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Abstract

Global population growth presents challenges to sustainable food and energy produc-
tion. Transitioning to renewable energy sources, like solar power, requires significant
land allocations, conflicting with the need for arable farmland. Agrivoltaics (AV)
offers a potential solution by integrating crops and solar panels on the same land.
Ensuring consistent and adequate agricultural output alongside energy production
becomes crucial with AV system implementation. Therefore, it is important to eval-
uate the effects of shading from photovoltaic (PV) systems on crop yield and to
optimize the design of AV systems for maximum agricultural productivity and en-
ergy generation. This project aims to develop a model for simulation of the shade
on the ground caused by the photovoltaic structure on the field, focusing on PV
systems with single-axis tracking. The model enables the evaluation of the distri-
bution of photosynthetically active radiation (PAR) at crop level, essential for crop
growth. Given the lack of PAR measurements for many potential agriPV sites, we
employ simple regression models to estimate PAR from readily available solar radia-
tion data. The total solar radiation is divided into its diffuse and direct components,
with a shading factor methodology used to determine the amount of each type of
radiation reaching the ground in the AV system. These shading factors represent the
proportion of reduction in each radiation component. This process involves using a
three-dimensional model to simulate, at each time step, the precise shape and area of
the shadows cast on the ground by the PV system. The model accurately simulates
shading between rows of PV panels in AV systems, allowing computation of received
light considering shading effects. By dividing the area into a grid and calculating
shading factors for each cell separately, we assess shade and light distribution on
the ground. Extending the model designed for single-axis tracker AV systems, our
methodology can assess shading effects in systems with fixed tilt or two-axis trackers,
underscoring its adaptability across different AV system types. Preliminary results
from the model indicate that the amount of light and shading received at crop level



in AV systems, depend on both system design and geographic location. Additionally,
the analysis of shading distribution between rows of solar panels reveals how crops
experience varying degrees of radiation reduction in different areas between the pan-
els. Furthermore, for more accurate estimation of available PAR, employing models
adjusted to local weather conditions is preferable.



Popular science summary

Combining agricultural practices with solar power production presents a promising
solution to our increasing energy demands while also ensuring food security. This
innovative strategy, known as agrivoltaics (AV), responds to the growing global pop-
ulation’s demand for more sustainable food and energy production practices. In our
project, we aimed to develop a simulation model to simulate shading caused by solar
panels on the ground to help us understand how shading impacts crop growth in AV
settings. By accurately determining how much light, at different times, reaches the
ground in AV systems, we can optimize AV system design for maximum energy and
agricultural productivity. Our focus was on systems where solar panels track the
sun’s movements along a single axis of rotation. However, the model is adaptable to
various AV setups, including those with fixed-angle solar panels or panels that rotate
around two axes. Additionally, we estimated the photosynthetically active radiation
(PAR), crucial for crop growth, from solar radiation data and used it to calculate
the crop-relevant light received on the ground in an AV system. Our initial find-
ings suggest that the amount of light and shading experienced by crops depends on
system design and location. Moreover, analyzing shading distribution between solar
panel rows reveals variations in radiation reduction across crop areas. For more pre-
cise estimation PAR, employing models tailored to local weather conditions proved
advantageous. This project contributes to optimizing AV systems for enhanced agri-
cultural productivity and energy generation while addressing global sustainability
challenges.
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Chapter 1

Introduction

1.1 Background

As the global population rises, many countries are facing significant hurdles in pro-
ducing sustainable food and energy. Transitioning from fossil fuels to renewable
energy sources, like solar farms, demands vast land areas, sometimes at odds with
the need for cultivable terrain [1]. Especially since flatlands that are ideal for agri-
culture, are equally favorable for building solar farms [25]. A potential solution is
agrivoltaics (AV), a practice introduced in 1982 [16] , where crops and solar pan-
els coexist on the same plot of land. Given the competing land demands of food
and energy production, it is vitally important to ensure consistent and sufficient
agricultural output when employing AV systems [48].

Many field studies have been carried out to assess the impact of shading from pho-
tovoltaic (PV) system on the yield of different crops [29, 43, 47, 48]. While these
studies highlight varying effects on different crops due to the shading and reduced
radiation caused by the presence of PV systems, accurately modeling the shading
effects of rows of PV panels at crop level remains crucial. It is possible to minimize
the reduction in crop yield by using shade-tolerant crops [10]. Understanding the
shading and change in the amount of radiation on the crops in AV systems can be
used to adapt the design of the PV system to the need of specific crops [2].
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1.2 Aim

The aim of this project is to develop a model for simulation of the shade on the
ground caused by the presence of photovoltaic structure on the field. This result can
then be used to evaluate the distribution of the crop relevant light, also known as
photosynthetically active radiation (PAR), on the ground. Since PAR measurements
are not available for all potential agrivoltaic sites, simple models are to be employed
for estimation of PAR from solar radiation data that is easily accessible for most
locations on earth.
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Chapter 2

Theoretical Framework

2.1 Overview

This chapter starts by introducing key concepts related to solar energy and radiation,
essential for understanding this work, in Section 2.2. Next in Section 2.3, we present
an overview of the most commonly used methods and techniques for modeling shade,
particularly in the context of agrivoltaics. Finally, Section 2.4 explores different
strategies for estimating and modeling photosynthetically active radiation (PAR),
which is essential for crop growth.

2.2 Solar radiation

Our aim in this section is not to dive into the details of solar energy but to introduce
some basic concepts and relations that are essential for understanding light and shade
modeling within the context of agrivoltaics.

Energy is emitted from the sun and disperses throughout space as electromagnetic
radiation in various directions [5]. Electromagnetic radiation is commonly catego-
rized into distinct wavelength groups. The solar radiation that reaches the top of
Earth’s atmosphere covers wavelengths from approximately 0.2 µm to 4.0 µm in-
cluding the photosynthetically active radiation (PAR) [5]. This range of wavelengths
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are crucial to Earth and its atmosphere and are of critical importance in supporting
life on Earth.

Irradiance is a measure of the radiant flux received per unit area of surface. It
quantifies the rate at which electromagnetic energy is incident on a surface, typically
expressed in watts per square meter W/m2. This concept is distinct from radiant
flux, which denotes the total amount of radiant energy emitted, absorbed by a surface
per unit time, expressed in joules per second, or watts (J/s = W ), and from radiant
energy, which includes the complete electromagnetic energy radiated in all directions
measured in joules (J) [24].

