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Abstract

Agrivoltaic (APV) systems, which co-locate photovoltaic (PV) panels with agricultural
production, have emerged as a promising strategy to simultaneously address water, energy, and
food sustainability challenges. However, the optimal design of such systems remains complex
due to competing objectives, site-specific conditions, and increasingly stringent policy
constraints. This study presents a multi-objective optimisation framework for APV systems
design that integrates climatic variability, crop performance modelling, PV system behaviour,
and national policy thresholds with a water-energy-food (WEF) nexus approach. Using a
genetic algorithm (GA) as the optimisation technique, the model explores optimal
configurations of three APV system types: vertical, one-axis tracking, and overhead fixed-tilt.
The optimisation considers four design parameters including module tilt, azimuth orientation,
row pitch, and system height. Simulations are carried out at three geographically diverse
European locations: Sweden, Germany, and Italy, over a six-year crop rotation period. The
framework incorporates constraints from Swedish subsidy requirements, German vyield
retention standards, and lItalian guidelines. A composite WEF index enables flexible
prioritisation among objectives and reveals strong trade-offs between energy conversion and
crop productivity (correlation ~ —0.99). The results demonstrate that combining national
policies with recommended best practices can render APV deployment practically infeasible
at the development stage if no accurate APV integrated models are available to clearly depict
the impact of shading on microclimate and crop growth. The row pitch emerged as the most
influential design variable, with optimal spacing between 5-10 meters depending on location
and constraints. Furthermore, the land equivalent ratio (LER) for crops can vary by up to 10%

depending solely on interannual weather variability.
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1 Introduction

The water-energy-food (WEF) nexus has emerged as a critical framework for addressing global
sustainability challenges, emphasising the interdependence of resource systems and the need
for integrated management strategies [1-3]. In this context, agrivoltaic (APV) systems, the co-
location of photovoltaic (PV) panels with agriculture, have gained attention as a promising
solution aligning the WEF objectives [4]. By enabling simultaneous crop cultivation and solar
energy conversion on the same land, APV systems offer a dual-use approach that optimises
land resources and addresses multiple sustainability goals [5-7]. Notably, the integration of PV
panels into farmland can yield synergetic benefits: the partial shade from panels reduces soil
evaporation and influences local microclimate dynamics, leading to improved soil moisture
retention and crop protection against extreme heat or weather [8,9]. These advantages make
APV especially valuable in water-scarce regions and other challenging climates, where
conserving water and maintaining food production are paramount [10]. Furthermore, by
producing renewable electricity alongside crops, APV systems enhance overall land-use
efficiency and bolster all three pillars of the WEF nexus, helping to secure food, generate clean
electricity, and save water on the same piece of land [11]. Studies have reported that such dual-
use systems can boost combined land productivity by dozens of percent compared to separate
farming and solar installations. For instance, overall output gains on the order of 35-73% have
been observed under favourable conditions [12]. In some cases, the microclimate benefits are
so pronounced that certain crops yield significantly more under PV arrays. A field trial in an
arid climate showed chilli and tomato production increasing threefold and twofold,
respectively, under solar panels (with substantially less water use), thanks to reduced heat stress

and improved water retention [4].

Real-world applications of APV underscore its potential within the WEF nexus across diverse
settings. In arid regions like Jordan, APV projects have demonstrated enhanced water-use
efficiency and sustained crop yields, while simultaneously contributing to renewable energy
targets [10]. Specifically, the study estimated that covering approximately 50% of the currently
irrigated summer tomato fields with PV panels could meet Jordan’s target of generating 50%
of its electricity from renewable energy sources, while also reducing national water
consumption by an estimated 4-8.6%, highlighting APV’s strategic value for water-limited
agriculture [10]. In densely populated urban areas, innovative APV implementations are being
explored on rooftops to address land scarcity. For example, a pilot in Shenzhen, China,

demonstrated that rooftop APV could meet the city’s entire demand for lettuce while also



generating substantial electricity, providing a dual benefit for urban sustainability [13].
Likewise, in Europe, experimental APV farms have reported land-equivalent ratios well above
1 (meaning the combined output of food and energy exceeds that of separate uses of land), even
reaching values approaching 1.6-1.8 in some cases [14]. These cases illustrate how APV can
be adapted to different contexts, from water-constrained rural farms to space-constrained cities,
to jointly advance food security and clean energy conversion. They also reinforce that the
magnitude of APV benefits is site-specific, influenced by local climate, crop selection and

management practices.

Despite these clear advantages, APV systems face important limitations and design challenges
that must be addressed to fully realise their promise. A primary concern is the trade-off between
solar panel shading and crop productivity: while shade can benefit certain crops and save water,
it inherently reduces the sunlight available for photosynthesis, which may decrease yields for
light-demanding crops [5]. The extent of this yield reduction depends on crop varieties, panel
configuration (e.g., height, row spacing, orientation), and local environmental conditions
[15,16]. Careful crop selection is therefore crucial, shade-tolerant or understory crops (such as
leafy greens) may thrive beneath panels, whereas sun-loving staples might suffer without
sufficient light [12]. APV systems are typical examples of a multi-objective optimisation
problem, where both energy- and crop targets depend on the PV geometrical parameters [17].
For instance, denser or optimally tilted PV arrays can maximise energy output but will cast
more shade on the ground, whereas more widely spaced or vertically oriented panels provide
more uniform light for crops at the cost of lower total PV conversion [18]. A recent study has
highlighted these design trade-offs. An east-west oriented PV arrangement was found to
distribute light most evenly for crops, improving under-panel growth, but this configuration
yielded less electricity overall compared to a conventional south-facing layout [18]. Such
findings underscore that there is no one-size-fits-all APV design, the optimal configuration
depends on site-specific factors like latitude, climate, and crop type. Moreover, performance
can vary significantly from year to year: in Germany, the relative land productivity gains from
APV were modest in normal weather years (~1.6x higher than separate land use) but spiked to
nearly 1.9x during an unusually hot, dry year when the shade benefit to crops was greatest [19].
This variability highlights the importance of accounting for different climatic conditions and
temporal patterns when evaluating APV systems. In summary, the key limitation is that without
thoughtful design and management, APV could lead to suboptimal outcomes, either
underperforming on energy yield or undermining crop production, if the shading, spacing and



other parameters are not well balanced for the given environment. This recognition has driven
a need for optimisation strategies that can navigate the complex trade-offs inherent in APV

design.

To address these challenges, this study develops a comprehensive optimisation framework for
APV system design, with a focus on maximising the co-benefits within the WEF nexus while
mitigating the aforementioned trade-offs. In contrast to previous APV studies that often
examine a single crop, location or year [20,21], our approach evaluates multiple cropping
systems over several years and across diverse European climates, thereby capturing a broader
range of conditions and interannual variability. This expanded scope, which includes a multi-
year, multi-crop, and multi-location analysis, represents a novel contribution, as few studies to
date have simultaneously assessed APV performance across such varied contexts. A multi-
objective genetic algorithm (GA) is employed to explore the design space and identify optimal
system configurations that jointly satisfy food and energy conversion goals (and implicitly
water conservation goals), reflecting the integrated priorities of the WEF nexus. Notably, the
optimisation incorporates regulatory constraints into the design criteria, an aspect often
overlooked in prior research. In our framework, such policy constraints, including limits on
land occupation and minimum required PV output, are embedded as boundary conditions to
ensure that the resulting APV designs are not only theoretically optimal but also compliant
with current APV regulations. By integrating these technical, agronomic, and policy
considerations, the study advances the state of APV research toward more practically

applicable solutions.

2 Methodology

The workflow consists of three main steps (1) data acquisition and preprocessing, (2)
sensitivity analysis and optimisation using GA, (3) metric evaluation based on key performance
indicators (KPIs), including land equivalent ratio (LER) (i.e., combination of energy
conversion and crop yield), and water consumption. A schematic representation of the

workflow is provided in Figure 1.
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Figure 1. Overview of the optimisation framework and methodology used in the study.



2.1  Data acquisition and processing

The study considers three locations across different European climates: Karrbo Prastgard,
Sweden (59.5549°N, 16.7585°E), Jeggeleben, Germany (52.7305°N, 11.0285°E), and
Piacenza, Italy (45.0524°N, 9.6923°E) (Figure 2).
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Figure 2. Geographic locations of the study sites across Europe: Karrbo Prastgard (Sweden),
Jeggeleben (Germany), and Piacenza (ltaly).

These locations were selected to capture diverse solar irradiation conditions. The data for those
locations were retrieved from the ERAS reanalysis dataset for the years 2018—2023. ERAS
provides hourly estimates of numerous climate variables on ~30 km grids globally [22]. For
each location, hourly time-series of relevant weather variables including global horizontal

irradiance (GHI), ambient temperature, wind speed, relative humidity, atmospheric pressure,



and precipitation. Figure 3 presents a comparative analysis of key meteorological parameters
(GHI, ambient temperature, relative humidity, and accumulated precipitation) across Sweden,

Germany, and Italy.
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Figure 3. Weather variability across Sweden, Germany, and Italy within the period 2018—2023. The
left column illustrates the seasonal distribution of these variables using boxplots, while the right
column provides yearly averages from 2018 to 2023. Precipitation is shown as accumulated yearly
totals rather than averages, allowing for the identification of extreme wet or dry periods.



