drought exposure of < 0.01, then the
number days between irrigation must be lower than 3.5; a higher
number will result in extremely high required dosages, which is a result
of the almost vertical isolines for periods larger than 3.5 days combined
with total irrigation higher than 130 mm.

For any specific combination between drought exposure ratio and
leaching fraction, only a single combination of irrigation dosage and
frequency will be able to achieve it. This is due to the fact that the
drought exposure and leaching fraction isolines are more or less
perpendicular to each other. However, if the requirement is to achieve a
leaching fraction and drought exposure within some range, multiple
combinations of dosage and frequency will be able to achieve it. This can
be useful to a grower as a single combination or the array of allowed
combinations are relatively easily recognized in Fig. 6.

The performance matrix thus offers a good way of identifying a
suitable strategy for a specific requirement, allowing growers the
freedom to choose a combination of frequency and dosage that suits
their needs. These needs depend on available equipment and on per-
formance requirements. For example, for certain fruit crops it is known
that a slight drought (or salinity) stress results in improved fruit quality
(Wang et al., 2019).

3.4. Prediction with uncertain evapotranspiration

Drought exposure and leaching fraction predictions in Fig. 7 are
shown as the mean plus two standard deviations (representing a worst
case scenario of uncertain evapotranspiration). When evapotranspira-
tion becomes uncertain, the predicted DE increases, shifting the isolines

o
o

towards higher frequencies and dosages of irrigation (as compared to
Fig. 6).

When certain and uncertain predictions are compared, it is shown
that combinations of frequency and dosage give different leaching
fraction (LF) values. For example, certain predictions in Fig. 6 at an
irrigation of 150 mm with 3 days between irrigation show a LF of 0.14.
Uncertain predictions in Fig. 7 show a LF of 0.16 at the same frequency
and dosage. Regarding drought exposure (DE), uncertain predictions
have fewer possible combinations of dosage and frequency with DE
values below 0.01.

Comparing the model-based predictions with the lysimeter experi-
mental data (indicated by the symbol and arrow in Fig. 7) reveals that
the irrigation strategy based on experimental data now have a drought
exposure of 0.1. So, the grower would require to adjust the dosage and/
or frequency to reduce the drought exposure ratio.

Being able to give advice under uncertainty is decisive because, with
these model predictions, growers can avoid drought exposure even
when the evapotranspiration is not certain. A grower must select either a
more conservative strategy, thereby increasing both water use and
leaching fraction, or a strategy that will increase the ratio of drought
exposure. Given that growers are generally risk-averse, they are likely to
select more conservative strategies.

Additionally, economic farm requirements like labour or equipment
also play a role in selecting an irrigation strategy. Therefore, it is quite
important to consider the uncertainty in the model predictions, so
growers can receive accurate advice that does not impact negatively
these economic requirements. For example, Chrysanthemum growers
require a dryer soil surface for certain periods where labour and
equipment are used for agricultural practices such as spraying plant
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Fig. 7. Prediction of drought exposure and leaching frac-
tion (LF) in a clay soil (Clay soil 3, Table 1), with uncertain
evapotranspiration. The arrow and symbol is the LF, and
DE ratio obtained from the cumulative soil percolation
from the lysimeter measurements, based on experimental
data. The frequency of irrigation in days is charted along
the x-axis, with the y-axis representing the total irrigation
dosage. The solid isolines indicate the ratio of days under
the drought exposure threshold (left bar), and the dashed
isolines represent the leaching fraction predictions. The
solid isoline values are given at the outer edge of the plot.
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protective products, removal of old leaves, or flower harvest. If an un-
certain strategy is selected, with too few days between irrigation, the soil
surface will remain wet and the growers will have a hard time per-
forming these agricultural practices.

3.5. Comparison between clay and sandy soil types

3.5.1. Leaching fraction variation

The overall mean values of leaching fraction from the three different
sandy soil types explored in this study are represented in Fig. 8. The
overall mean leaching fraction values for the clay soils are presented in
Fig. 9. The difference between the overall mean values of sandy soils
minus clay soils are presented in Fig. 10.

Sandy soils have a slightly higher leaching fraction than clay soils
(Fig. 10). The higher total irrigation and longer days between irrigations
increase the difference in leaching fraction. This increase in leaching
fraction difference does play a role when choosing a combination of
dosage and frequency for an irrigation strategy but only when high
dosages and longer days between irrigation are considered, which usu-
ally is not the case.