To model solar radiation, several key concepts need to be introduced. In Section 2.2.1,
we discuss the solar angles that determine the sun’s position. Next, Section 2.2.2 in-
troduces the concept of extraterrestrial solar radiation. Lastly, Section 2.2.3 presents
various measures of solar radiation at the Earth’s surface.

2.2.1 Solar angles

Due to the vast distance between the Earth and the sun, the sun appears as a sphere
with a small apparent diameter. For this reason, the sun’s rays are essentially parallel
at the top of the atmosphere [46]. The location of the sun can be defined by two
angles: the solar zenith angle and solar azimuth angle. The solar zenith angle is the
angle between the sun’s rays and the local vertical, while the solar azimuth angle,
increasing clockwise, is the angle between the sun’s rays projected on the horizontal
plane and the vector pointing to north [46].The solar azimuth angle varies from 0
to 2π. The solar zenith angle, which ranges from zero to π/2, is zero when the sun
is directly overhead and increases as the sun descends towards the horizon, reaching
its maximum value of π/2 at both sunrise and sunset [46]. The solar elevation
angle is defined as the angle between sun’s rays and the horizontal plane and is the
complement to the solar zenith angle [46]. It consequently ranges from 0 to π/2,
reaching its minimum when the sun is on the horizon during sunrise and sunset and
its maximum value when the sun is at its peak in the sky [46]. Figure 2.1 illustrates
the solar angles. The solar rays’ direction at the top of the atmosphere is almost
identical to that seen by an observer on Earth, with atmospheric refraction causing
only minor variation, as a result, solar angles are virtually the same at any altitude,
whether observed from the ground or the top of the atmosphere [46].
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Figure 2.1: Positon of the sun is defined by solar azimuth angle γ measured clockwise
from north and the solar zenith angle θ which is the complementary of the solar
elevation angle α

2.2.2 Extraterrestrial solar radiation

The amount of the solar radiation received on a surface normal to the sun’s rays, in
watts per unit area, at the top of the atmosphere is known as the extraterrestrial
radiation [41]. The variation in its value throughout the year is primarily due to
Earth’s changing position relative to the sun [5, 46]. The model proposed by Spencer
for calculating the extraterrestrial radiation is given by [41, 44]:

I0 = ISC ·
[
1.00011 + 0.034221 cos(x) + 0.00128 sin(x)

−0.000719 cos(2x) + 0.000077 sin(2x)
] (2.1)
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where ISC = 1366.1Wm−2 and for any day of the year x = 360◦

365
(DOY − 1). Figure

2.2 displays the variation in extraterrestrial radiation throughout the year. The
extraterrestrial irradiance on a horizontal surface is given by [30]:

H0 = I0 · cos θ (2.2)

where θ is the sun zenith angle.

Figure 2.2: Variation in extraterrestrial radiation throughout different times of year

2.2.3 Solar radiation on Earth’s surface

Understanding the nature of solar radiation as it reaches the surface of the Earth is
important in this work. This section is divided into two parts. First, we introduce
the components of solar radiation that reach a horizontal surface on Earth in Sec-
tion 2.2.3.1. This includes Global Horizontal Irradiance (GHI) and its components:
direct or beam horizontal irradiance (BHI) and diffuse horizontal irradiance (DHI).
Following this, in Section 2.2.3.2, we present the specific spectrum of solar radiation
that is vital for plant growth: the photosynthetically active radiation (PAR).
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2.2.3.1 Global, direct and diffuse irradiance

Extraterrestrial radiation is reduced as it travels through Earth’s atmosphere and
as a result, the radiation level measured at the top of the atmosphere serves as
a maximum limit that is typically not achieved by radiation reaching a horizontal
surface on the ground, except in rare instances involving multiple cloud reflections [5,
46]. Global horizontal irradiance (GHI) is the total amount of irradiance measured
on a horizontal surface on the surface of the earth. The two components of GHI are
the direct or beam horizontal irradiance (BHI) and the diffuse horizontal irradiance
(DHI). The relationship between these components is mathematically represented as
[5]:

GHI = BHI +DHI (2.3)

As a result, we are looking at two different sources of irradiance. The direct irradi-
ance from the sun’s position in the sky and the diffuse irradiance originating from
the entire sky hemisphere around the receiver surface and hence without a defined
direction [32, 39]. Solar irradiance is expressed in watts per square meter W/m2.

2.2.3.2 Photosynthetically active radiation

Photosynthetically active radiation (PAR), refers to the specific spectrum of radiation
ranging between 400 to 700 nm which is utilized by plants during the process of
photosynthesis [46]. Photosynthetically active radiation can be quantified in energy
units as W/m2 or in photon units as µmol/m2/s [14]. Photosynthetic photon flux
density (PPFD) can therefore be defined as the photon flux density in the 400-700
nm spectrum [14]. The conversion between the two units, within the 400 to 700 nm
spectrum, can be achieved by multiplying W/m2 by 4.57 and converting µmol/m2/s
to W/m2 involves dividing the photon unit by 4.57 [45].

PAR can be divided into two distinct components [13]: direct and diffuse, and this
division can be represented mathematically as:

PARtotal = PARb + PARd (2.4)

where PARb represents the direct component of PAR, and PARd denotes the diffuse
component of the total PAR. Specifically, PARb represents the fraction of beam or
direct horizontal irradiance (BHI) falling within the wavelength range of 400 to 700
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nm, and PARd indicates the portion of diffuse horizontal irradiance (DHI) within
the same spectral range.

2.3 Shade Modeling

The understanding of shade and light has very important applications in the con-
text of urban planning, architecture, agriculture and solar power plants. Several
approaches have been developed to model shading on a receiver surface caused by
an obstacle between the surface and the light source. In the context of shade mod-
eling , the receiver surface refers to any surface designed to capture or utilize solar
irradiance. An obstacle in this context is any object that has the potential to cast a
shadow on the receiver surface.

In Section 2.3.1, the concept of shading factor is introduced. In Section 2.3.2, we go
though some methodologies that have been introduced in the literature for calculating
shading factors and their applications in an agrivoltaic context.

