The initial version of this manuscript was submitted to the peer-reviewed journal Energy Nexus
on November 21, 2024. Please note that it has not yet undergone peer review or been formally
accepted for publication. An earlier version was previously submitted to Environmental
Research Letters on July 2, 2024. Subsequent versions of the manuscript may differ in content.
We welcome feedback and encourage you to contact the corresponding authors with any

questions or comments.



Unraveling the Crop Yield response under shading conditions
through the deployment of a drought index: A meta-analysis
Sultan Tekie! *, Sebastian Zainalit, Tekai Eddine Khalil Zidane?, Silvia Ma Lu*, Mohammed
Guezgouz?, Jie Zhang?, Stefano Amaducci®, Christian Dupraz®, Pietro Elia Campanal *
IMélardalen University, Department of Sustainable Energy Systems, Vasteras, Sweden
2Department of Earth Sciences, Uppsala University, Uppsala, Sweden
3Department of Sustainable Crop Production, Universita Cattolica del Sacro Cuore, Piacenza, Italy

*INRAE, University of Montpellier, Montpellier, France

*Corresponding author: sultan.tekie@mdu.se, pietro.campana@mdu.se

Abstract

Extensive research has explored the impact of shading on vegetation growth and crop yield

(CY) under agrivoltaic (APV) systems. These studies have revealed a notable connection
between shading and CYs, with certain crop varieties showing benefits from shadings e.g.,
Berries and Leafy Vegetables, Forage remaining largely unaffected, and some crops e.g.,
Cereals, Grain Legumes, Fruits, and Root crops experiencing reduced yields when subjected
to shaded conditions. Previous studies often overlooked environmental factors such as
temperature, evapotranspiration, and precipitation when assessing shading effects on CY,
making it difficult to fully understand their impact on crop performance. This study seeks to
address this research gap by integrating a drought index, known as the Standardized
Precipitation Evapotranspiration Index (SPEI), into existing improved meta-analysis on shade
and CY across various crops. SPEI, encompassing information on potential evapotranspiration,
and precipitation is highly relevant to soil moisture, and accessible worldwide with a
reasonable temporal resolution. Multiple linear regression (MLR) techniques are applied to
analyse different crop categories. The MLR models’ results with and without incorporating
SPEI are compared to assess the influence of shading on determining CY amidst varying
environmental conditions. The inclusion of SPEI in MLR models resulted in improved

performance metrics across all crop categories with good sample sizes, with the least and most
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significant improvements observed for Fruit (1% increase in model precision) and Berries

(40% increase in model precision) respectively.

The analysis is strengthened by uncertainty quantification, demonstrating how the
predictability of CY improves with the inclusion of SPEI, supported by a 95% confidence level.
The MLR model in all crop categories showed improved certainty when SPEI was factored in,
compared to using shading alone as a determinant for CY in the uncertainty analysis. Similarly,
incorporating SPEI into the uncertainty analysis of the MLR models enhanced the certainty
levels across all crop categories, with the smallest improvement observed in Forage at 13% and
the largest in Root Crops at a 50% increase.

Keywords: Agrivoltaics, Standardized Precipitation Evapotranspiration Index, Shading,

Multiple linear regression, Crop Yield, Meta-analysis.

1 Introduction

Large-scale ground-mounted Photovoltaic (PV) systems are one of the most economically
competitive renewable energy conversion technologies to supply green electricity at low
levelized cost of electricity and reach grid parity in several countries and regions around the
world [1, 2, 3]. However, the extensive deployment of this technology creates rivalry between
land use for energy and food. Agrivoltaic (APV) systems have been proposed as an integrated
solution to solve this dispute by synergically integrating solar energy conversion and food
production. Several research studies have assessed the impact of APV shading on CY. This
line of research is timely since the ongoing development of APV systems regulatory
frameworks shows a trend to set the maximum allowed CY reduction under APV systems

compared to open-field conditions [4].