Irrigation strategies normally aim to have a low leaching fraction.
For example, if a grower considers to have a standard leaching fraction
value of 0.1, the highest total irrigation would be on sandy soils at
145 mm on frequencies below one day between irrigation (Fig. 8). At
that dosage and frequency, the highest leaching fraction difference
would be 0.008, which is only an 8% variation compared to the leaching
fraction of 0.1. This means that the model predictions can be used to give
certain irrigation advice regarding leaching fraction for commonly used
strategies across different types of soil.

3.5.2. Drought exposure variation

The overall mean drought exposure values from the three different
sandy soil types explored in this study are represented in Fig. 11. The
overall mean drought exposure values for the clay soils are presented in
Fig. 12. The difference between the overall mean values of sandy soils
minus clay soils are presented in Fig. 13.

A clear relation between the type of soil and drought exposure can be
seen. Overall, sandy soils tend to have a higher drought exposure than
clay soils. This is expected, as sandy soils have a higher hydraulic con-
ductivity and lower water holding capacity (water availability; see, e.g.,
(Heinen et al., 2021), increasing the possibility of drought. On average,
the studied sandy soils require irrigation frequencies of more than once
per 3 days (Fig. 11).

There is an interesting response on certain combinations of irrigation
frequencies and total irrigation (Fig. 13). Looking at different dosage
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and frequency values two things can be observed.

First, when an irrigation strategy has a high total irrigation (above
155 mm), the difference in drought exposure between sandy and clay
soils becomes close to zero. This is because at frequencies less than once
per 3 days, the water status at the first soil layer never goes below the
threshold in both types of soil, so the difference is zero as both soils have
zero drought exposure.

Second, when the total irrigation is below 125 mm and the days
between irrigation are above 1 day, then the sandy soils present higher
drought exposure compared to clay soils. For example, in Fig. 13, DE
difference of 0.1 is present at a total irrigation of 120 mm and days
between irrigation below 1 day, and it follows a contour along a change
in frequency and dosage up to 150 mm at a frequency of 5 days between
irrigation. This can be explained because for fully grown crops the
evapotranspiration rate is approximately the same for both soils, but the
water flow rate to the second layer is higher in sandy soils, increasing the
drought exposure compared to clay soils.

It is interesting that there are combinations of dosage and frequency
where the drought exposure difference is zero across multiple types of
soil. Using the model framework predictions for irrigation advice,
growers can consider these combinations of dosages and frequencies
regardless of the type of soil they have. However, some of these com-
binations require higher total irrigation dosages, which increases soil
percolation, and in some cases it is not desired.

3.6. Standard deviation of the mean between soil types

3.6.1. Leaching fraction

The standard deviation of leaching fraction in clay soils (Fig. 14) and
sandy soils (Fig. 15) are shown in this section. There is a considerable
difference in standard deviation between sandy soils and clay soils. The
standard deviations in clay soils range from 0.02 to 0.03 for almost all
combinations of dosage and frequency. Fig. 15 shows that sandy soils
have a high uniformity in standard deviation (0.005-0.01) compared to
clay soils.

An explanation of this difference in standard deviation between soils
is that water retention is especially sensitive to the variation in
composition of clay soils. In clay soils, water is held more tightly and
moves more slowly through the soil compared to sandy soils. The small
pores in clay soils allow water to be held tightly, whereas the large pores
in sandy soils allow water to move through the soil at a higher rate. This
is quite important, as it shows the model is quite certain in leaching
fraction predictions, especially on sandy soils.

The highest standard deviation was 0.03, on clay soils. This repre-
sents a high variation as the mean leaching fraction values at that dosage
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Fig. 8. Contour plot of the leaching fraction overall mean values taken over sandy soils 1, 2, and 3, with different irrigation frequencies on the x-axis, and total
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Fig. 9. Contour plot of the leaching fraction overall mean values taken over clay soils 1, 2, and 3, with different irrigation frequencies on the x-axis, and total

irrigation dosages on the y-axis.
0.03
0.025
0.02
0.015
0.01
0.005
0
1 2 3 4 5 6 7

Days between irrigation

-
n
o

N
N
o

130

Total irrigation (mm)
Leaching fraction difference

120

110

Fig. 10. Contour plot of the difference in leaching fraction overall mean values between sandy soils minus clay soils, with different irrigation frequencies on the x-
axis, and total irrigation dosages on the y-axis.