2.3.1 Shading factors

A suitable and commonly used measure for the amount of shade caused by an ob-
stacle on a receiver surface is the shading factor. Direct shading factor denotes the
percentage of the receiver surface that is covered by shade [49] and diffuse shading
factor represents the proportion of diffuse irradiance on the receiver surface that is
diminished due to shading [39].

The amount of global irradiance on a shaded horizontal surface, GHIs can be for-
mulated as [38]:

GHIs = BHI · (1− fb) +DHI · (1− fd) (2.5)

where fb is the shading factor for the direct component of the irradiance and fd stands
for the shading factor for diffuse irradiance. With respect to the photosynthetic active
radiation (PAR), this relation can be expressed as:

PARs = PARb · (1− fb) + PARd · (1− fd) (2.6)

where PARb and PARd represent the direct and diffuse component of the total PAR
respectively as discussed in Section 2.2.3.2.
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2.3.2 Shading factor calculation methods & Their applica-
tion in AV systems

In the following, we explore two distinct methodologies from the literature for deter-
mining shading factors, each employing a different projection approach to account
for obstacles. The first method projects the obstacle from the sun’s perspective onto
the receiver surface. The second method takes the perspective of the receiver surface,
projecting the obstacle onto a hemispherical dome representing the sky.

Following the first method of projection from the sun to the receiver, a graphical
approach to evaluating the amount of shade on a surface is to view the objects ob-
structing the light source as polygons defined by their vertices. After projecting the
obstacle along the direction of sunlight on the receiver surface, the area of the shaded
part can be graphically calculated by counting the number of points or pixels in the
shade. The shading factor for direct irradiance is then given by the ratio between
the number of pixels in the shade and the total number of pixels on the receiver
surface [32, 39, 49]. Continuing with the sun-to-receiver projection technique, Cas-
cone et al. [9] proposed a method for calculating the shading factor under complex
boundary conditions. Their method is based on projecting the vertices of the obsta-
cles in the direction of the sunlight onto the receiver plane and defining the shadow
by the projected vertices. The shading factor for the direct irradiance is calculated
by the ratio of the area of the projected polygon and the total area of the receiver
surface.

The calculation of diffuse irradiance on an inclined surface involves integrating the
radiance distribution from the portion of the sky visible to that surface [26, 9].

In line with the second method of projecting from the receiver surface to the sky,
Quaschning et al. [38] introduced a method for evaluating the amount of direct and
diffuse irradiance on a shaded surface. For calculating the direct shading factor, the
vertices of the obstacle are projected onto the sky hemisphere from the direction
of an observer point on the receiver surface. The shading at this observer point is
determined based on whether the sun is positioned within the projected polygon.
For the direct shading factor, a binary evaluation is used: it is assigned a value of
one if the sun is within the projected polygon, indicating shading, and zero if the sun
is outside, indicating no shading. This method focuses on a single point assessment
on the receiver surface. Additionally, they computed the diffuse shading factor by
the ratio between the double integral of radiance over the shaded area of the sky
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hemisphere and the total amount of diffuse irradiance. It is important to note that
these calculations are specifically developed for an individual observer point on the
receiver plane [38].

To investigate the interaction between photovoltaic systems and crops within agri-
voltaic setups, Campana et al. [8] and Zainali et al. [8] both utilized the sun-to-
receiver projection method for their shading calculations. This approach was used in
their efforts to model the distribution of crop relevant light in an agrivoltaic context.
Campana et al. [8] introduced an optimisation model for agrivoltaic systems using
vertically mounted, bifacial photovoltaic modules. They estimated the effective pho-
tosynthetically active radiation (PAR) received by crops by taking into account both
the diffuse and direct components of PAR and the shadows cast by the rows of bifa-
cial PV modules. Zainali et al. [50] constructed mathematical models in Matlab®
to compute the shading factors, for both direct and diffuse components, in three
distinct AV system configurations and assessed the distribution of PAR at ground
level.

Adapting the second method of projection, from the receiver surface to the sky,
Amaducci et al. [3] presented a model that computes both direct and diffuse radiation
at ground level. This model was utilized to run simulations comparing the yield of
maize in agrivoltaic (AV) systems with the yield in open fields in Northern Italy.

2.4 Methods for estimating photosynthetically ac-

tive radiation

Although crucial, a worldwide system for the measurement of photosynthetically
active radiation (PAR) is still lacking, despite its fundamental role in models of
photosynthesis for land-based ecosystems [14, 33]. Additionally, the scarcity of ob-
servation stations that measure the diffuse fraction of PAR underscores the necessity
for models to estimate these values [13]. Our aim is to focus on simple empirical mod-
els that use commonly available measurements such as GHI and DHI to estimate the
total PAR and its diffuse fraction under all sky conditions.

Empirical models, which estimate PAR using meteorological parameters like global
solar radiation or the clearness index, are the most commonly documented method
in literature [33]. However, most models are specifically tailored to the conditions of
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the original study site or to similar climates, necessitating modifications for broader
applicability [33].

The models developed by Foyo-Moreno et al., which were validated at sites with
different climatic characteristics from the original sites of development, present an
exception to this trend [33, 14, 13]. The model, developed for estimating total pho-
tosynthetically active radiation (PPFD), uses the solar zenith angle, extraterrestrial
horizontal irradiance and global horizontal irradiance [14]. The model developed to
estimate the diffuse fraction of the photosynthetic photon flux density uses the solar
zenith angle, extraterrestrial horizontal irradiance and diffuse horizontal irradiance
as input data [13].

Approximately 45% of the direct solar energy at the Earth’s surface falls within the
photosynthetically active wavelength range [24]. However, when considering the sum
of direct and diffuse radiation, the average percentage of energy in the PAR region
increases to about 50%. This increase is attributed to the higher concentration of
this wavelengths in diffuse radiation [24]. It is therefore feasible to approximate the
value of PAR as a fraction of the total global horizontal irradiance.