For instance, Germany has taken an initial step toward standardising APV system
specifications with the technical specification DIN SPEC 91434:2001-05 [5]. This
specification mandates that crop reduction should not exceed one-third of the reference yield
without PV [6]. In Italy, the Italian Ministry of the Environment and Energy Security issued
guidelines indicating that agricultural activity should continue on at least 70% of the areas
occupied by APV systems and PV modules coverage of agricultural fields should remain below
40% [6]. The Italian Ministry made no reference to CY reduction, but the Italian Standards

Body UNI, in its specification “Agri-voltaic systems - Integration of agricultural activities and



photovoltaic implants” [7], indicated that CY under APV should not be reduced to less than
70% as compared to full light conditions. Additionally, the French government issued Decree
No. 2024-318, defining conditions for installing APV systems. According to this decree,
agricultural CY should not be reduced by more than 10%, and PV installations on the field
cannot cover more than 40% of the crop field for large arrays with an installed capacity above
10MWp [8, 9]. The Department of Climate Action, Food, and Rural Agenda of the autonomous
region of Catalonia in Spain issued a provision regulating the deployment of APVs on
farmland. The regulation stipulates that APVs can cover no more than 15% to 20% of the
farmland, depending on the structure's height, and that CY must be maintained above 60% [10].
These regulations force farmers operating APV systems to achieve a minimum CY that is

supposed to warrant the continuity of the agriculture activity in the APV system.

The primary challenge associated with APV systems lies in its ability to establish a micro-
climate within the agricultural field, which may exert beneficial or detrimental effects on crop
development and yield [11]. Certain crops may benefit from shading, as it could mitigate
evapotranspiration within the crop field or alleviate excessive irradiance and temperature but
could otherwise prove detrimental to specific crops that are shading sensitive [12, 13, 14]. One
primary market and research challenge is to simulate or assess the impact of shading on CYs

to meet policy targets on CY reduction under APV systems.

[15] conducted a meta-analysis investigating the impact of shading on CY. Through this
comprehensive analysis, the research aimed to elucidate the nuanced effects of shading across
different crop categories (Berries, Fruits, Fruity Vegetables, Leafy Vegetables, C3 Cereals,
Maize, Tubers/Root Crops, Grain Legumes, and Forages), offering valuable insights for
agricultural practices and management strategies. The research demonstrated notable
discrepancies among crop types in their yield responses to escalating levels of shading,
supporting the notion that distinct crop varieties demonstrate diverse responses to decreasing
solar irradiation. Similarly, using literature data, [4] used experimental data to correlate the
relative CY under APV systems with the ground coverage ratio (GCR), which was used as a
proxy for the shading rate on the crops. The author differentiated the type of APV systems
(greenhouse vs open field; fixed panels vs mobile panels) but not between rainfed and irrigated
systems. A regression between GCR and relative CY was applied in the metanalysis to predict
the yield of crops in agrivoltaics and agroforestry. The number of site-crop data was too low to

establish a regression for each type of APV system or for different climatic zones. A common



objective of [15] and [4] is to provide simple correlations between shading rate and relative
CY, which can be used, for instance, to support APV policies. Indeed, those correlations can
be used as an easy tool to develop policies that regulate the sector especially when it concerns
the maximum allowed CY reduction on a large-scale. Nevertheless, a major limitation of the
abovementioned studies is that they only consider the effect of shading rate, or GCR, on CY,
while meteorological conditions, wetness of the soil, or other factors critical to CY are
neglected. For example, it is extremely difficult to compare the results from two identical APV
system designed with the same shading rate on the ground and installed in the same location
and with the same crop grown underneath if the results are retrieved from different years
marked out by significantly different weather conditions (i.e., wet season versus dry season).
During the wet year, the shading rate might cause detrimental effects on the CY by curtaining
the irradiance level, while during a dry year, the shading rate can positively affect the CY by

alleviating heat stress and evapotranspiration.

To support policymakers with more accurate information, additional environmental factors
should be included as independent variables of the correlation between CY and shading level.
The drought factor is widely recognized as a critical determinant of crop yield, consistently
highlighted in numerous studies examining the environmental impacts on agricultural
productivity [16, 17]. Its significance underscores the need for comprehensive analysis when
assessing factors influencing crop performance under varying climatic and environmental
conditions. This study seeks to incorporate a drought indicator into existing research on shading
effects on CY to evaluate the significance of environmental conditions in determining the

resulting CY.