A notable observation is the particularly dry condition in 2018 for Sweden and Germany, as
indicated by both lower accumulated precipitation and reduced relative humidity during the
summer months. In contrast, Italy does not exhibit the same reduction in precipitation,
suggesting that the dry period was more regionally constrained to northern Europe as seen in
Figure 3. Another feature is the significantly higher accumulated precipitation in Italy for 2019,

which stands out compared to the more stable patterns observed in Sweden and Germany.

Prior to simulation, the ERA5 solar irradiance components were quality-checked by identifying
anomalous values such as negative irradiance or unrealistic spikes, which were set to zero.
Additionally, all irradiance values corresponding to solar elevation angle below 5° were also
set to zero to avoid cosine-related artefacts commonly encountered at low sun angles [23]. The
cleaned data were then converted into the input format by the Agri-OptiCE® model. In ERAS,
the diffuse horizontal irradiance (DHI) is not available and was estimated using ERBS [24].
The ERBS model is commonly used to calculate the diffuse fraction from the GHI through an
empirical relationship between diffuse fraction and the ratio of GHI to extraterrestrial
irradiance. The crop model requires photosynthetically active radiation (PAR) as input, which
was retrieved by assuming that 45% of the incoming GHI lies within the PAR spectrum [25].
Secondly, the diffuse PAR is required to accurately estimate the impact of both direct and
diffuse components for the crop. The diffuse PAR were estimated using the GU model with
the Spitters relationship [26].

All meteorological time series were gap-free and were formatted into annual input files for
each site and year. The resulting dataset provides six years of continuous hourly climate inputs
for each location, capturing interannual variability and seasonal patterns crucial for both PV

performance and crop growth modelling.

2.2  Optimisation framework

The Agri-OptiCE® framework has been used as an integrated simulation and optimisation
model custom-built for APV systems to evaluate and optimise system configurations. The
framework extends a previously validated APV model [20,27-30] to incorporated additional
design variables and performance metrics relevant to APV systems. It couples three primary
sub-models: (1) a solar irradiance and shading model that computes the distribution of solar
irradiance (including PAR) reaching both the PV modules and the crop, (2) a PV performance
model for bifacial modules (accounting for front and rear irradiance, incidence angle effects,

and temperature-dependent efficiency), and (3) a crop growth and yield model that responds to



local climate and the microclimate modified by PV shading. These sub-models have been
validated in earlier studies against field measurements and commercial PV software,

demonstrating good agreement [20,27-30].

For PV simulations, a HUASUN Himalaya M6-144 bifacial heterojunction (HJT) solar module
was used as the representative technology. This is a 144-cell, double-glass frameless module
rated at approximately 480 W, with an efficiency around 22.2% [31]. The module has
dimensions of about 2.11 m x 1.04 m and a bifaciality factor (rear to front output ratio) of 95%.

The electrical specifications can be seen in Table 1.

Table 1. PV module electrical characteristics (standard test conditions (STC)").

Model HS-B144 (DNN480)
Maximum power (Pmax) 480 W
Module Efficiency (%) 22.24 %
Optimum Operating Voltage (Vmp) 46.08 V
Optimum Operating current (Imp) 1043 A
Open Circuit Voltage (Voc) 53.74 V
Short Circuit Current (ls) 10.82 A
Bifaciality 95 %
Nominal Operating Cell Temperature (NOCT) 44 °C
Temperature Coefficient of Pmax —0.26 %/°C
Temperature Coefficient of Vo —0.24 %/°C
Temperature Coefficient of I 0.04 %/°C

*STC: Irradiance 1000 W/m?, cell temperature 25 °C, AM=L1.5. Tolerance of Ppay is within +/— 3%.
The PV model calculates the instantaneous power from each module row, including the boost
from rear-side irradiance due to ground reflection (albedo assumed to be 0.2). All simulations
were conducted for a 1 ha plot (i.e., 100 m x 100 m).

2.3 Crop modelling and yield estimation

A uniform crop rotation sequence was considered at all three locations to evaluate APV
performance under a variety of crop types and growth seasons. The rotation spanned six years
(2018-2023) consisting of: ley grass for three consecutive years, followed by spring wheat
(fourth year), barley (fifth year), and then returning to ley grass in the sixth year. In practice,
“ley grass” refers to a perennial forage crop (e.g., alfalfa or grass-clover mix) which remains
for multiple years once sown. By cycling through a multi-year grass period and annual cereals,

the simulation captures both a crop that can benefit from partial shade (grass) and staple grain



crops that are more light-demanding [32-35]. Each location applied the same rotation

sequence, but with planting and harvest timings adjusted to local agronomic conditions.

The crop growth sub-model in Agri-OptiCE® is based on the EPIC model [36], which requires
several inputs for each crop. We have chosen to use the pre-determined parameters that should
be more generalised directly from EPIC for both barley and wheat [37]. However, for ley grass
we have retrieved the inputs from previous research [28]. In all cases, the parameters reflect
open-field conditions, without the influence of APV shading. The same crop parameters were

assumed for all locations and can be found in Table 2.

Table 2. Crop parameters used for simulation.

Leygrass Springwheat Barley

Biomass—energy ratio” ((kg/ha)/(MJ/m?)) 24 30 30
Harvest index 0.7 0.42 0.4
Base temperature (°C) 0 0 0
Optimal temperature (°C) 14 15 15
Maximum leaf area index (LAI) (m?/m?) 5.5 5 6
Fraction of growing season when leaf area declines 0.85 0.6 0.8
LAI declining factor 0.5 1 1
Water stress-yield factor 0.21 0.21 0.21
First point on optimal leaf area development curve (%) 20 20.1 15.01
Second point on optimal leaf area development curve (%) 46 49.95 50.95

*
Biomass-energy ratio is also known as radiation use efficiency (RUE).

Harvest dates were tailored to each crop and location. The ley grass, being perennial, is
assumed to start regrowing after each harvest and continues until winter dormancy occurs,
allowing multiple cuttings per year. We assumed three harvests per season for ley grass (e.g.,
early summer, midsummer, and early fall (Table 3) and one harvest per season for the annual
crops (wheat, and barley, taken at full maturity). The model resets the crop each year according
to the rotation schedule, but this applies only to barley and wheat, not to ley grass. Crop
phenology (development stages) is driven by accumulated growing degree-days with base
temperature of 0 °C for these crops. Water balance is also tracked: soil moisture availability
and evapotranspiration (ET) affect growth via a water stress factor; however, all the crop
simulations were conducted under rainfed conditions, with no supplemental irrigation assumed

beyond natural rainfall. Even though wheat and barley are generally not irrigated, the reduced



ET under panels can still illustrate potential water-saving benefits, particularly when compared

to full-sun conditions.

Table 3. Cut dates by crop and country based on regional agricultural calendars.

Crop Country Cutl Cut2 Cut3
Ley grass Sweden June 1 July 20 September 17
Germany May 22 July 21 September 21
Italy May 15 July 10 September 10
Spring wheat Sweden June 30

Germany August 30
Italy July 15
Barley Sweden June 30

Germany August 30
Italy July 15

Crop yields (tons per hectare) are computed at each harvest using the accumulated biomass and
the crop’s harvest index. For ley grass, yields from each of the three cuts are summed for an
annual total yield. The presence of PV rows can reduce incoming PAR on the crops and thereby
reduce growth. Moreover, the area immediately beneath the PV rows is considered non-
productive, as crops are not planted or harvested there due to limited machinery access and
deep shading that inhibits growth. To reflect this, a buffer zone of 0.5 meters on each side of
the PV rows is assumed to be non-harvestable. These areas are excluded from yield calculations
to account for safety margins and technical constraints related to mechanised operations, such
as the limited height of the modules and structural obstructions that prevent cultivation directly
beneath them. The extent of land loss in percentage varies with system design, with narrow-
pitch APV configurations exhibiting the highest proportion of non-cropped surface [38].
Accordingly, buffer zones were considered for each system layout, and the corresponding strips

were excluded from the calculation of fresh yield under APV conditions.