In their study of the relationship between PPFD and GHI at a site in southeastern
Spain, Foyo-Moreno et al. [14] observed that the ratio between PPFD and GHI
varies, ranging from 1.52 to 2.39 µmol J−1. The site is characterised by significant
seasonal temperature variations, resulting in cool winters and hot summers [14].
They found that, on average, the ratio stands at 1.95± 0.12 (µmol J−1) [14]. Hu et
al. [19] reported the mean values for this ratio ranging from 1.75±0.12 to 2.30±0.15
(µmol J−1) across China. The highest values were recorded in tropical regions, while
the smallest value was noted at the Luancheng site, characterized by low humidity
and a high concentration of fine aerosols [19]. Jacovides et al. [23] documented an
average annual value of 1.995± 0.032 µmol J−1 for the ratio, based on data collected
in Athens, Greece. The ratios ranged from 1.989 ± 0.028 µmol J−1 in summer [23]
to 2.006± 0.032 µmol J−1 in winter.

In their study of the ratio between diffuse photosynthetic photon flux density (PPFDd)
and diffuse horizontal irradiance (DHI), Foyo-Moreno et al. [13] reported variations
in this ratio from 1.86 to 2.48 µmol J−1, with an average of 2.19 ± 0.13 µmol J−1,
based on data from a site in southeastern Spain. Based on data gathered at Athens,
Greece, Jacovides et al. [23] observed that the seasonal ratios ranged from 2.298±0.27
µmol J−1 in winter to 2.538 ± 0.22 µmol J−1 in summer, with an annual mean of
2.434± 0.26 µmol J−1 [23].
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These findings underscores the impact of geographical and seasonal factors on the
PPFD/GHI and PPFDd/DHI ratios. Such variability highlights the necessity for
adaptations of models to accurately capture these dynamic relationships.
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Chapter 3

Method & Data

3.1 Overview

The methodology for modeling the distribution of light and shadow on the ground
caused by a photovoltaic structure with a one-axis tracking system in this project
is divided into two main steps. Initially, the focus is on determining the direct and
diffuse shading factors. This is followed by the second step, which involves estimating
the direct and diffuse photosynthetic photon flux density (PPFD). This estimation
utilizes commonly available radiation data, including global horizontal irradiance
(GHI) and diffuse horizontal irradiance (DHI).

In Section 3.2, the methods and procedures for calculating the direct and diffuse shad-
ing factors are described. Subsequently, in Section 3.3, the approaches for estimating
both the direct and diffuse components of PPFD are explained. In Section 3.4, a met-
ric for assessing the uniformity of light distribution is introduced. Lastly, Section 3.5
presents the data employed in this work.

3.2 Shading factor calculation

Section 3.2.1 outlines the definition and formulas required for computing the direct
and diffuse shading factors, following the approach proposed by Cascone et al. [9].
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Next, Section 3.2.2 provides a detailed explanation of the process used to calculate
these shading factors in agrivoltaic systems with single-axis tracker photovoltaic (PV)
structures.

3.2.1 Direct and diffuse shading factors: definitions & for-
mulas

To compute the total radiation received on a surface potentially affected by shadows,
we apply Equations 2.5 and 2.6. This involves determining the shading factors for
both direct and diffuse radiation. The methodology for calculating the direct shading
factor is detailed in Section 3.2.1.1, while the approach for the diffuse shading factor
is explained in Section 3.2.1.2.

3.2.1.1 Direct shading factor

As mentioned in Section 2.3.1, the shading factor for the direct irradiance is defined
as the ratio between the shaded area of the receiver surface and the total area of
that surface [9]:

fb =
As

Ar

(3.1)

where Ar is the total area of the analyzed receiver surface and As is area of the
shaded portion of that surface. The direct shading factor depends on the position of
the sun and on the configuration of the receiver-obstacle system [9].

3.2.1.2 Diffuse shading factor

The diffuse shading factor for a receiver surface is the function of the portion of the
sky hemisphere around the surface that is visible to it in the presence of an obstacle
[9]. A suitable method for evaluating the diffuse irradiance from the sky on a tilted
surface involves integrating the radiance across the visible sky hemisphere for that
surface [26]. The irradiance, δI from a small segment of the sky on a surface is given
by

δI = Rγα cos(β)δΩ
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where Rγα is the radiance of a segment of the sky at elevation α and azimuth γ
in W/(m2sr) [26]. Here, β is the angle between the segment of the sky and the
surface’s normal, and δΩ is the solid angle in steradians (sr). The solid angle can
mathematically be formulated as δΩ = cos(α)δαδγ [9]. Hence, the diffuse irradiance,
Id, can be calculated by a double integral [9]:

Id =

∫ π
2

α=0

∫ 2π

γ=0

Rγα cos(β) cos(α) dα dγ

For a horizontal surface β = π
2
− α and the above formula can be rewritten as [38]:

Id,h =

∫ π
2

α=0

∫ 2π

γ=0

Rγα sin(α) cos(α) dα dγ

Positioning an observer at every point on the sky hemisphere, the segment of the
receiver surface that is visible to the observer is the same portion of the receiver
surface that can be illuminated by that segment of the sky. The section of the sky
that is not visible to the receiver surface therefore matches the shading factor for
direct radiation [9]. Consequently, the shading factor for diffuse radiation is expressed
as:

fd =

∫ π
2

α=0

∫ 2π

γ=0
fb(α, γ)Rγα cos(β) dΩ∫ π

2

α=0

∫ 2π

γ=0
Rγα cos(β) dΩ

By discretising the sky hemisphere into n×m angular segments, with n segments in
elevation (α) ranging from 0 to π

2
and m segments in azimuth (γ) ranging from 0 to

2π, and assuming an isotropic radiance distribution, where Rαγ is constant for all α
and γ, the double integral can be numerically approximated as [9]:

fd =

∑n
i=1

∑m
j=1 fb,ij(αi, γj) cos(βij) cos(αi)∆α∆γ∑n
i=1

∑m
j=1 cos(βij) cos(αi)∆α∆γ

(3.2)

For a horizontal receiver surface, using the fact that β = π
2
−α and cos(β) = sin(α),

the expression can be simplified:

fd,h =

∑n
i=1

∑m
j=1 fb,ij(αi, γj) sin(αi) cos(αi)∑n
i=1

∑m
j=1 sin(αi) cos(αi)

(3.3)
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3.2.2 Shading factor calculation for single-axis tracker agro-
voltaic systems