Many indicators have been developed for drought monitoring, and the most well-known ones
include the Standardised Precipitation Index (SP1), the Palmer Drought Severity Index (PDSI),
and the Standardised Precipitation Evapotranspiration Index (SPEI). SP1 is a multi-scalar index
that only relies on precipitation but can be calculated at different time scales [18]. PDSI uses
precipitation and temperature information but has a fixed time scale [19]. SPEI, which
considers both precipitation and temperature has multi-scalar characteristic [20], was selected
to describe the drought conditions in this study. To calculate the SPEI, a simple climatic water
balance factor (precipitation minus evapotranspiration) over different time scales (1 month up
to 48 months) is used as the input and normalised into a log-logistic distribution. For details of

SPEI calculation, please refer to [20]. The advantages of SPEI enable consistent and more



accurate drought analysis across time and space and at different time scales. In recent years,
SPEI has been increasingly used in agriculture to explore CY response [21, 22, 23, 24]. In the
APV sector, the SPEI, as an index of drought, easily retrievable from services like the SPEI
database [25], could enhance the understanding of the relationship between shading rate and
CY, by providing crucial information concerning temperatures, evapotranspiration, and water

availability.

2 Data and Methods

This study builds on the meta-analysis conducted by [15] and [4]. The study by [15] correlated
the shading level for various types of shading materials (PV, shading cloth, and intercropping
shading) with CY data. Similarly, [4] used the GCR of APV systems to represent shading
levels. In contrast, this study adds an indirect environmental factor, the SPEI, to the methods
previously applied by [15] and [4]. SPEI is a critical microclimate parameter highly correlated
to soil moisture [26, 27, 28] but missing in previous meta-analyses, which can significantly
affect the effect of shading on crop yield.

2.1 Data

[15] initially included 58 studies with shading treatments and corresponding CYs. An
additional 26 research studies were collected in this study using the keyword "shading level
and CY", totalling 84 studies. The proposed meta-analysis enriched previous databases with
further key variables to enhance the understanding of shading rate and CY under APV systems.
These variables include the definition of the crop growing season (i.e., sowing and harvest
dates). Thus, this work excluded previously published studies that lack more explicit
information on at least the crop plantation and harvest dates. This information is necessary to
retrieve the temporal trend of the SPEI during the crop growing season. For this reason, only
59 articles were viable for the proposed meta-analysis in this study, with 25 studies excluded
due to insufficient information regarding the timing of the growing season. The crop growing
season has been retrieved from the published studies, if specified, or derived from the specified

planting or harvest dates relying on the specific crop growing season as reported by [29].

The remaining studies were divided into irrigated and non-irrigated groups. Of these, 41 studies
were non-irrigated and are included in the main analysis, as irrigation can reduce drought

impact on crops and diminish the shading benefits. The 18 irrigated studies are presented in the



appendix to underscore the differences between irrigated and non-irrigated crops. To further
highlight these differences, a detailed comparison of relevant data appears in the appendix. The
tables in the appendix mirror those in the main study and offer a more in-depth look at
irrigation’s impact on various variables. While the main body focuses on key findings, the
appendix provides supplementary data for readers seeking a comprehensive analysis. Including
these tables strengthens the study’s depth and clarifies variations between irrigated and non-
irrigated outcomes. In the study conducted by [15], crops were categorised into distinct groups,
including Cs Cereals, Berries, Maize, Grain Legumes, Fruits, Leafy Vegetables, Root Crops,
Forage, and Fruity Vegetables. In this study, consistency is maintained by adhering to the same
crop categories except for the Fruity Vegetables because all the studies on those crops were

conducted under the effect of irrigation.

The monthly SPEI values during the crop growing season were retrieved from the SPEI
database [25] using the geographic coordinates extracted from all the research studies included
in this meta-analysis. Since SPEI can vary significantly during the crop growing season, for
instance, due to the alternance of extremely wet and dry periods, statistics such as mean,
minimum, maximum, and standard deviation of the SPEI are utilised as independent variables.
It must be noted that if the SPEI is stable during the crop growing season, the mean, minimum,

maximum, and standard deviation of the SPEI might be highly correlated and thus redundant.