2.4  Performance metrics calculation

To quantify the performance of each APV configuration, a set of WEF metrics at the end of

each optimisation iteration is used to evaluate the APV system. It includes:

e LER: This metric measures the land-use efficiency of the APV system, combining relative crop

yield and relative PV output. It is defined as:

Y. apy - Y
LER = ( capv ' X ) + ( e"”"’) = LER¢rop + LERpy, (1)
Yc,ref Ye,ref




where Y, 4py is the crop yield (ton ha™) under the APV system and Y, .. is the yield in the
reference scenario without PV (open-field), while Y, 4py is the annual PV electricity yield per
unit land area (kWh ha'* or equivalently kWh m over the field) and Y, .. is the corresponding
electricity yield if the entire land were used for a stand-alone PV park. y is the reduction factor
considering the land loss close to the mounting structure that cannot be harvested. The reduction
factor can be calculated by 1 — g, where b represents the width of the buffer zones that is
designated as non-harvestable. This width is assumed to be 1 m (0.5 m on each side of the
mounting structure). The non-harvestable area is divided by the pitch, denoted as a.

o Water consumption: The total crop water use in each scenario is tracked via modelled ET.
The cumulative seasonal ET (mm of water evaporated + transpired) serves as an indicator of
water consumption by crops. In APV systems, shading can reduce soil evaporation and plant
transpiration during hot periods, potentially yielding water savings. In this study, we assess
water consumption by comparing the cumulative ET under APV conditions to that under open-
field conditions. This relative measure is used as a proxy for potential water savings, under the
assumption that rainfall is the only source of moisture and that any reduction in ET corresponds
directly to reduced water use by crops. We do not model irrigation or refer to water reintegration

percentages commonly used in irrigation studies.

All metrics were computed on an annual basis for each year and then averaged over the rotation
cycle for final evaluation, to smooth out year-specific weather anomalies.

2.5 Regulatory and policy constraints

The integration of PV systems with agricultural activity presents regulatory challenges that
vary across national contexts. To ensure that APV installations align with agricultural and
energy policy objectives, several countries have established thresholds for light availability,
land occupation, and crop yield retention. In this study, APV designs are evaluated based on
three regulatory frameworks: the Swedish basic payment scheme (BPS) requirements, German

crop yield retention guidelines, and Italian APV best practices.

2.5.1 Swedish BPS compliance (C1)

In Sweden, agricultural subsidies under the BPS impose restrictions on PV installations to
ensure that farming remains the primary land use. According to the Swedish Board of
Agriculture (Jordbruksverket), land covered by PV structures is generally ineligible for
subsidies unless agricultural activity is not significantly impaired [39]. It is important to note
that this is not an APV regulation, law, or standard, but rather a condition for receiving

agricultural subsidies. The eligibility assessment is based on whether mechanised farming can



continue unhindered, and a maximum of 10% of the land area may be occupied by solar

infrastructure for the installation to remain subsidy-eligible.

2.5.2 Germany crop yield retention guidelines (C2)
Germany’s APV framework is guided by the technical pre-standard DIN SPEC 91434:2021-

05, which outlines design principles to ensure that agricultural production remains the primary
land use [40]. While this specification is not legally binding, it is widely recognised and

increasingly referenced in federal policy, subsidy frameworks, and funding programs.

According to DIN SPEC 91434, APV systems should:

e Maintain at least 66% of the baseline open-field crop yield, compared to reference values from
conventional agriculture.
e Limit permanent land occupation by PV structures based on system configuration:
o Spaced APV systems (e.g., inter-row installations): maximum 15% land loss.
o Overhead APV systems (e.g., elevated to allow full machinery access): maximum 10%

land loss.
The 66% crop yield retention is a recommended performance benchmark, not a legal
requirement. It serves as a key indicator of agronomic viability and is often used in feasibility
studies and project evaluations, particularly for pilot or publicly funded projects. The land
occupation thresholds, however, have been partially codified into national regulation. Under
Germany’s common agricultural policy (CAP) implementation [41], the direct payments
ordinance (GAP-Direktzahlungen-Verordnung) states that APV systems may still receive area-
based subsidies, such as basic income support, only if they preserve agricultural use and limit
land loss to no more than 15%. This approach ensures that APV projects do not compromise
eligibility for CAP subsidies. This mechanism is comparable to Sweden’s BPS, where land
equipped with solar panels can remain eligible for direct payments provided that agricultural
activity continues, and the installation does not significantly hinder normal farming practices.
Additionally, APV systems in Germany participating in renewable energy auctions under the
renewable energy act (EEG) 2023 must comply with criteria aligned with DIN SPEC 91434,
including land-use limits [42]. Overhead systems that meet the 10% ground coverage limit and
allow full machinery operation are also eligible for a tariff bonus through the federal network

agency (BNetzA), incentivising designs that minimise land occupation.



2.5.3 Italian guidelines for APV (C3)

Italy has adopted a multi-threshold regulatory framework for APV systems to ensure a balanced
integration of energy conversion and agricultural activity [43,44]. This framework, formalised
in the Ministerial Decree 2023 [45], defines the legal requirements for APV systems seeking

public incentives and includes the following criteria:

1. At least 70% of the project area must remain available for agricultural use, effectively limiting
the maximum land occupation by PV infrastructure to 30%. This ensures that the system
maintains its agricultural function and avoids excessive land loss to energy infrastructure.

2. The APV system must produce at least 60% of the annual electricity output of a conventional
ground-mounted PV installation. This requirement guarantees a minimum level of solar
conversion efficiency, even in spatially dispersed APV layouts.

3. PV modules must be elevated from the ground to allow continued agricultural operations. The
legally required minimum height is 2.1m for crop cultivation systems and 1.3m for livestock or

pasture-based systems, ensuring compatibility with machinery or grazing activity.

These thresholds were initially proposed in national technical guidelines and have now been
codified into national legislation for all APV projects participating in publicly funded support
schemes. Additionally, the 2023 national best practices (UNI/PdR 148:2023 [46]) recommend
that agricultural productivity under APV systems should not decline by more than 30% per
hectare compared to conventional farming. While this remains a non-binding recommendation,
it has become an evaluation metric, especially through the productivity land value (PLV)
methodology. PLV assessments are required for incentive eligibility and are used to
demonstrate that APV systems do not significantly impair agricultural output, thus making the
yield loss recommendation a de facto requirement in practice. To verify the 60% electricity
production threshold, the national guidelines use example simulations modelled with PVGIS.
These simulations apply a bifacial correction factor and assume a ground coverage ratio (GCR)

of 0.49 for the reference conventional PV system.

In contrast, this study applies a different methodology to ensure consistency across systems
and better capture APV interactions. We use Agri-OptiCE®, which incorporates the bifacial
nature of the modules directly. It is also assumed that the reference conventional PV system
has a GCR of 0.416, which represents a slightly more spaced layout as used in the guidelines
to keep it consistent between all locations and system simulated. In this study, we chose to
combine the legally binding requirements outlined in the national legislation with the technical

recommendations provided in the 2023 national APV best practices. This integrated approach



allows us to evaluate and identify optimal APV system configurations that not only comply
with regulatory thresholds for land use, energy conversion, and module elevation, but also aim

to maintain agricultural productivity within acceptable limits.

2.5.4 Implementation and design considerations

Given these regulatory constraints, APV system design must be adapted to comply with
different national requirements. Systems that exceed permissible land occupation, reduce crop
yields below mandated levels, or fail to meet solar electricity production targets are considered
non-viable within their respective frameworks. These key policy constraints across Sweden,
Germany, and Italy are summarised in Table 4. This study evaluates APV configurations
against these policy constraints to determine optimal designs that balance agricultural
productivity and energy conversion. The Swedish BPS compliance, Germany crop Yyield
retention standards, and Italian best practices for APV will be referred to as C1, C2, and C3,

respectively, throughout the study.

Table 4. National policy constraints guiding APV system design for Sweden, Germany, and Italy.

Constraint C1 C2 C3
Max. land occupation | < 10% of land area < 15% for spaced < 30% of project area
for solar infrastructure systems (i.e., 70% = must

< 10% for overhead remain available for

iculture
systems (to qualify for agriculture)

tariff bonus)

Minimum crop yield | Not specified (farming = 66% of open-field < 30% vyield loss per

retention must not be reference yield hectare compared to
“significantly (recommended conventional farming

impaired”) benchmark, used in (non-binding, but

funding and indirectly used in
feasibility) incentive evaluations

via PLV)

Minimum solar Not specified Not specified = 60% of the annual
production electricity output of a

conventional ground-

mounted PV system




Elevation Not specified (only Overhead systems = 2.1 for crops

requirement that mechanised must allow full
. . = 1.3m for
farming must not be machinery access
hindered) livestock/pasture

2.6 Water-energy-food nexus index

To encapsulate the triple bottom line of APV performance (water use, energy conversion, and
food production), a composite WEF nexus index, as proposed by EI-Gafy [47], was adopted as
a single optimisation criterion. This index allows for a multi-objective representation of the
three competing criteria and serves as an aggregated performance measure within an
optimisation framework. A critical aspect of constructing such an index is ensuring that all
contributing metrics: water use, energy conversion efficiency, and food production are
equitably represented, particularly when their numerical scales differ significantly. To address
this challenge, a Utopia-Nadir normalisation approach is applied to remove scaling biases,
followed by an adaptive weighted sum strategy to improve Pareto front exploration. The WEF
nexus index is constructed as a weighted sum of normalised objectives, ensuring a balanced
representation of water efficiency, energy conversion ( LERpy,), and food production

(LERcrop)- The general weighted sum formulation for a multi-objective optimisation problem

is:
Jtotal = z WL]l* ’ (2)

where J;" represents the normalised performance score of the ith objective, and w; is the

weighting coefficient that determines its relative importance. The weights must satisfy:

m
Zwizl, w; >0 3)
i=i

Applying this to the WEF index, the total performance score is expressed as:
W=w, W' +w, E"+wp-F~, 4
where W*, E*, and F* are the normalised objectives for water use, energy conversion efficiency