In this section, we provide a comprehensive methodology for determining shading
factors within agrovoltaic systems. The primary focus is on a photovoltaic structure
equipped with a single-axis tracker system. The arrangement of solar panel rows
in this setup and their representation in our shading model are described in Sec-
tion 3.2.2.1. Additionally, we outline various coordinate systems and angles essential
for calculating shading factors in the context of agrovoltaics in Section 3.2.2.2. The
algorithm for computing solar position angles is presented in Section 3.2.2.3, while
Section 3.2.2.4 discusses how to derive the optimal rotation angle for a single-axis
tracker system with arbitrary orientation. Furthermore, Section 3.2.2.5 describes the
process for adjusting the position of the photovoltaic modules, and Section 3.2.2.6
presents the technique to determine the shadows’ shapes, which is crucial for calcu-
lating direct shading factors. A visual representation of the entire process of direct
and diffuse shading factor calculations at each time step in an agrovoltaic context is
provided in Figures 3.1 and 3.2.

3.2.2.1 Configuration of AV system

For the purposes of this project, it is essential to understand the configuration of
AV system in our model. As illustrated in Figure 3.3, Photovoltaic (PV) solar
panels are arranged in parallel rows, with each row represented as a rectangular
surface elevated above the ground and defined by the rectangle’s four vertices. The
horizontal positions of these four vertices for each row are defined as follows::

p1 = (x0, y0, h)

p2 = (x0, y0 + l, h)

p3 = (x0 + w, y0 + l, h)

p4 = (x0 + w, y0, h)

Here, w represents the width, l is the length, and h is the height of the row of
solar panels. The coordinates x0, y0 designate the initial position of each row in the
xy-plane.

In horizontal single-axis tracking AV system, the primary subject of this project,
the horizontal axis of rotation is typically north-south oriented and the panels in
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Determine the position of the sun

Calculate the angle of rotation for a single-axis tracker system

Rotate the rows of PV modules to new position

Project vertices of PV panels to find shadow shape and area

Calculate the direct shading factor

Figure 3.1: The process for calculating direct shading factors at each time step in
agrovoltaic systems.

each row rotate around the fixed axis throughout the day, aiming to follow the sun’s
movement from east to west. However, it is noteworthy that in practice, the panels’
rotation angle has a defined maximum limit.

The spacing between neighbouring rows is determined by the distance between their
respective tracker axes and is referred to as the pitch. Shade calculations are con-
ducted for a horizontal area situated at ground level between the panel rows, as
shown in Figure 3.3. This area’s length matches the PV panel rows’ length, while
its width is equivalent to the pitch.

For a more detailed assessment of the distribution of light and shade on the ground,
the area between the rows depicted in Figure 3.3, is divided into 1 m × 1 m cells
and the shading calculations are carried out for each individual cell.
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Calculate solar position angles

Calculate the angle of rotation for a single-axis tracker system

Rotate the rows of PV modules to new position

Partition hemisphere into n×m segments

Compute direct shading factor for each segment of the sky hemisphere

Compute the diffuse shading factor

Figure 3.2: The process for calculating diffuse shading factors at each time step in
agrovoltaic systems.

3.2.2.2 Coordinate systems & angles

It is important to define and clarify the relevant coordinate systems and angles that
are used in this work. In this work we refer to two different coordinate systems.
The primary system is a global Cartesian coordinate system where the x-axis aligns
with the east, the y-axis points to north, and the z-axis stands perpendicular to
the xy-plane. Azimuth angle, ranging from 0◦ to 360◦, is determined in a clockwise
fashion from the north, rotating around the global z-axis. Elevation angle represents
the upwards angle of inclination from the horizontal plane, with values ranging from
0◦ to 90◦.

The second coordinate system, referred to as the tracker Cartesian coordinate system,
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(a) Elevated solar panels are depicted as two
blue rectangles. The Red rectangle represents
the ground-level area used for shade calcula-
tions.

(b) Overhead view of two solar panel rows
with vertices marked with blue points and a
red rectangle indicating the ground-level area
used for shade calculation.

Figure 3.3: Illustrating both side and overhead views of two rows of solar panels, each 20
m long, 5 m wide and elevated 3 m above the ground with a 10 m spacing (pitch) between
the two rows and displaying ground-level area that is used for shade calculations.

is oriented based on the position and orientation of a specific tracker system. The
tracker coordinate system is obtained by rotating the global coordinate system by
tracker’s axis azimuth around the z-axis and axis elevation angle around the x-axis
[4, 28]. Given tracker axis azimuth angle γa and tracker axis elevation angle σa,
the conversion of a vector a⃗ in the global coordinate system to a⃗ ′ in the tracker
coordinate system is accomplished by first rotating by the axis azimuth γa around
the z-axis, followed by a counterclockwise rotation around the x-axis by the axis
elevation σa [4]:

a⃗ ′ = RxRza⃗ (3.4)

with:

Rx =

1 0 0
0 cosσa − sinσa

0 sinσa cosσa

 , Rz =

cos γa − sin γa 0
sin γa cos γa 0
0 0 1

 (3.5)

In the resulting tracker coordinate system, the x-axis (tx) is horizontal and orthogonal
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to the tracker axis, the y-axis (ty) runs parallel to the tracker axis and points in the
direction of the tracker’s axis azimuth, and the z-axis (tz) is determined by the
right-hand rule as the cross product of tx and ty [4].

Although the angles γa and σa are measured clockwise, the conversion of vectors
from global to tracker coordinate system involves counterclockwise rotations. The
counterclockwise rotations is due to the angles γa and σa serving as the basis for
converting coordinates from global to tracker coordinate system. Therefore, their
negatives are utilized in the transformation of vectors from global to tracker coor-
dinates [4]. It noteworthy that when the tracker’s axis azimuth and axis elevation
angles are zero, the tracker coordinate system coincides with the global coordinate
system.

(a) Illustrating the global Cartesian coordinate
system with the x-axis oriented eastward, the y-
axis oriented northward, and the z-axis oriented
upward

(b) Depicting the tracker’s Cartesian coordinate
system, set with tx as the horizontal x-axis, or-
thogonal to the tracker axis, ty as the y-axis par-
allel to the tracker axis and directed towards its
azimuth, and tz as the z-axis, perpendicular to
both according to the right-hand rule.