The research studies for the proposed meta-analysis were sourced from various locations
worldwide, as depicted in Figure 1. To provide a wide relevance to our research a broad range

of shading levels across diverse climatic conditions and cropping patterns were considered.
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Figure 1: Map of the locations reported in the studies being part of the meta-analysis
conducted in this work.

2.2 Method
2.2.1 Regression Model

In this study, a simple linear regression- SLR ( shading level as the sole determinant as done
previously by [15] and [4]) and a multiple linear regression- MLR (shading level and SPEI as
determinants) compared to investigate the impact of the inclusion of the SPEI on CY
predictability. The shading level variable spans from 0 to 100, with 100 representing complete
absence of light. In contrast, SPEI values range from below -2, indicating extreme dryness, to
above 2, indicating extreme wetness. To ensure consistency, it was essential to normalize these

variables, bringing them onto a comparable scale for accurate analysis.

x' =100 % ——Zmin__ (1)

Xmax—Xmin
where x is the original value, x,,;, is the minimum of the data set, x,,,4, IS the maximum of
the data set, and x' the normalised value. The equation normalises the SPEI values in the

range of 0 to 100.

The model used for SLR is as follows:

Y = Bo+ f1X1, (2)



where, Y is the dependent (response) variable, i.e., the CY, S, is the intercept, and 3, is the

slope coefficient, and X1 is the independent variable, i.e., the shading level.

With shading level and SPEI statistics as independent variables, the model used for MLR is as

follows:
Y= Bo+ B1X1+ B2Xy + -+ By, 3)

where, Y is the dependent (response) i.e., the CY, B4, B2, ... By, are the slope coefficients, and
X1, X, ... X,, are the independent variables, i.e., shading level, average SPEI, minimum SPEI,
maximum SPEI, and SPEI standard deviation.

The mean squared error (MSE), mean absolute error (MAE), and coefficient of determination
(R?) are used as performance metrics to compare the LR model against the MLR model, which

adds the SPEI statistics as independent variables.

2.2.2 Uncertainty quantification

The prediction intervals are used to evaluates the differences in uncertainty levels between the
SLR model (without SPEI statistics) and the MLR model (with SPEI statistics) at a 95%
confidence level. The model that better fits the measured CY percentage with the prediction
interval is deemed more certain and can be observed visually. Prediction Interval Coverage
Probability (PICP) is used to quantify certainty, complementing the visual presentation. PICP
values range from 0 to 1, with higher values indicating greater certainty.

3 Results and discussion

3.1 Performance comparison

In Figure 2, a parity plot for Cs Cereals under non-irrigated conditions is displayed with and
without SPEI. The performance metrics show significant improvements with the inclusion of
SPEI statistical values: R? increased from 35% to 53%, MAE decreased from 8.96% to 6.81%,
and MSE decreased from 173.29%?2 to 123.58%?2.
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Figure 2: Predicted CY percentage vs Observed CY percentage not considering (i.e., in LR
model) (left) or considering (i.e., in MLR model) (right) the SPEI statistics for Cz Cereal non-

irrigated.

The performance metrics for all the investigated crop categories are summarised in Table 1.
Across all categories, the inclusion of SPEI statistics improved the prediction of the CY
reduction under shading conditions and thus the performance metrics. However, the crop
category "Fruits" showed only a marginal improvement, with R2 increasing by just 1% when
SPEI was included. For Forage, the improvement was also relatively low, with an R? value of
around absolute 7%, significantly lower than other crop categories, which achieved R?
improvements above absolute 18%. In general, Forage displayed poor performance for both
models, with R? values of only 11% without SPEI and 18% with SPEI. The result for Leafy
Vegetables may be unreliable, as the test was based on a very small data set, causing the R2 to
spike from 2% to 100% with the addition of SPEI.



Table 1: Performance metrics of the linear model without/with SPEI statistical values for non-
irrigated crop categories.