(LERpy), and food production (LER...p,), respectively. In the baseline scenario, each

component is given equal priority, resulting in:

WW=We=Wf=§ (5)



This formulation ensures that all three objectives contribute equally, preventing any single
factor from dominating the optimisation process. The weighting scheme can be adjusted to
reflect context-specific priorities. For instance, if the analysis focuses on a water-scarce region,
the weight assigned to water efficiency should be greater than those for energy and food, i.e.,
w,, > w, and w,, > wy. In contrast, when food security is the dominant concern, the weight
on food production can be prioritised, such that wy > w,, and wy > w,,. Similarly, if the main

objective is to maximise renewable energy output, the emphasis can shift towards energy
conversion efficiency, with w, > w,, and w, > wy. This dynamic weighting mechanism
enables decision-makers to tailor the optimisation process to align with specific sustainability
objectives, ensuring that APV systems are optimised according to local needs. A fundamental
challenge in multi-objective optimisation is ensuring that all objectives contribute equitably,
irrespective of their numerical magnitudes. Without proper normalisation, objectives with
larger inherent values may dominate the optimisation process, leading to biased solutions. To
mitigate this issue, each performance metric is normalised using the Utopia and Nadir points,
which define the best and worst observed values among Pareto-optimal solutions. In Figure 4,
a representation of how the points are considered for two objectives is shown.

Objective 2

Objective 1

Figure 4. Conceptual illustration of a Pareto front in a two-objective maximisation problem, with
corresponding Utopia (red) and Nadir (green) points. The Utopia point represents the ideal solution,
where both objectives achieve their highest possible values. The Nadir point reflects the worst
performance across the Pareto-optimal set.

The plot illustrates the relative positioning of the Nadir and Utopia points in the context of the

two objectives, highlighting the trade-offs between them. For an objective function J;, its

normalised value J; is given by:



i Ji—Jiv 6)

- Jin —Jiv’
where J; ; represents the Utopia point, which is the most favourable value achievable for that
objective in isolation and J; y represents the Nadir point, which corresponds to the least
favourable value observed among the Pareto-optimal solutions. For an objective function J; (x),

the Utopia point is given by:

Jiv = minJ;(x), for minimisation

’ X€EF (7)
Jiv = majgdi(x), for maximisation

! X€E

where F represents the entire feasible solution space, including both dominated and non-

dominated solutions. Similarly, for an objective function J;(x), the Nadir point is given by:

Jiny = minJ;(x), for minimisation
! XEP (8)
Jin = max Ji(x),  for maximisation
X

where P is the Pareto-optimal set, meaning it only contains solutions that are not dominated
by any other feasible solution. This normalisation ensures that each objective is mapped to the
range [0,1], preventing any single metric from dominating the optimisation process. The
proposed WEF index, combined with Utopia-Nadir normalisation and an adaptive weighted
sum approach, offers several key advantages. Firstly, bias-free scaling ensures that the
optimisation process does not favour objectives with naturally larger numerical values.
Secondly, adaptive weighting improves solution diversity, leading to a more representative
Pareto front. Thirdly, the flexibility of the approach allows decision-makers to dynamically
adjust the relative importance of water, energy, and food metrics based on context-specific

needs.

2.7  Optimisation methodology

In this study, an optimisation approach is employed to explore combinations of key design
parameters, such as PV orientation, mounting height, row spacing, and system design (vertical,
one-axis tracking, or overhead). This enables the identification of the most suitable
configuration for a given location, based on predefined performance objectives. GA was
chosen to perform this optimisation. GA is well-suited for exploring large design spaces with
complex trade-offs, and they do not require gradient information. The chosen parameter space

for these parameters were defined as (orientation € [—180°, 180°] with a step of 15°, height
€ [0.5, 2] m for vertical, [3, 3.5] m for overhead, and [1.5, 3.5] m for trackers, all with a step

of 0.5 m, and pitch € [5, 20] m with a step of 1 m).



The GA optimisations were performed using a population size of 200 and 200 generations,
which was sufficient for the fitness values to converge to stable levels. The crossover and
mutation probabilities were set to 80% and 20%, respectively, consistent with values reported
in recent literature for maintaining a balance between exploration and exploitation in GA [48].
Similar metaheuristic approaches, such as differential evolution, have also been successfully
applied to PV parameter optimisation problems, highlighting the robustness of evolutionary
techniques for nonlinear and multi-dimensional design spaces [49]. The performance of the
GA was evaluated based on the progression of this composite WEF index, as shown in Figure
5, which illustrates the convergence behaviour of both the best and average fitness values

across generations.
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Figure 5. Fitness evolution of the WEF index objective function using a GA. The plot shows the
progression of the best fitness (blue line) and average fitness (red squares) over generations,
demonstrating convergence towards an optimal solution.

The convergence simulation terminates early if no improvement is observed over 10
consecutive generations. From these trials, it is evident that a population size of 200 with 50
generations is sufficient to find an optimal design for all objective functions and will therefore
be used in the GA. The GA process was repeated for each site. To further ensure that the
identified solutions are indeed optimal, a local exhaustive search using a refined GA was

performed in the neighbourhood of the converged design points.



2.8  Scenario definitions
To investigate how differing sustainability and economic goals influence system performance,

we define four scenarios.

2.8.1 WEF scenario

This scenario represents a balanced sustainability strategy, assigning equal weight to each of
the three environmental indicators w,, = § w, = § and wy = § It reflects contexts where

trade-offs among water use, food security, and renewable energy are all critical, such as arid

and semi-arid regions with national sustainability targets.

2.8.2 Energy food (EF) scenario

In the EF scenario, water is excluded from the objective function w,, = 0, w, = % and wy =

> This scenario is relevant in regions or applications where water is not a constraining factor,

either due to irrigation technologies, abundant availability, or policy preferences focused on

food and energy production.

2.8.3 Water-energy-economy-food (WEEF) scenario

Although WEF-optimised designs may appear sustainable, they might not be economically

1 1 1 .
7 Wee = 5 and wy = " which

. . . 1
viable. Therefore, we include a WEEF scenario w,, = o We =7

extends the WEF framework by integrating net present value (NPV) as an indicator of long-
term economic feasibility. Where w,,. is the weight added to the WEF objective function to
consider the economic viability. The NPV is calculated over a 30-year system lifetime using

the standard discounted cash flow formula:

CFin,t - CFout,t
(1+WAcCC)t’

n
NPV = —ICC + Z 9)
t=1

where ICC is initial capital cost, CF;, . is the cash inflows (crop revenue, electricity income,
subsidies), CF,,; . is the operations and maintenance costs and inverter replacement, WACC is
the real weighted average cost of capital, and n is the system lifetime. The economic evaluation
is based on techno-economic parameters for Sweden, Germany, and Italy from Zidane et al.

[50] and is presented in

Table 5. The 6-year crop rotation are repeated five times to model a full 30-year lifecycle.



Table 5. Economic assumptions use in NPV calculations.

Parameter

Sweden

Germany

Italy

Crop producer price (€/ton)

[Ley grass, spring wheat,
barley]

Crop producer cost (€/ton)

[Ley grass, spring wheat,
barley]

Electricity price (€/kWh)
Subsidy (€/ha/year)
CAPEX per kWp

[Vertical, one-axis,
overhead]

Operation & maintenance
cost

Inverter replacement (Year
17)

System lifetime

WACC

[111, 197, 189]

[128, 113, 138]

0.08707
232
[1001, 1009, 1217]

1% of CAPEX
annually

55 €/kWp

30 years
3.5%

[111, 210, 194]

[128, 113, 138]

0.1116
286
[1001, 1009, 1217]

1% of CAPEX
annually

55 €/kWp

30 years
3.5%

[111, 293, 194]

[128, 113, 138]

0.14485
343
[1001, 1009, 1217]

1% of CAPEX
annually

55 €/kWp

30 years
3.5%

2.8.4 WEF boosted (WEFb)

Crop models are typically calibrated for open-field monocultures under full sun and therefore
do not capture beneficial physiological responses to partial shading [51,52]. Since they are
parameterised for open-field conditions, they overlook shade-induced effects such as changes
in canopy morphology and light-use efficiency [12]. To test whether such responses could alter
the outcome, the maximum LAI and RUE values were increased by 20% for each crop to
represent the potential morphological effects of partial shading. This adjustment is supported
by a growing body of field-based evidence showing that shading, whether from intercropping,
agroforestry, or structural elements, can enhance RUE and LAI through mechanisms such as
increased nitrogen availability, improved canopy light distribution, and morphological
acclimations [53-56], it does not represent a calibrated or universal value. The actual
magnitude of these responses may vary significantly across environments, cultivars, and
shading conditions. Rather, this sensitivity test is intended to explore the potential significance
of such effects in APV systems. To capture these effects, we introduce a sensitivity scenario



where maximum LAI and RUE are increased by 20% for all crops. The weights used under

hi - - _1 _1 d _1
this scenarios is wy, = 2, we = 2, and wy = -
2.9  Sensitivity analysis of design parameters

To better visualise the optimisation process, a comprehensive sensitivity analysis was
conducted to explore the APV design space and assess the impact of key system configuration

parameters. The factors and ranges analysed were as follows:

e PV row orientation: The azimuthal orientation of the PV rows (the direction the module
surface normal faces) was varied from —180° to 180°. This range spawns all possible
alignments, with 0° representing a south-facing orientation (in the Northern Hemisphere).
Positive angles indicate a clockwise rotation from south, so 90° corresponds to west-facing
panels, while negative angles indicate a counterclockwise rotation, so —90° corresponds to east-
facing panels. For vertical bifacial panels, this means one side faces east (—90°) and the other
side faces west (90°).