Figure 3.4: Illustrating the global and tracker’s Cartesian coordinate systems. The primary
system is a global Cartesian coordinate system where the x-axis aligns with the east, the
y-axis points to north, and the z-axis stands perpendicular to the xy-plane. The tracker
coordinate system is obtained by rotating the global coordinate system by tracker’s axis
azimuth around the z-axis and axis elevation angle around the x-axis.
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3.2.2.3 Position of the sun

The solar position angles are calculated using the solar position algorithm (SPA) of
the pvlib module in Python [18] which by default utilizes an implementation of the
National Renewable Energy Laboratory (NREL) SPA algorithm outlined by Reda
et al. [40]. The position of the sun is primarily a function of the location described
by its latitude, longitude and elevation as well as the date and time.

3.2.2.4 Angle of rotation for single-axis trackers

Single-axis trackers allow solar panels to rotate around one axis, namely the y-axis in
the tracker’s coordinate system as illustrated in Figure 3.5. Because of this singular
axis of rotation, the trackers can not always point the panel directly towards the sun.
The direct component of the irradiance collected by the solar panels is maximized
when the angle of incidence, which is the angle between incoming direct sunlight
and the solar panel’s normal, is minimized [4]. It should be noted that the tracker
rotation angle is defined as a counterclockwise angle around the y-axis in the tracker’s
coordinate system (see Figure 3.4b). To achieve this ideal angle ωID, the tracker’s
rotation is adjusted to align with the sun’s projected position on the tracker plane
of rotation [4]. The trackers plane of rotation is perpendicular to the tracker axis
of rotation as shown in Figure 3.6. The projection of the solar coordinates onto the
tracker plane of rotation is achieved by transforming the solar vector from global
coordinates into the tracker coordinate system using Equation 3.4.

Given the solar elevation angle αs and solar azimuth angle γs, the solar vector can be
expressed in the global Cartesian coordinates in terms of the spherical coordinates
with [4]:

s =


xs = sin(γs) cos(αs)
ys = cos(γs) cos(αs)

zs = sin(γs)
(3.6)

The solar vector, when converted into the tracker coordinate system using Equa-
tion (3.4), is represented as:

s′ =


x′
s = xs cos γa − ys sin γa

y′s = xs sin γa cosσa + ys cos γa cosσa − zs sinσa

z′s = xs sin γa sinσa + ys cos γa sinσa − zs cosσa

(3.7)
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Figure 3.5: Illustrating the tracker rotation angle ωIDC in a single-axis tracker sys-
tem. The rotation in right-handed around the y-axis in the tracker coordinate system.
Assuming a north-south orientation of the tracker axis, the angle shown in the illus-
tration represents a positive eastward rotation.

Since the components x′
s and z′s represent the projection of the sun’s position on

the tracking rotation plane (see Figure 3.6), the optimal angle ωID for aligning the
collector surface with this projected position is given, as evident from Figure 3.6, by
[4, 28]:

tanωID =
x′
s

z′s
(3.8)

When the sun is low in the sky, the rotation angle of the tracker may exceed ±90◦.
To account for this, the ideal angle is defined as:

ωID = atan2(x′
s, z

′
s) (3.9)

This formulation provides an extended range of (−180◦,+180◦] in contrast to the

expression arctan x′
s

z′s
which is restricted to a narrower interval of (−90◦,+90◦) [4].

Shading on PV panels diminishes the electrical power output [28]. Back-tracking is
a tracking motion strategy that aims to eliminate mutual shading among PV arrays.
It is achieved by adjusting the ideal rotation angle of the trackers such that the
shadow from a row of panels falls just on the border of the the neighboring row [28].
This strategy ensures that inter-row shading is avoided at the cost of reducing the
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Figure 3.6: The ideal tracker angle ωID: the tracker’s rotation is adjusted to align
with the sun’s projected position on the tracker plane of rotation defined by tx and
tz. The ideal tracker angle ωID is given by tanωID = x′

s

z′s
.

angle of incidence from optimality. Lorenzo et al. [28] presented an overview of the
back-tracking geometry for different tracking systems. Our focus in this work is on
the back-tracking adjustment for trackers with single axis where rows are aligned
without a vertical offset.

Figure 3.7 illustrates the geometry of a single axis tracker system, the ideal tracking
angle ωID, the back-tracking correction angle ωC and the corrected ideal tracker
rotation angle ωIDC . Considering the right triangle ABD:

cosωID =
AB

AD
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and considering right triangle ABC:

cosωC =
AB

AC

Given the fact that AC = wr

2
and AD = p

2
:

cosωC =
cosωID

GCR

Here, GCR represents the ground coverage ratio, defined as the quotient of the width
of the row of solar panels wr to the spacing between two parallel tracker axes p. For
effective backtracking, the sign of the back-tracking correction angle should oppose
that of the ideal tracking angle. Thus, the adjusted tracking angle is given by [28]
[4]:

ωIDC = ωID − sign(ωID) cos
−1

(cosωID

GCR

)
(3.10)

Figure 3.8 displays comparative plots of the daily variations in the angle of rotation
for a horizontal single-axis tracker system in Lund, Sweden. It illustrates scenarios
both with and without backtracking, over a day in September.

3.2.2.5 Rotation of the rows of photovoltaic panels

Rotation around a single axis refers to a right-handed rotation specifically around the
y-axis within the tracker’s coordinate system. When the tracker axis is horizontal and
perfectly north-south oriented, the y-axis of the tracker coordinate system coincides
with the global y-axis. To rotate the vertices of a rectangular PV panel around
the y-axis by an angle ωt, the following steps are taken [31]. Considering the panel
vertices Pi(xi, yi, zi) for i ∈ {1, 2, 3, 4}:

1. Calculate the center of the rectangle:

C =
1

N

N∑
i=1

Pi

where N = 4 is the number of vertices.
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Figure 3.7: A side view of to parallel solar arrays with single axis tracker. Position
E shows the placement of the solar panel rows without back-tracking and position C
depicts their position after back-tracking correction is applied. The spacing between
the two neighboring tracker axes is p and the width of each row of panels is w.