Crop category R? MSE MAE N2
Without ~ With Without  With Without  With
SPEI SPEI SPEI SPEI SPEI SPEI
C3 Cereals 0.35 0.53 173.29 123.58 8.96 6.81 26
Berries 0.03 0.43 853.67 498.37 23.07 18.05 40
Maize 0.01 0.35 243.9 161.39 13.26 9.52 25
Grain Legumes 0.28 0.64 300.75 149.73 12.75 10.38 22
Fruits 0.40 0.41 79.59 77.96 7.16 7.11 18
Leafy Vegetables 0.02 1 2331 6.4 38.91 16 5
Root Crop 0.37 0.63 493.22 290.77 17.56 13.6 15
Forage 0.11 0.18 1580.39 1460.19 33.17 31.81 62

Table 2 presents the linear equation correlating the input variables and the CYs. Y represents
predicted CY, X1 represents the shading level, X2 represents mean SPEI, X3 represents
minimum SPEI, X4 represents maximum SPEI, and X5 represents standard deviation SPEI.
Those handy correlations can be used to derive potential CY reductions based on shading level
(i.e., design parameter of APV systems) and historical values of SPEI statistics.



Table 2: Summary of the equation retrieved for SLR and MLR models for non-irrigated crop
categories with X1 is shading level, X2 is SPEI mean, X3 is SPEI minimum, X4 is SPEI
maximum and X5 is SPEI standard deviation.

Crop Type Equation
C3 Cereals 105.35 — 0.78X1

71.34 —0.76X1 + 5.84X2 + 12.47X3 — 8.01X4 + 67.09X5

Berries 93.98 + 0.45X1

185.30 + 0.14X1 —51.14X2 + 100.52X3 — 5.83X4 + 95.71X5
Maize 79.72 — 0.11X1

89.30 — 0.38X1 + 75.45X2 — 31.46X3 — 45.5X4 + 15.28X5

Grain Legumes 94.70 — 1.05X1

126.25 — 0.87X1 — 37.61X2 + 48.93X3 — 5.39X4 + 38.47X5
Fruits 105.44 — 0.43X1

107.06 — 0.42X1 + 6.52X2 — 5.42X3 — 2.22X4 — 5.94X5

Leafy Vegetables 106.92 + 0.28X1

460.35 — 2.6X1 + 16.23X2 + 190.62X3 + 16.15X4 — 75.47X5
Root Crop 111.55 — 1.06X1

20.59 — 0.81X1 — 26.50X2 —17.96X3 — 22.61X4 + 84.89X5
Forage 127.48 — 0.75X1

78.68 — 0.93X1 + 86.36X2 — 31.22X3 — 64.20X4 + 123.21X5

3.2 Uncertainty

LR models with uncertainty quantification were utilised to estimate both upper and lower
prediction intervals, considering the inclusion and exclusion of SPEI statistics as independent
variables. A comparative uncertainty analysis was conducted by observing the fill plot with
and without SPEI at a 95% confidence level. The model with a result of predicted CY%
intervals that better fit the measured CY% within the intervals are considered more certain.
PICP is used to quantify the uncertainty level for both models, providing a numerical

comparison of the visual differences between the models. Figure 3 visually examines how the



measured CY % falls within the prediction intervals of both models—with and without SPEI—

for C3 Cereals, while Table 3 quantifies this comparison through the PICP metric.
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Figure 3: Uncertainty analysis with and without SPEI for C3 Cereals at 95% confidence
interval.

Table 3: Uncertainty by the PICP for non-irrigated crops (confidence interval: 95%)

Crop category SLR without SPEI  MLR model with SPEI N2

C3 Cereals 0.46 0.92 26
Berries 0.35 0.55 40
Maize 0.40 0.76 25
Grain Legumes 0.55 0.77 22
Fruits 0.61 0.89 18
Leafy Vegetables 1 1 5
Root Crop 0.53 1 15
Forage 0.24 0.37 62

As shown in Figure 3 and Table 3, the model with SPEI shows higher certainty than that
without SPEI. The minimum difference in uncertainty was observed with Forages, where the
model with SPEI showed an absolute 13% higher certainty than the model without SPEI. The

most remarkable difference was seen with Root Crop, with the model including SPEI showing



up to 47% higher certainty. The test for Leafy Vegetables indicated 100% certainty for both
models with and without SPEI, which could be misleading due to the limited dataset, consisting

of only 5 data points.
4 Policy implications

The primary objective of this meta-analysis was to underscore the combined impact of the
environmental factors implicitly included in the SPEI and shading level on CY . Previous
studies have focused only on investigating the CY reduction from shading by only correlating
it with the shading level for shaded crops or the ground coverage ratio for APV systems [4,15].
Providing accurate information about how the shading level produced by an APV system
affects CY is fundamentally important for the large-scale deployment of these systems. It is
also crucial to assess APV system performance before installation without relying on integrated
mechanistic models [30, 31].