¢ PV height: The height of the PV module above ground was tested from 1.5 m up to 3.5 m for
one-axis tracker configurations (defined as the height of the tracker axis), and from 0.5 m up to
2.0 m for vertical fixed panels. Lastly, the overhead configuration is assumed to only be 3 m
up to 3.5m. For the vertical and overhead configurations, height is defined as the distance from
the ground to the lowest edge of the PV module.

o Row pitch: The APV systems pitch varied from 5 m (very dense packing) to 20 m (sparse
rows). This pitch distance directly influences the GCR and thus the fraction of land receiving
shade. A 5 m spacing implies about 20 rows per 100 m field width, whereas a 20 m spacing has
only 5 rows across the field.

e Tilt: For the vertical APV system, the tilt angle was fixed at 90°. The tracking system had a
maximum tilt angle of 60°, as this is a common limit in modern APV systems [57]. Lastly, the

overhead system was assumed to have a fixed tilt angle of 35°.

All APV systems in the study used the same layout: PV modules were arranged in a two-
module landscape format per row (i.e., each row hold 2 modules side-by-side in landscape
orientation). Throughout the simulation, the ground surface albedo was kept constant at 0.2 to
focus the results on geometric effects rather than surface reflectivity. The performance of the
APV systems was compared to two references cases: (1) open-field (full sun) conditions for
crop yield, and (2) a conventional PV park design for energy conversion, which used a pitch
of 5 m, height of 0.5 m, and a PV module tilt of 35°. The conventional PV layout also used 2

modules in landscape orientation per row.



3 Results

3.1  Correlation and optimal parameters

The choice of weighting for water, energy, economy, and food significantly influences the
optimal APV system configuration. It could be observed that all scenarios found different
optimal system designs. Additionally, regulatory constraints play a crucial role in defining the
feasibility of each system.

Table 6 presents the optimal row pitch, height, PV orientation, and system configuration for
the three investigated locations under different policy or guideline-driven constraints. The
values shown for LER, LERcrop, LERpv, and water consumption represents the average annual
performance across the entire six-year simulation period, incorporating the full crop rotation
sequence (three years of ley grass, followed by spring wheat, barley, and one final year of ley
grass). This means that crop-related metrics (yield and water consumption) reflect the rotation-
averaged performance, not individual crop-year values. A key finding is that the Italian
constraint (C3) is infeasible across all scenarios except WEFDb, indicating that no configuration
met the required constraints in any of the studied regions. The WEFb-scenario allowed
configurations to achieve a significant improvement in system performance, with the LER
values increasing and water consumption decreasing compared to the WEF-scenario

Interestingly, the optimal PV orientation rarely followed conventional designs. Under the
WEF-scenario, a one-axis tracker with a —60° southeast deviation emerged as the optimal
configuration in Sweden’s subsidy-based constraint setting (C1). While this setup slightly
reduces PV production compared to an east-west (—90°) tracker, it enhances crop yield, making
it the most balanced choice in terms of LER. Comparing C1 and the German standard
constraints (C2), the less restrictive land-use constraints in C2 resulted in a reduced row pitch,
allowing for higher PV capacity. However, meeting the crop yield constraint necessitated the
adoption of overhead system for all three countries. Notably, the optimal PV orientation in C2
deviated from the common south oriented fixed tilted systems, shifting to satisfy the crop yield
constraint while minimising row pitch. In addition to this, a clear latitudinal trend emerged, at
lower latitudes with higher solar irradiance, the optimal PV orientation shifted closer to south-
facing configurations. In Italy, for instance, the overhead system performed best with a —15°
PV orientation, as this orientation allowed the crop yield constraint in C2 to be satisfied while
also enhancing PV electricity production.



Table 6. Optimal APV system configurations for each location under different constraint scenarios.

Scenario Row

. . Height PV orien- System Wc* NPV
Location p(lrt:;‘ (m)  tation(°®)  solution LERerop  LERev LER (%) (k€)
WEF Sweden (C1) 10.0 3.5 -60 One-axis 0.69 0.56 1.25 90.5 506
Germany (C1) 10.0 3.5 -75 One-axis 0.70 0.54 1.25 90.6 889
Italy (C1) 10.0 3.5 -75 One-axis 0.73 0.54 1.27 86.4 1810
Sweden (C2) 7.0 3.0 -90 Overhead 0.66 0.60 1.26 89.0 198
Germany (C2) 7.0 3.0 -75 Overhead 0.66 0.62 1.29 88.7 725
Italy (C2) 7.0 3.0 -15 Overhead 0.67 0.69 1.36 83.4 2090
Sweden (C3) N/A N/A N/A N/A N/A N/A N/A N/A N/A
Germany (C3) N/A N/A N/A N/A N/A N/A N/A N/A N/A
Italy (C3) N/A N/A N/A N/A N/A N/A N/A N/A N/A

Scenario
EF Sweden (C1) 10.0 1.5 0 One-axis 0.72 0.54 1.26 91.4 464
Germany (C1) 10.0 0.5 0 Vertical 0.79 0.43 1.21 94.0 575
Italy (C1) 10.0 3.0 0 Overhead 0.77 0.50 1.26 88.3 1502
Sweden (C2) 7.0 0.5 -180 Vertical 0.69 0.62 1.31 91.1 391
Germany (C2) 7.0 0.5 0 Vertical 0.70 0.59 1.29 91.7 787
Italy (C2) 7.0 3.0 0 Overhead 0.67 0.69 1.36 83.4 2099
Sweden (C3) N/A N/A N/A N/A N/A N/A N/A N/A N/A
Germany (C3)  N/A N/A N/A N/A N/A N/A N/A N/A N/A
ltaly (C3) N/A N/A N/A N/A N/A N/A N/A N/A N/A

Scenario
WEEF Sweden (C1) 10.0 3.5 -75 One-axis 0.69 0.56 1.25 90.4 507
Germany (C1) 10.0 3.5 -75 One-axis 0.70 0.54 1.25 90.6 889
Italy (C1) 10.0 3.5 -75 One-axis 0.73 0.54 1.27 86.4 1810
Sweden (C2) 9.0 3.5 -45 One-axis 0.67 0.61 1.28 89.7 545
Germany (C2) 8.0 3.5 0 One-axis 0.66 0.63 1.29 89.3 1003
Italy (C2) 7.0 3.0 0 Overhead 0.67 0.69 1.36 83.4 2099
Sweden (C3) N/A N/A N/A N/A N/A N/A N/A N/A N/A
Germany (C3)  N/A N/A N/A N/A N/A N/A N/A N/A N/A
Italy (C3) N/A N/A N/A N/A N/A N/A N/A N/A N/A

Scenario
WEFb Sweden (C1) 10.0 3.5 -60 One-axis 0.83 0.56 1.40 92.1 506
Germany (C1) 10.0 3.0 -15 Overhead 0.91 0.5 1.41 93.3 663
Italy (C1) 10.0 3.5 -75 One-axis 0.90 0.54 1.44 88.2 1810
Sweden (C2) 7.0 3.5 -60 One-axis 0.69 0.77 1.46 88.1 682
Germany (C2) 7.0 3.0 -15 Overhead 0.78 0.70 1.48 89.7 923
Italy (C2) 7.0 3.5 -75 One-axis 0.76 0.75 1.51 82.3 2491
Sweden (C3) 5.0 0.5 -180 Vertical 0.71 0.88 1.59 89.6 552
Germany (C3) 5.0 3.0 -105 Overhead 0.71 0.79 1.50 87.0 752
Italy (C3) 5.0 3.0 -75 Overhead 0.70 0.86 1.56 79.4 2422