2. Translate the rectangle to the origin: For each vertex (xi, yi, zi) where
i ∈ {1, 2, 3, 4}:

P ′
i =


x′
i = xi − cx

y′i = yi − cy
z′i = zi − cz

3. Rotate the rectangle about the y-axis: For each vertex (x′
i, y

′
i, z

′
i) where

i ∈ {1, 2, 3, 4}: x′′
i

y′′i
z′′i

 = Ry(ωt)

x′
i

y′i
z′i


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(a) Changes in the tracker’s rotation angle cor-
responding to the sun’s position throughout the
day, Without Backtracking

(b) Changes in the tracker’s rotation angle with
the changes in the sun’s position during the day,
With Backtracking

Figure 3.8: This figure shows variations in the rotation angle of a horizontal single-axis
tracker system on September 1st in Lund, Sweden. The comparison highlights the system’s
behavior both with and without backtracking. The tracker axis azimuth is set to zero, the
ground coverage ratio (GCR) is 0.5, and the maximum angle is limited to 55 degrees.

where:

Ry(ωt) =

 cos(ωt) 0 sin(ωt)
0 1 0

− sin(ωt) 0 cos(ωt)


4. Translate back to the original position: For each rotated vertex (x′′

i , y
′′
i , z

′′
i )

where i ∈ {1, 2, 3, 4}:

Protated,i =


xrotated,i = x′′

i + cx
yrotated,i = y′′i + cy
zrotated,i = z′′i + cz

3.2.2.6 Calculation of shadows

In order to calculate the shading factors for direct and diffuse irradiance, we need
the area of the shaded portion of the analyzed surface on the ground beneath the PV
structure. Consequently, we need the shape of the shadows projected onto that sur-
face by the PV structure as obstacles [9]. For this purpose, the obstacles, represented
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as rectangular rows of solar panels, are characterized by their vertices. Each vertex is
projected in the direction of direct sun light onto the plane positioned on the ground
beneath the panels. Thereby defining the shadow based on these projected vertices
on this plane.

Given the solar elevation αs and solar azimuth γs, the solar vector can be expressed in
Cartesian coordinates in the global coordinate system as shown in Equation 3.6. The
transformation of the solar vector from the global coordinate system to the tracker
coordinate system is accomplished using Equation 3.4. Equation 3.7 represents the
transformed solar vector, converted from the global coordinate system to the tracker
coordinate system. This is particularly relevant when the tracker axis azimuth angle
γa and axis elevation angle σa are not zero, resulting in the global coordinate system
not aligning with the tracker coordinate system.

The normal vector to a generic plane with azimuth γp and elevation σp, where the y-
axis is oriented northward and the x-axis is oriented eastward and the z-axis pointing
upward, is given by:

n =


xn = sin(σp) sin(γp)
yn = sin(σp) cos(γp)

zn = cos(σp)
(3.11)

and the equation of the line projecting a point P = (x0, y0, z0) on in the direction of
sunlight is given by:

l =


xl = x0 + xs · t
yl = y0 + ys · t
zl = z0 + zs · t

(3.12)

The intersection of the projective line with the receiver plane is found by plugging
the line equation into the plane equation and solving for t:

t = −xnx0 + yny0 + znz0
xnxs + ynys + znzs

(3.13)

where xs, ys and zs are the components of the solar vector.

For a horizontal receiver plane at ground level, oriented so that both azimuth γp and
elevation σp are zero, and with a normal vector n = (0, 0, 1), Equation 3.13 simplifies
to the following form:

t = −z0
z′s

(3.14)
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Subsequent to obtaining the value of t, its insertion into the line equation yields the
intersection point’s coordinates:

P ′ =


x′
0 = x0 + xs · t
y′0 = y0 + ys · t
z′0 = z0 + zs · t

(3.15)

To calculate the shape and area of the shadow cast by each row of solar panels, the
four vertices of every row are projected onto a horizontal ground surface forming
a shadow polygon. In situations where multiple rows are present, these shadow
polygons may overlap with each other. The overall shadowed area, resulting from all
the rows, is obtained by merging these overlapping shadow polygons [39, 50]. This
concept is mathematically represented as:

As =
n⋃

i=1

As,i

In this expression, As denotes the total shaded area, n signifies the total number of
rows of solar panels, and As,i represents the shadowed area produced by the ith row
of panels. The shaded portion of the reference area, which is the space between the
rows of panels, is identified by the intersection of this combined shadow area with
the reference surface.

3.2.2.7 Calculation of direct shading factor

The shading factor for direct radiation is calculated, using Equation 3.1, by dividing
the area of the shaded portion of the reference surface with total area of the reference
surface.

3.2.2.8 Calculation of diffuse shading factor

The portion of the sky hemisphere visible to the surface between the the two rows
of panels changes at each time step as the panels adjust their position based on the
sun’s movement. The diffuse shading factor is therefore computed at each time step.
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The sky hemisphere is partitioned into n × m sections by incrementing in steps of
size 360

n

◦
in azimuth and 90

m

◦
in elevation. Each segment is specified by its unique

combination of elevation and azimuth angles, which determine the position of the
hypothetical sun in the sky. Vertices of PV panels are projected on the horizontal
ground reference area to find shadow shape and area and compute the direct shading
factor for each distinct combination of elevation and azimuth. Finally, the diffuse
shading factor is computed using the formula presented in Equation (3.3).

3.2.2.9 Incorporation of diffuse shading factor tables

The calculation of the diffuse shading factor requires numerous computations at each
time step. However, this process can be made more efficient by utilizing tables of
pre-calculated diffuse shading factors for a specified configuration. Since the diffuse
shading factors are independent of the sun’s position, it is possible to compute the
shading factors for a specific set of solar panel positions, defined by their range
of rotation angles. Then, for the actual rotation angle that is calculated at each
time step, the shading factor can simply be determined by interpolating between the
values in the table, reducing the computational load.

This approach was implemented to enhance the efficiency of diffuse shading factor
computations. Initially, diffuse shading factors were calculated for a range of tracker
rotation angles, spanning from the negative to the positive maximum rotation angle
with step sizes of one. Then, at each time step, the actual tracker angle was com-
puted, and the diffuse shading factor was determined by interpolating between the
available table values. A preliminary analysis revealed minor disparities between the
interpolated and actual values. However, these discrepancies were found to be neg-
ligible, affirming the ability of the method to improve the computational efficiency.