The analysis conducted in this study focused only on non-irrigated crops because irrigation can
offset the benefits produced by the APV systems’ shadings, which leads to misleading
relationships between the shading levels produced by the APV system and the resulting CY. It
should be noted that drought conditions can have little to no impact on crops with controlled
irrigation, which neutralises the effect of environmental stress [32]. The analysis performed for
all crop categories, encompassing both irrigated and non-irrigated data, as well as the subset

focusing solely on irrigated crops, is presented in the appendix.

While comparing the results of SLR models (CY response is only a function of the shading
level) versus MLR models (CY response is a function of shading level and SPEI statistics), the
performance metrics (i.e., R2, MSE, and MAE) showed substantial improvement for most crop
categories when SPEI variables are included. For instance, the CY reduction prediction of C3
Cereals improves by an absolute 18% (i.e., the R? improves from 35% to 53%, see Figure 2).
From a policy perspective, the MLR models developed in this study could support
policymakers to make more accurate assessments on the effects of APV systems deployment
on CY at national or regional level, and thus set less stringent CY targets.

While policymakers often establish CY targets to ensure that farmers maintain agricultural
production under APV systems, reducing the uncertainty associated with CY reductions at

national or regional level could lead to a reduction of CY targets while guaranteeing food



security. Defining less stringent CY targets for a specific country or region could also be
achieved by analysing the effects of frequency and severity of drought conditions and shading
levels produced by the APV systems on the CY. The effects of those can be verified with the
model developed in this study. More specifically, in countries or regions with low infrequent
and non-severity of drought conditions, the CY targets could be less strict given that crops
would benefit less from shading conditions. Contrarily, if the frequency and/or severity of
drought occurrences is high, more restrictive CY target could be demanded as in these
conditions the crops benefit more from the shade. This support for policymakers also extends
to PV and APV companies, as relaxed crop yield targets allow for higher specific PV capacity
installations (i.e, kWp/ha). This, in turn, enhances energy production per unit of land,

contributing to decarbonisation goals and advancing energy transition efforts.

The crop category "Fruits" shows no improvement with the inclusion of SPEI, as much of the
data comes from Mollerussa, Spain, which experienced low rainfall and higher temperatures
during consecutive years of the experiment period [33]. The SPEI data collected from this site
also reflects the area's low rainfall, and the result in Table 1 of this paper aligns with these
conditions showing no significance to the yield in the Fruits crop category. The crop category
"Maize" displayed minimal sensitivity to shading when analysed using linear regression
without incorporating SPEI. However, performance metrics significantly improved when SPEI
was included alongside shading levels. While maize is typically expected to react to shading
because it is shade intolerant, some of the maize varieties used in this study demonstrated

higher shade tolerance than expected, which may explain the observed variation [34].

Some source data indicated negligible yield reduction with increased shading levels on Forage
crops [35, 36], while other sources reported an increase in yield with increased shading [37,
38]. These results underscore the practical importance of shading levels and SPEI statistics in
predicting CY, advocating for their inclusion in APV systems research and management.

In agricultural research, statistical hypothesis tests are commonly employed to evaluate the
significance of each independent variable on CY which can help determine how influential a
proposed determinant is on the CY. However, in this study, we opted not to use statistical
hypothesis tests. The primary reason is that all the SPEI statistics—mean, minimum,

maximum, and standard deviation—are considered as determinants. These statistics can be



highly correlated with each other, which complicates the process of forming a coherent
statistical hypothesis. When variables are highly correlated, it becomes challenging to isolate
their individual effects and accurately assess their significance through traditional hypothesis
testing. Therefore, we decided to focus on the overall impact of these SPEI statistics on CY
without relying on hypothesis tests, to avoid potential issues arising from multicollinearity and
to provide a clearer understanding of their combined influence. This approach allows us to

better capture the complex interactions between these climatic variables and CY.
5 Conclusions