0.6
170
160 0.5
E 150 04 ¢
= 2
c o
£ 140 £
E 2
~ 130 2
©
g 02°
'_
120
0.1
110
0

Days between irrigation

Fig. 11. Contour plot of the drought exposure overall mean values taken over sandy soils 1, 2, and 3, with different irrigation frequencies on the x-axis, and total
irrigation dosages on the y-axis.

and frequency was 0.06. This means that predictions from the model will clay soils, growers need to be certain about the specific soil parameters

be uncertain when giving irrigation advice on clay soils. When using the of their soil to reduce the deviation between clay soils.
model framework predictions to give irrigation advice to growers with
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Fig. 12. Contour plot of the drought exposure overall mean values taken over clay soils 1, 2, and 3, with different irrigation frequencies on the x-axis, and total
irrigation dosages on the y-axis.
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Fig. 13. Contour plot of the difference in drought exposure overall mean values between clay soils and sandy soils, with different irrigation frequencies on the x-axis,
and total irrigation dosages on the y-axis.
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Fig. 14. Contour plot of the leaching fraction standard deviation of the mean values over clay soils 1, 2, and 3, with different irrigation frequencies on the x-axis, and
total irrigation dosages on the y-axis.

3.6.2. Drought exposure deviation between the same types of soil can provide insight in how
The standard deviation of drought exposure in clay soils (Fig. 16) and certain or uncertain can the model predictions be with similar types of
sandy soils (Fig. 17) are shown in this section. Considering the standard soil.
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Fig. 16. Contour plot of the drought exposure standard deviation values over clay soils 1, 2, and 3, with different irrigation frequencies on the x-axis, and total
irrigation dosages on the y-axis.
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Fig. 17. Contour plot of the drought exposure standard deviation values of sandy soils 1, 2, and 3, with different irrigation frequencies on the x-axis, and total
irrigation dosages on the y-axis.

Figs. 16 and 17 show that there are combinations of dosage and certain. These certain predictions can be traced at frequencies of less
frequency where the predicted drought exposure has a standard devia- than one day between irrigation, and total irrigation dosages on clay
tion below 0.01, making predictions with these combinations highly soils starting above 125 mm, and sandy soils starting above 112 mm. To
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maintain these certain predictions at higher days between irrigation, it is
required to increase the total irrigation.

A comparison between both soils shows that sandy soils require less
total irrigation to maintain the drought exposure deviation below 0.01
up to a sudden increase in required total irrigation at days between
irrigation above 3 days. Another observation is that overall, clay soils
present less certain predictions compared to sandy soils, where values of
standard deviation above 0.05 are present in several dosage and fre-
quency combinations compare to almost none in sandy soils.

This difference in the standard deviation of drought exposure be-
tween clay and sandy soils can be explained similarly as the leaching
fraction deviation. There is more variation in water retention in clay
soils than sandy soils, as clay soils water retention can vary from
different clay soil sources.

Standard deviation of drought exposure can give insight in how
certain an irrigation strategy advice can be across a type of soil. If
growers know they have a crop on a type of soil, but are not certain
about its specific soil parameters, they can use the model framework to
plan an irrigation strategy that can avoid this uncertainty. Also, in cases
where they have clay soil, growers would require to be aware that there
is higher deviation in predictions when using some combinations of
dosages and frequencies.

3.7. Limitations and improvements in the model framework

The model framework considers drought exposure as the ratio be-
tween the amount of hours a crop is under a specific pressure head
threshold compared to the total amount of hours. However, this ratio
does not consider if those hours were consecutive or along a specific
timeline. This means that you can have the same drought exposure
prediction if a crop was 48 consecutive hours below the threshold during
a 48 day period, or if a crop is one hour each day for a 48 day period
below the threshold.

Right now we use a simple metric of ratio of hours above a certain
threshold, but it could be explored as a pattern of drought periods with
different intensities in pressure head, as well as cumulative number of
hours between these drought periods, giving a more detailed advice
regarding if a crop is stressed or not.

The model framework uses global radiation to predict evapotrans-
piration. At the same time, uncertainty in evapotranspiration is
considered as a variation in daily global radiation. However, once a
frequency and dosage is put into the model, the irrigation amount does
not change, even if the global radiation is high between irrigation
events. This means that between those irrigation events the irrigation
might not have been enough.