“Water consumption

In the WEEF-scenario, where economic performance was included in the objective function,
the optimisation favoured designs that balanced financial return with resource efficiency, often
leading to increased row pitches and a shift from overhead to one-axis tracking systems

compared to WEF. This allowed for higher PV output and revenue while still satisfying crop



yield constraints, resulting in significantly higher NPV values, for example, in Sweden (C2),
NPV increased from €198k (WEF) to €545k (WEEF). In contrast, the WEFb-scenario revealed
how improved crop responsiveness to partial shading shifted the optimisation towards food-
prioritised layouts. The LERcrop increased across all sites, and new optimal configurations
emerged, leading to overall LER values exceeding 1.5 in some cases. These results highlights
the sensitivity of optimal APV designs to both economic assumptions and crop model
parameters. In the EF-scenario, where water was excluded, APV configurations changed
significantly. In this case, maximising crop yield became a more influential factor, leading to
vertical APV systems beginning to become an optimal solution. As water consumption
decreases with a lower row pitch, similar to how electricity production increases with a lower
row pitch due to higher installed capacity per hectare, removing water consumption from the
objective function allowed crop yield to have a stronger influence on the system design. This
shift made crop yield a more prominent consideration in the design process for some solutions,
compared to the previous scenario. Interestingly, the optimal PV orientation was not the east-
west (—90°) for the vertical APV system but instead faced north-south (0°). This orientation
reduces the incidence angle between the PV modules and the sun throughout the day, increasing
ground irradiance and enabling a further reduction in row pitch, ultimately leading to an
increased LER. To substantiate the relationship between module orientation and ground-level
PAR availability, simulations were conducted using full datasets from 2018—2023. Figure 6
shows the average angle of incidence (AOI) between incoming sunlight and PV modules during
each crop season, alongside the corresponding seasonal average PAR reduction for various
system configurations. In Figure 6, the analysis is based on averages taken over the crop
growing season for each year, reflecting the periods most relevant for APV performance. A
consistent trend is observed were configurations with lower AOI exhibit higher PAR reduction,
as more sunlight is intercepted by the PV modules and less reaches the ground. Conversely,
higher average AOI leads to lower PAR reduction, allowing more irradiance to reach the area
beneath the array. This inverse relationship between AOI and ground-level PAR is evident
across all system types and locations, supporting the conclusion that the AOI plays a key role
in determining under-panel light conditions. These results have been further validated by
comparison with simulations from bifacial_radiance [58], as shown in the Appendix, which

confirms the accuracy of our estimates and the robustness of the observed trends.
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Figure 6. Seasonal average AOI (solid lines) and corresponding seasonal average ground-level PAR
reduction (dashed lines) as a function of PV module orientation for three system configurations:
vertical (0.5 m module height), one-axis tracking (2 m axis height), and overhead (3 m mounting

height), all with a row pitch of 10 m. Data represent averages taken over the crop growing season for

each year from 2018 to 2023, reflecting periods most relevant for APV system performance.

To better understand the influence of each parameter on the respective KPIs, the correlation
analysis from the GA optimisation provides insights into whether a parameter is positively or
negatively correlated using the Pearson Correlation Coefficient. Figure 7 presents the most
significant correlations for the GA optimisation in Sweden under the C1 constraints, while a



comprehensive correlation analysis for all locations and constraints is available in the

Appendix.
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Figure 7. WEF-scenario key parameter correlations for Sweden when optimising under the C1
constraints.

The results clearly indicate a strong trade-off between crop yield and yearly electricity
production, with a near-perfect negative correlation of —0.99. Additionally, LERcrop €Xxhibits a
strong negative correlation of —0.96 with LER, whereas LERpv shows a high positive
correlation of 0.99 with LER. This suggests that optimising LER without constraints would
primarily favour LERpyv, as it has a greater overall impact than LERcrop. Furthermore, water
consumption is strongly influenced by row pitch, showing a correlation of 0.85. Additionally,

LERpv exhibits a strong negative correlation with water consumption (—0.99), while LERcrop IS



highly positively correlated with it (0.99). This highlights the balance between increasing
electricity production and managing water use in system design. In the Appendix, the
correlation between each parameter, including row pitch, height, PV orientation, and system
type for the WEF-scenario and location are presented. In C1 for Sweden the row pitch has a
negative correlation of —0.85 with LER, a finding consistent with the optimisation results of
Campana et al. [20] for vertical APV systems. This highlights that maximising LER would lead
to minimising row pitch, but at the cost of a drastic reduction in crop yield, underscoring the
need for policy constraints that regulate land use and crop yield. Interestingly, the correlation
of PV orientation, height, and system type with LER, LERpv, and LERcop varied significantly
across locations and scenarios, even though they were not the most influential parameters. The
correlation between PV orientation and LER ranged from —0.20 to 0.17, depending on the
optimisation convergence. In some cases, PV orientation had a greater impact, while in others,
system type or height played a more dominant role. Conventionally, vertical systems are
designed with east- or west-facing PV modules, one-axis trackers follow an east-west tracking
strategy, and overhead systems are typically south-facing, yet these configurations may not
always be optimal based on site-specific conditions and the given objectives.

3.2 Sensitivity analysis for agrivoltaic systems

To further investigate the optimal parameters in commonly used APV system configurations,
it is essential to understand how each parameter influences each KPI, and the trade-offs
considered by the GA algorithm. Figure 8 below presents a sensitivity analysis using a vertical
system east-west oriented, with a 10 m row pitch and a height of 0.5 m as the baseline. This
analysis examined the impact of row pitch, PV orientation, and height on LER, LERpv, LERcrop,
PAR reduction, and water consumption. Additionally, the optimal points for C1 and C2 are
included to illustrate where the optimal solutions are located. The standard deviation for each
year is also displayed to highlight year-to-year variability, which depends on the weather year
and crop type within the crop rotation. Consistent with the findings from the GA correlation
analysis, row pitch has the most significant influence on all KPIs. It is also evident that PAR
reduction is greatest at higher latitudes, which in turn affects crop yield. Furthermore, smaller
row pitches lead to greater year-to-year deviations, which is visualised in Figure 8 as a wider
shaded area around the mean indicating increased overall uncertainty. A similar pattern is
observed around 0° PV orientation, where there is a slight increase in LERcrop, a trend that was
leveraged in the GA optimisation to satisfy the C2 constraints in Italy. Water consumption also
plays a more significant role in Italy compared to Sweden, as the drier climate and higher ET



rates make water availability a more critical constraint. This results in greater sensitivity to row
pitch and PV orientation in Italy, as shading strategies must balance both crop yield and water
use efficiency. In contrast, in Sweden, where precipitation levels are higher and water scarcity
is less of a concern, the optimisation focuses more on trade-offs between PV production and
crop yield, with water consumption playing a less decisive role. In some cases, the optimal
points fall below the KPI values in the sensitivity analysis, as those sensitivity values would
not satisfy the crop yield constraints, as seen in the LER vs row pitch results for Germany.
Conversely, in cases like LER vs PV orientation in Germany, crop yield was deliberately
reduced to increase PV yield using a different system type, ultimately improving LER. A

sensitivity analysis for one-axis and overhead systems is provided in the Appendix.
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Figure 8. Sensitivity analysis of row pitch, PV orientation, and height on system KPIs. Results are
based on a vertical east-facing system (10 m pitch, 0.5 m height). Results correspond to the WEF
scenario. Stars indicate optimal solutions identified by the GA under the C1 constraint, while circles
represent optimal solutions found under the C2 constraint.

To explore how row pitch affects land-use efficiency in different settings, we compared LER,
LERcrop, LERpy across vertical, one-axis, and overhead systems in Sweden, Germany, and Italy
(see Appendix). Overall, LER decreases with increased row pitch in all locations, confirming
that closer spacing improves total land-use efficiency. LERcrop, however, increases with row
pitch due to better light availability for crops, particularly in vertical systems and in Italy, where
high irradiation enhances crop performance. In contrast, LERpv decreases with wider spacing,
as expected, due to reduced panel density. These trends and geographical differences are
detailed further in the Appendix.



The year-to-year variation in LER was particularly pronounced at smaller row pitches, where
increased shading made the APV system more dependent on weather conditions with high
irradiance to maintain optimal crop yields. However, this variability is not solely attributable
to row pitch. The choice of crop for a specific weather year also plays a significant role. In this
study, we applied a consistent crop rotation scheme across all weather years. Nevertheless, an
optimisation algorithm might yield entirely different results if the crop-year allocation were
allowed to vary. In Figure 9, interannual differences in performance are evaluated using a one-
axis east-west tracking APV system with a 2 m axis height and spring wheat as the reference
crop, for the years 2018 and 2023. These years were chosen as they represent the highest
variation in performance, with 2018 and 2023 showing the lowest and highest precipitation
levels for Sweden and Germany, respectively, while maintaining relatively balanced conditions
for Italy. This selection allows for a clear comparison of performance differences under varying

climatic conditions.
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Figure 9. Simulated LERcrop of a one-axis east—west tracking APV system (2m axis height) with
spring wheat in 2018 and 2023 for three locations: Italy, Germany, and Sweden.

Notably, in Italy, the LERcrop for spring wheat remained relatively stable between these two
years. In contrast, Sweden and Germany exhibited substantial differences. Interestingly, these



variations were not limited to small row pitches, significant deviations were also observed at
larger row pitches, highlighting that weather conditions, rather than row pitch alone, are the

dominant factor driving year-to-year variability in LERcrop.