This study aimed to explore the impact of the environmental factor SPEI on crop yield (CY) in
conjunction with shading level, a factor often overlooked in most meta-analyses of shading and
crop yield. A drought index, representing environmental conditions during crop growing
season, SPEI was added in addition to the commonly studied shading level factor. The

following conclusions can be drawn:

e The performance metrics for all the investigated crop categories improved significantly,
except for Forage and Fruits. The least improvement was observed in the Fruit category,
with an R? increase of 1%, while the Berries category experienced the most
improvement, with an R? increase of 40%. The improvement observed in Leafy
Vegetables may be unreliable due to the limited data, as only five data points were
available.

e Similarly, models with SPEI information demonstrated greater certainty across all crop
categories, with a minimum increase of 17% in Forage and a maximum increase of 50%
in Root crops.

e For the crop category Berries, environmental conditions represented by SPEI had a
greater impact on CY than shading levels. Forage proved to be drought tolerant while
the Maize variant used in some studies proved to be shade resistant in this study as well
[34, 39]

SPEI was a critical determinant in most crop categories tested, as evidenced by performance
metrics and uncertainty quantification. Therefore, incorporating SPEI with the established
shading level factor significantly improved all performance metrics. A limitation of this

research was the need for more data for some crop categories (e.g., Leafy Vegetables). Future



studies should consider additional factors that influence CY to enhance the predictability of

CY responses under shading.
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Appendix

Table Al presents the performance metrics for the linear model without/with SPEI statistical
values for all crop categories and includes irrigated and non-irrigated data in the dataset. Table
Al can be directly compared to Table 1 in the main body, which shows the results including
only non-irrigated data. This comparison illustrates the impact of irrigation on the performance

metrics.

Table A2 provides the uncertainty quantification metrics for all crops, including both irrigated
and non-irrigated conditions, and can be contrasted with the results in Table 3 that pertain only
to non-irrigated conditions.

These supplementary tables underscore the rationale behind the primary focus on non-irrigated
studies in the main body of the research. They highlight how irrigation can mitigate the effects
of environmental factors, such as drought, thus influencing the reliability and significance of
the results related to shading and CY.

In this section, the Root Crop category is not included as the used data in that category is only

non-irrigated.

Table Al: Performance metrics of linear model with SPEI statistical values for all crops
including in the dataset both non-irrigated and irrigated crop categories. The direct contrast of

this result in the main body is Table 1.

Crop category R2 MSE MAE NS
Without With  Without With Without  With
SPEI SPEI  SPEI SPEI SPEI SPEI
C3 Cereals 0.28 0.34 294.08 270.09 12.43 11.93 51
Berries 0.001 0.39 836.1 509.32 23.05 18.18 44
Maize 0.27 0.55 289.86 181.27 14.8 10.52 29
Grain Legumes 0.3 0.48 318.94 237.71 13.27 125 31
Fruits 0.00 0.29 2358.35 1668.86 26.53 294 33

Leafy Vegetables 0.01 0.38 562.29 349.82 14.41 12.64 46



Root Crop - - - - - -

Forage 0.26 0.30 1421.22 1346.02 30.53/ 28.41 73

Table A2: Uncertainty by the PICP for irrigated and non-irrigated crops (confidence interval:
95%).

Crop category Linear model without SPEI  MLR model with SPEI N2

C3 Cereals 0.37 0.57 51
Berries 0.27 0.45 44
Maize 0.34 0.76 29
Grain Legumes 0.48 0.68 31
Fruits 0.70 0.73 33
Leafy Vegetables 0.48 0.48 46
Root Crop -- --

Forage 0.22 0.49 73




The next section of the appendix presents a result showing only from irrigated crop fields.

Table B1: Performance metrics of linear model with SPEI statistical values for all crops
including in the dataset both irrigated crop categories. The direct contrast of this result in the
main body is Table 1 and Table Al.