It would be interesting to address changes in between irrigation
events and see how the model predictions respond to them. If we can
change the dosing in between irrigation based on variables like cumu-
lative radiation, temperature or crop growth then the model can respond
in a more dynamic way. Therefore, it could be worthwhile to extend the
framework presented here with a method that considers feedback from
these variables and adjust the dosage or frequency.

The experimental data used to verify the model considers a full
grown Chrysanthemum crop in a 32 day period. It would be interesting
to use the model framework to estimate the water requirements for a full
growing period with the right data and by considering the development
stages of the crop. One way to accomplish this is by incorporating the
crop height as a variable in the model. As the crop grows, its water re-
quirements change, and by adjusting the model parameters accordingly,
it is possible to obtain estimates of the water needs for the whole
growing period.

For this reason, it is advisable to extend this model-based approach
using data from a whole cropping season, and even for multiple cropping
seasons using multiple weather data from different regions, and multiple
crops. The De Graaf model has a library of different crop factors for
different types of crop which can be of interest to verify them with
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experimental data, and it can be even further extended to include
models other than De Graaf, that also provide ET calculations.

Another limitation of our model framework is the potential impact of
autocorrelation on the generated random evapotranspiration series.
While we acknowledge that our sampling strategy using one day seg-
ments preserved the autocorrelation within a day, there may still be
some autocorrelation for periods longer than a day that we did not ac-
count for in our analysis. This might potentially lead to differences be-
tween our simulated evapotranspiration data and the actual
evapotranspiration values.

To address this issue, future studies could explore alternative sam-
pling strategies or statistical methods that explicitly account for auto-
correlation in the data. For instance, use block resampling techniques to
generate multiple random samples of evapotranspiration data that ac-
count for the autocorrelation structure of the original data, that will help
us to better understand the underlying autocorrelation structure of the
ET data. In addition, collecting longer-term data series with higher
temporal resolution can provide us with a more detailed information on
how evapotranspiration varies throughout the day, and could help to
better understand the autocorrelation patterns in the data.

The model framework assumes a fixed groundwater level as the
bottom boundary condition. In modelling greenhouse cropping systems
is a commonly used approach to simulate conditions that are typically
found in areas where groundwater is managed through a drainage sys-
tem, like in the Netherlands. However, this assumption may not always
be valid in all situations, and its limitations must be acknowledged to
ensure that the results of the study are not misinterpreted.

To address this limitation, a possible approach is to incorporate a
variable groundwater level in the framework model. This would involve
using data on groundwater levels from the specific region where the
model is being applied, and incorporating this data into the model. The
model would then simulate the actual conditions in the region, including
fluctuations in groundwater levels, which would provide more accurate
results. Additionally, as the groundwater is variable, it would be inter-
esting to include an uncertainty analysis on the effect this variation on
the water interactions between the soil layers, and consequently on the
model results.

The model framework considers irrigation to be uniform per square
meter area. In reality, irrigation is seldomly uniform and this can lead to
cases where uneven irrigation can cause drought exposure. A new
interesting approach could be to include sources of water giving at
specific point of a studied area, and investigate to what extent these
spatial variations in irrigation may improve performance predictions of
drought exposure, leaching, and water use efficiency. A possible meth-
odology to apply this approach would require to expand the 1D
EMMANS3G model to a 2D soil water model, that considers water flow
not just vertically but also horizontally.

4. Conclusions

The findings of this study provide valuable insights in irrigation
strategies. The results demonstrate that modifying the dosage and fre-
quency of irrigation can significantly reduce water use and leaching.
This study also highlights the significant impact of evapotranspiration
uncertainty on drought exposure and leaching predictions, emphasizing
the need for low-risk irrigation strategies that consider this uncertainty.

Furthermore, this study shows that the shapes of the isolines, for both
types of soil, indicates a high sensitivity of drought exposure ratio to-
wards irrigation frequency, particularly for high total dosages. This
finding suggests that careful consideration of irrigation frequency is
crucial to ensure an optimal irrigation and reduce drought exposure.
This study also points out the impact of soil type on predicted drought
exposure and leaching, with clay soils showing more variation in these
predictions compared to sandy soils.

Finally, a visualization of the predictions allows to identify possible
combinations of irrigation dosage and leaching fractions, and supports
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growers into being informed about the effects and risks associated with
their management decisions. This approach is fundamentally different
from conventional optimization, which involves the computation of a
single input strategy: the one that optimizes a selected performance
criterion.
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