4 Discussion

4.1  Limitations

In this study, we introduce an optimisation framework that enables the weighting of different
objectives, such as crop yield retention, electricity production, and water conservation, to
explore optimal APV configurations under varying policy scenarios and site-specific
conditions. However, it is important to note that we did not attempt to identify an “optimal” set
of weights, nor do we claim to establish a universally valid trade-off hierarchy. The selection
of weights remains a user-defined input, reflecting the priorities of stakeholders or regulatory
schemes, and falls outside the scope of this study. While this approach offers flexibility, it also
introduces subjectivity. In contrast, recent studies have implemented structured weighting
schemes, such as the ordinal priority approach (OPA) combined with technique of order
preference similarity to the ideal solution (TOPSIS), to derive weights based on expert
elicitation and stakeholder ranking [38]. Such methods can formalise and balance input from
diverse groups (e.g., agricultural researchers, energy specialists, farmers, and developers) by
translating qualitative preferences into quantitative weights. Future research could build on our
framework by integrating participatory or data-driven approaches for weight determination.
Techniques such as OPA, analytic hierarchy process (AHP), or machine learning-based
preference inference could be explored to better capture stakeholder priorities in real-world
decision-making contexts. This would enhance the practical relevance and legitimacy of multi-

objective optimisation results in APV planning.

One important limitation in our current analysis is the lack of consideration for increased

CAPEX associated with changes in system height. In

Table 5, no height-dependent costs are included, even though taller APV structures typically
require more robust foundations and support structures, which would raise installation costs.
Since CAPEX is calculated per kWp, systems with the same installed capacity but different
heights could have significantly different total costs, something not currently captured in the
model. Additionally, while operation and maintenance costs are set at 1% of CAPEX annually,
this may underestimate the true cost for one-axis tracking systems, which involve additional

mechanical components and complexity. Lastly, we rely on a fixed set of economic input



parameters (e.g., CAPEX, electricity price, crop profit), but these values can vary widely across

regions, policy environments, and over time. This is also shown by Zidane et al. [50].

Another key limitation lies in the crop modelling. The EPIC model simulates crop yield as a
function of intercepted PAR, which is itself governed by LAI and its development over time.
In our simulations, LAI parameters are fixed per crop and do not dynamically respond to
changes in light availability. However, experimental studies have shown that many crops can
physiologically adapt to partial shading, for instance by increasing leaf area or altering canopy
structure, thereby improving light interception and mitigating yield losses [28,59]. Since EPIC
does not account for such phenotypic plasticity, our simulated yields under shading can be
interpreted as worst-case estimates, and the actual LER achieved in practice may be higher than
those predicted. In the results presented, particularly with the Italian constraints (C3), it may
be necessary to use crop models calibrated for shading conditions or with a high mechanistic
level capable of simulating adaptation mechanisms under shading. This was evident, as
increasing the maximum LAI and RUE allowed the system to meet both Italian regulations and
best practices simultaneously. Additionally, further improvements to the crop model could
involve the development of LAI datasets that would help better estimate crop yield based on
measured data. Moreover, albedo was assumed to be 0.2 in the simulations, but considering
that albedo can vary between different crops [60], assuming a higher albedo could potentially
increase PV production. This, in turn, could make the Italian scenario S3 more likely to be

feasible without increasing maximum LAI and RUE.

Another limitation of this study lies in the assumption of a fixed tilt angle of 35° for all overhead
APV systems and for the conventional ground-mounted PV reference system. While 35° is a
commonly used tilt angle in European PV design and provides a reasonable approximation
across different latitudes, it may not represent the optimal configuration for each specific
location. Optimal tilt varies with latitude and seasonal solar trajectories, and site-specific
optimisation could yield marginal gains. Nonetheless, prior studies have shown that tilt angles
in the range of 30—40° generally perform close to optimal across a broad range of latitudes
throughout Europe [61,62].

Lastly, one important limitation concerns the formulation of the crop component (LERcrop), as
expressed in Equation (1). In our study, we apply a reduction factor () representing the
fraction of land considered harvestable under APV conditions, and multiply this with the

simulated crop yield under the APV system. This accounts for zones near PV rows that are



assumed to be obstructed or otherwise not suitable for cultivation. However, this approach
introduces two related sources of uncertainty. First, the spatial averaging of irradiance used in
our crop simulations includes the full row spacing, both harvestable and non-harvestable areas.
This means that the simulated yield reflects the average light availability across the entire APV
row pitch, even though some edge zones are not actually cultivated. A more precise approach
might involve excluding these non-harvestable-zones from the irradiance averaging when
estimating crop growth, so that the simulated yield better represents conditions only in the
actively cultivated areas. This adjustment would likely affect the estimated yield under APV
conditions and, consequently, the resulting LERcrop values. Second, the way the reduction
factor is applied may introduce a systemic bias in favour of APV systems. The common
formulation is that the reduction is applied to the APV yield, not the open-field reference. As
a result, when the APV yield is lower than the open-field yield, the land loss appears smaller
in relative terms, leading to optimistically high LERcrop values. Conversely, if the APV system
results in a higher yield than the open-field reference (e.g., due to improved microclimate), the
current approach overestimate the reduced yield based on the area that is not cultivated. This
asymmetry could distort comparative assessments of land-use efficiency across different
system designs or environmental conditions. To address this, future studies might consider an
alternative formulation that subtracts the yield potential of the non-harvestable fraction based

on the open-field reference:

Yo apv — [(1 - X)Yc,ref]

LERcrop = Yores
cre

(10)

This expression better reflects the opportunity cost of excluded land by referencing it to the
baseline open-field productivity, offering a more conservative and balanced estimation of
LERCrOp.

4.2  Policy constraints in APV systems

Our findings reveal that the viability of APV systems is highly sensitive to the structure of
national and regional policy frameworks. C3, which combines national policy regulation with
recommended best practices, did not produce any feasible solutions across the tested locations.
This outcome illustrates how strict and overlapping constraints can limit the range of viable
system configurations. In C3, requirements included a minimum PV output of 60%, a
maximum land occupation of 30%, a crop yield reduction of 30%, and a height restriction on
the structure. While each of these individually aims to support a balance between food, energy,

and landscape protection, their combined application resulted in a design space so narrow that



no solution met all criteria. In this study, we modelled crop yield reductions as directly
influencing the PLV, assuming a one-to-one relationship where a 1% yield loss corresponds to
a 1% reduction in PLV. Although this does not reflect an explicit policy constraint, it allowed
us to estimate how reduced productivity might affect the perceived value of the land under
incentive schemes such as the Italian national recovery and resilience plan (PNRR) [44].
However, this modelling assumption is a simplification and reflects a limitation in the
simulation framework. In reality, PLV is influenced by more than yield. For example, certain
high-value crops such as wine grapes may retain or even increase their market value when
produced under APV, due to sustainability branding or added marketing potential [63]. This
highlights the importance of interpreting policy thresholds like yield loss or land value in a
flexible and context-aware manner. If we had removed the crop yield constraint from C3 while
keeping the other constraints, would actually have been less strict than the Swedish (C1) and
German (C2) constraints. In such case, our optimisation suggests that the system would
converge toward configurations with very narrow row spacing. This would maximise energy
yield but result in significant reductions in crop productivity. While technically optimal from
an energy standpoint, such outcomes are clearly undesirable in terms of agricultural

performance and long-term food security.

It is also worth reflecting on the interaction between the crop yield constraint and the land
occupation threshold. Both are intended to safeguard agricultural function, but applying them
simultaneously may not always be necessary. In fact, one potential improvement to the design
of S3 could involve removing the explicit yield constraint while instead applying a stricter limit
on maximum land occupation. This would simplify the regulatory framework while still
indirectly protecting crop productivity. We also observed that small changes to input
parameters related to crop behaviour under shading were enough to shift the scenario from
completely infeasible to feasible. This reveals a critical challenge. Policies that rely on narrow
thresholds leave little room for uncertainty and place heavy demands on simulation accuracy
and data quality. For developers and practitioners, this increases the complexity and risk of

project planning, particularly when site-specific responses are difficult to predict.

Altogether, these findings suggest a need for greater transparency and adaptability in the way
policy constraints are defined and applied. Thresholds should be based on robust evidence and
allow for site-specific flexibility, considering crop type, regional solar potential, and market
context. Rather than enforcing rigid criteria across all regions, regulatory frameworks could

benefit from guidance that helps developers interpret requirements in ways that remain faithful



to policy goals while enabling practical implementation. The role of policy intermediaries and
brokers becomes central in this process, helping to translate complex regulations into workable

design strategies that reflect the realities of both farming and energy conversion [64].