Crop category R2 MSE MAE N2

Without With Without  With Without With

SPEI SPEI SPEI SPEI SPEI SPEI
C3 Cereals 0.40 0.73 331.22 150.74 14.74 8.85 25
Berries 0.61 0.61 5.67 5.67 1.67 1.67 6
Maize 0.97 0.97 21.58 21.58 3.63 3.50 6
Grain Legumes 0.85 0.90 82.61 54.47 5.92 6.67 11
Fruits 0.01 0.84 4029.6 654.99 45.45 22.17 17
Leafy Vegetables 0.01 0.43 155.61 90.38 9.55 741 41
Root Crop -- -- -- -- -- -- --
Forage 0.71 0.94 274.45 55.28 13.45 5.90 13

Table B2: Uncertainty by the PICP for irrigated crops (confidence interval: 95%). The direct
contrast of this result in the main body is Table 3 and Table A2.

Crop category Linear model without SPEI  MLR model with SPEI N2

C3 Cereals 0.44 0.80 25
Berries 0.83 0.83 6
Maize 0.83 1.0 6
Grain Legumes 0.82 0.91 11
Fruits 0.71 0.94 17
Leafy Vegetables 0.37 0.51 41
Root Crop -- -- --

Forage 0.77 0.92 13




The following conclusions can be drawn from the appendix part:

1. For the investigated non-irrigated data, introducing the SPEI improves the model
accuracy because, as it is discussed in the main body of this paper it introduces
information directly related to soil moisture and it validates the hypothesis in the

objective of this paper

2. For the investigated combined data of non-irrigated and irrigated cases, as seen in
Appendix A1, the model suffers due to the wider data spread between the irrigated and

non-irrigated parts.

3. For the investigated irrigated data as seen in Appendix B1, the better results compared
to non-irrigated data, for both with and without including the SPEI, can be explained
by the fact that:

a. For analysing the data without SPEI, a more accurate relationship emerges
between CY and shading rate. Irrigation appears to offset the benefits of shading
rate, suggesting that CY might be better determined solely by shading rate, as
water is not a limiting factor. Even if it is known that the crops are irrigated
though without certainty about full irrigation or exact amounts this information

is included in the paper without delving deeper into those specific details.

b. For the analysis with SPEI, similar results show a better correlation due to
shading being the main limiting factor. Logically, irrigated crops tend to be
those more susceptible to drought or located in areas prone to drought, generally
associated with lower SPEI values. This trend is confirmed by SPEI data from
the study locations for cereals, where the average SPEI is lower compared to
the non-irrigated dataset (indicating more severe drought conditions).
Interestingly, the standard deviation for the irrigated data is also lower than for
the non-irrigated dataset, supporting the idea that more severe droughts occur
when irrigation is applied. This information suggests a higher R? value, as
the shading rate remains the primary driver, while the lower and more consistent
SPEI in the irrigated data resembles the effect of smoothed data on increasing
R?, with the irrigation dataset being smoother and having a lower standard

deviation.



c. For irrigated crops, drought or water availability is not a limiting factor (or at
least not the primary limiting factor), so yield is mainly influenced by other
factors, such as shading in this study. Consequently, even without SPEI, the
original R? is already high for irrigated crops, which is logical. Including SPEI
further increases R?, but as shown in Table B1, the relative increase is minimal
in percentage terms. For non-irrigated crops, however, both water and shading
serve as limiting factors, so the original R? without SPEI is expectedly lower
than that of irrigated crops. Notably, a larger relative increase in R? is observed
for non-irrigated crops after including SPEI.

4. 1t is important to note that the data for irrigated and non-irrigated crops within each
category are not evenly matched, both in quantity and in crop type. For instance, Figure
B1 highlights distinct differences in the variety and number of irrigated versus non-
irrigated crops across all categories analysed. This discrepancy makes it challenging to
draw direct comparisons, as each category lacks consistency between irrigated and non-
irrigated data sets. Additionally, some crop categories have minimal or even no data for
one of the groups either irrigated or non-irrigated further complicating any full
comparison. These differences are essential to consider, as they impact the reliability
and scope of conclusions drawn from the data regarding irrigation effects across

different crop types.

81 [ non-irrigated
[ irrigated
7.
6.
£°
<)
o
@ 4
3
©
ke
N
5]
1]
0
W& & S & 2 &
VQQ & S &£ ® &
@Q?/ \{_\“x A &0
hS
© P
Crop

Figure B1: types of fruits included in the data set for irrigated and non-irrigated