4.3  Interannual variability and system robustness

Interestingly, despite using multi-year weather data and a six-year crop rotation, our results
showed relatively limited interannual variation in KPIs across the evaluated sites. This stability
appears to result from a combination of factors, potentially including the selection of crops that
are generally considered more resilient to shading [34,35,65], although shade tolerance was not
explicitly modelled in this study, site-specific climatic conditions, system configurations that
moderate the effects of annual variability in solar irradiance, and the use of fixed crop model
parameters that do not account for interannual phenotypic plasticity or year-specific crop
responses. For instance, as shown in Figure 9, LERcrop values for spring wheat varied more
noticeable between 2018 and 2023 in Sweden and Germany, which experienced higher
interannual variation in precipitation, while the Italian site remained comparatively stable.
These findings suggest that crop type, local climate, and panel layout jointly influence the year-
to-year robustness of system performance. However, our sensitivity analysis shows that design
parameters such as row pitch and PV orientation can amplify or dampen this variability.
Narrower row spacing tends to increase shading, which in turn raises the standard deviation of
KPIs like LERcrop and LER. Similarly, certain orientations introduce more variable irradiance
patterns under the panels, making system performance more sensitive to yearly fluctuations.
These results highlight that while the crops used in this study performed robustly under the
tested conditions, this outcome may not generalise to crop types that are more sensitive to
shading or to scenarios with more extreme climate stressors. Future research that includes a
broader range of crop sensitivities and weather scenarios could reveal stronger interannual
trade-offs and offer additional insight into the resilience and adaptability of APV designs under

real-world conditions.
4.4  Trade-offs: economics and WEF prioritisation

Another major insight from our optimisation results is the inherent trade-off between food and
energy conversion, consistent with broader sustainability system integration principles [66].
The GA correlation analysis showed a nearly perfect inverse relationship between crop yield
and PV output (Pearson r = —0.99), confirming that increased panel density or lower row spac-

ing, favourable for electricity production, generally reduces PAR available to crops. These



trade-offs varied across locations: warmer and sunnier locations like Piacenza in Italy allowed

higher total LER, benefiting from favourable conditions for both crop growth and PV output.

Importantly, our results show that optimal system design is sensitive to the weights chosen. For
instance, removing water from the WEF nexus in the EF scenario led to distinct shifts in system
type and PV orientation. More notably, when economic performance was explicitly included,
as in the WEEF scenario, designs shifted toward configurations that prioritised long-term fi-
nancial viability. This often involved modifying row pitch and system type to increase revenue
from electricity while still satisfying crop yield constraints, demonstrating that the inclusion of
economic objectives fundamentally alters the optimisation landscape. While our analysis used
low-input rotational cropping systems to ensure comparability, these may not reflect econom-
ically optimal farming practices [50,67]. In real-world settings, high-value crops such as toma-
toes [68], could shift the objective from maximising biophysical efficiency (e.g., LER or water

use) toward maximising income.

5 Conclusion

This study presents a multi-objective optimisation framework for evaluating APV systems
across three European locations with varying climate conditions and regulatory constraints.
The optimisation integrates water, energy, and food objectives using a normalised weighted-
sum method, which converts multiple objectives into a single linear performance index. This
allows for systematic exploration of trade-offs and priorities under different stakeholder

perspectives and policy scenarios. The key findings are:

e Row pitch was consistently the most influential parameter in system design. Optimal
spacing typically ranged between 5-10 m across locations and scenarios, strongly
affecting both light availability and land-use efficiency.

e A strong trade-off was confirmed between PV output and crop yield, with a correlation
of —0.99, indicating that optimisation must carefully balance electricity generation with
food production goals. Water consumption was positively correlated with crop yield
(0.99) and negatively correlated with PV output (—0.99), meaning that designs
optimised for energy reduce water use due to increased shading and lower ET, but at
the cost of reduced crop productivity.

e A strong linear relationship was found between the yearly average AOI, defined as the

angle between the PV module surface and incoming sunlight, and the yearly average



PAR reduction on the ground. Lower average AOI values, resulting from orientation
strategies that intercept more direct sunlight, increased PV output but led to larger
reductions in under-panel PAR. This finding illustrates a key design trade-off in APV
systems, where maximising electricity production can reduce the light available to
crops.

Differences between scenarios were shaped more by the type of constraint than by its
strictness. The Swedish constraints (C1) applied a strict land occupation limit but did
not constrain crop yield directly. This led to wider row spacing and resulted in equal or
higher crop yields compared to the German constraints (C2), which had a more lenient
land occupation threshold but imposed an explicit yield loss constraint. This illustrates
how policy design choices influence system outcomes and should be carefully aligned
with overall APV goals.

The combined Italian guidelines and best practices constraints (C3) applied several
strict constraints, including minimum PV output, maximum land occupation, allowable
yield loss, and a system height limit. This led to no feasible solutions across sites.
However, scenario feasibility was highly sensitive to crop model inputs such as RUE
and maximum LAI. Small changes in these key parameters made the scenario feasible,
indicating that rigid regulatory thresholds may over constrain design unless supported
by highly accurate APV integrated modelling platforms, which is often difficult to
achieve in practice.

Simulations showed relatively low interannual variation in performance across years,
crops, and locations. This stability can be attributed to several factors: the inclusion of
shade-tolerant crops such as ley grass in the rotation, the use of a balanced multi-year
crop rotation, and system configurations that moderate the effects of annual solar
variability. However, this observed stability may also reflect the use of fixed and
uncalibrated crop model parameters, which do not account for interannual variation in
crop responses or phenotypic plasticity. Sensitivity analysis further revealed that
system variability increases with decreasing row pitch and with less conventional PV
orientations, suggesting that bot design configuration and crop-specific weather
interactions influence performance robustness. These findings also highlight a broader
challenge: robust calibration of crop parameters is difficult, especially under APV
conditions, as it would ideally require multi-year, multi-environment datasets that

capture both open-field and shaded growth dynamics.
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Appendix

This Appendix provides extended analyses and supplementary results that support the main
findings of this study. It includes sensitivity analyses, correlation assessments, comparative
system evaluations, and a model validation, all conducted to strengthen the robustness and
generalisability of the study outcomes. To complement the sensitivity analysis of the vertical
APV system, additional assessments were performed for one-axis (Figure Al) and overhead
(Figure A2) configurations. The analyses evaluated the influence of row pitch, PV orientation,
and module height on the following KPIs: LER, LERcrop, LERpv, and water consumption. The
results confirm that row pitch consistently exerts the strongest influence on system
performance across all configurations and climates. PV orientation has a moderate effect,
especially in warmer regions, while module height was found to have a comparatively limited
impact. As with the vertical system, narrow row spacing increased the interannual variability
of KPIs, underscoring the trade-off between energy conversion and system resilience to
weather fluctuations. Optimal configurations under C1 and C2 constraints are highlighted in

each figure.
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Figure Al. Sensitivity analysis of row pitch, PV orientation, and height on system KPIs. Results are

based on a one-axis east-facing system (10 m pitch, 2 m height). Results correspond to the WEF

scenario. Stars indicate optimal solutions identified by the GA under the C1 constraint, while circles
represent optimal solutions found under the C2 constraint.
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represent optimal solutions found under the C2 constraint.

To better understand how each design parameter correlates with the system’s performance
outcomes, Pearson Correlation Coefficient were calculated. Figures (Figure A3-Figure A8)
summarise the parameter correlations across all locations (Sweden, Germany, Italy) and policy
constraints (C1 and C2). A consistent and strong inverse relationship between PV output and
crop yield was found in every case, reaffirming the central design trade-off of APV systems.
Row pitch emerged as the most influential parameter, with consistently high correlations to all

KPIs. PV orientation, module height, and system type exhibited more location- and constraint-



specific impacts. For stricter constraints (e.g., C2), system adaptation such as overhead

structures and non-standard orientations were required to maintain yield thresholds.
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Figure A6. Correlation between each parameter for Germany optimising for C2. Results correspond to
the WEF scenario.
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Figure A7. Correlation between each parameter for Italy optimising for C1. Results correspond to the
WEF scenario.
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Figure A8. Correlation between each parameter for Italy optimising for C2. Results correspond to the
WEF scenario.

To compare the performance of different APV configurations, simulations were conducted for
vertical, one-axis, and overhead systems across a range of row pitches in Sweden, Germany,
and Italy (see Figures Figure A9-Figure A11). Notably, vertical systems tend to yield the highest
LERcrop. Conversely, one-axis tracking systems often achieve the highest LERpv due to sun-



tracking capability. This comparison illustrates that system selection should be based on site-

specific priorities, balancing energy conversion with crop protection and regulatory thresholds.
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Figure A9. Comparison of LER, LERcp, and LERpy in Germany for different APV system designs as
a function of row pitch.
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Figure A10. Comparison of LER, LERcrop, and LERpy in Italy for different APV system designs as a
function of row pitch.
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Figure A11. Comparison of LER, LERcrop, and LERpy in Sweden for different APV system designs
as a function of row pitch.

To validate the accuracy of the Agri-OptiCE® model, simulations were compared with outputs
from the established bifacial_radiance [58] tool. Figure A12 presents a six-year comparison for
Sweden (2018-2023) using a vertical bifacial layout with 0.5 m module height and 10 m row
pitch. Seasonal averages of GHI and plane-of-array (POA) irradiance for both the front and
rear side of module surfaces were evaluated. The results show strong agreement between the
two models in both temporal trends and absolute irradiance values, supporting the reliability
of Agri-OptiCE® for integrated APV analysis.
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Figure A12. Validation of Agri-OptiCE® against bifacial_radiance for vertical systems in Sweden

(2018-2023), showing PAR estimates averaged over harvesting periods.
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