3.3 Methodology for estimating photosynthetic pho-

ton flux density

To model the light relevant to crops in an agrivoltaic system, it is essential to quan-
tify both the direct and diffuse components of photosynthetic photon flux density
(PPFD). In this section, we present the methods employed in this study to estimate
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total and diffuse PPFD using readily accessible radiation data. The amount of direct
PPFD can then be calculated from these values using Equation (2.4).

To estimate the total and diffuse photosynthetic photon flux density (PPFD) in units
of µmol m−2s−1, we utilize regression models developed by Foyo-Moreno et al. [14,
13], as discussed in Section 2.4. These models rely on the following expression for
estimation [14, 13]:

PPFD = a · Rad
H0

· cos θ (3.16)

With regression coefficient (a) set to a = 2681 ± 2µmolm−2 s−1. The term Rad
represents the global horizontal irradiance (GHI) when estimating the total PPFD,
and it is substituted with diffuse horizontal irradiance (DHI) when estimating the
diffuse PPFD. H0 denotes the extraterrestrial global irradiance on a horizontal sur-
face (Wm−2) as given by Equation (2.2) and θ represents the solar zenith angle.
Additionally, the ratio GHI

H0
is known as the clearness index and is denoted by kt.

Equation (3.16) can be written as:

PPFD = a · Rad
H0

· cos(θ) = a · Rad

I0 · cos(θ)
· cos(θ) = a

I0
· Rad (3.17)

where I0 is the extraterrestrial radiation (Wm−2) received on a plane normal to the
direction of the sun and given by Equation (2.1).

The results of the previous studies on the ratio between PPFD and GHI, as well as
diffuse PPFD and DHI were presented in Section 2.4. The reported results imply
that these ratios can depend on both the geographical location and time of the year
and therefore are not constant throughout the year. However, assuming that each
ratio can be approximately represented by a fixed constant during the entire year,
one can estimate total and diffuse PPFD by multiplying GHI and DHI by fixed
factors.

In the calculation of extraterrestrial radiation using the Spencer model (Equation (2.1)),
we observe seasonal variation in Figure 2.2. The model indicates that the radiation
at the top of the atmosphere peaks at approximately 1414W/m2 and reaches a min-
imum of around 1320.5W/m2 over the course of a year. Consequently, when we con-
sider the ratio of the constant ’a’ in Equation (3.17) (valued at 2681µmol m−2s−1) to
extraterrestrial radiation (measured inW/m2), this ratio fluctuates between 1.9µmol/J
and 2.03µmol/J during different times of year. By selecting a constant value of
2.1µmol/J to represent this ratio, we essentially assign a slightly higher value to it
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which is above the range suggested by the model in Equation (3.17). Consequently,
this decision leads to an increased ratio of total PPFD to GHI and diffuse PPFD to
DHI, compared to the ratios obtained from the models’ calculations.

From another perspective, if we consider that approximately 46% of the total global
horizontal irradiance (GHI) falls within the photosynthetically active wavelengths
and use a conversion factor of 1W/m2 ≈ 4.57µmol/m2/s (for converting energy units
to photon units as discussed in Section 2.2.3.2), we arrive at the conversion factor
of 2.1µmol/J. The same reasoning can be applied for estimating the diffuse PPFD
from diffuse global horizontal irradiance (DHI). However, in the context of the diffuse
PAR, conversion from energy to photon units requires considering changes in diffuse
PAR’s spectral composition due the variation in the sky conditions. Neglecting this
aspect and using the constant conversion factor of 4.57 for converting from energy to
photon units can result in up to a 7% error in the calculated values in photon units
[11].

In this work, our objective is to select a diverse range of locations with varying cli-
mates across Europe to evaluate the performance of the model (Equation (3.17)) for
estimating total and diffuse PPFD. This approach is designed to understand how the
models perform under different climatic conditions and to assess their adaptability
to local environmental factors.

For each selected location, we begin by assessing the performance of the model in
Equation (3.17) for estimating total PPFD using the regression coefficient a sug-
gested by Foyo-Moreno et al. [14] (a = 2681±2µmolm−2 s−1). This step establishes
a baseline performance, referred to as Model 1, without any location-specific train-
ing. Next, the model undergoes training on the dataset specific to each location to
determine a location-specific coefficient a, resulting in Model 2. Model 2, incorporat-
ing the location-specific coefficient, is then evaluated against the testing dataset to
compare its performance with Model 1. Additionally, we introduce Model 3, which
estimates total PPFD using a general method of multiplying GHI by a conversion
factor of 2.1µmol/J. This method represents a broader, less precise estimation tech-
nique. The performance of Model 3 is subsequently evaluated on the testing dataset
to compare its effectiveness against Models 1 and 2.

We apply a similar approach to estimate diffuse PPFD. Initially, we evaluate Model
A using the regression model Equation (3.17) for estimating diffuse PPFD and
the regression coefficient a proposed by Foyo-Moreno et al. [13] (a = 2681 ±
2µmolm−2 s−1). Then, we develop Model B through location-specific training and
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compare its performance against Model A. Lastly, we introduce Model C, a less pre-
cise estimation method involving the multiplication of DHI by a conversion factor of
2.1µmol/J. We assess the effectiveness of Model C and compare its performance to
that of Models A and B on the testing datasets.

3.3.1 Goodness-of-fit measure

The performance of the models was evaluated using:

• Mean Absolute Error (MAE):

MAE =
1

n

n∑
i=1

|yi − ŷi|

• Mean Squared Error (MSE):

MSE =
1

n

n∑
i=1

(yi − ŷi)
2

• Root Mean Squared Error (RMSE):

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2

• Normalized Root Mean Squared Error (NRMSE) as a percentage:

NRMSE (%) =

(
RMSE

ȳ

)
× 100

• R-squared (R2):

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳ)2

In these formulas:
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• n is the number of observations.

• yi represents the measured values.

• ŷi represents the estimated values.

• ȳ represents the average of the measured values.

3.4 Light distribution

As mentioned in Section 3.2.2.1, the area between the rows of panels shown in Fig-
ure 3.3 is discretised into smaller segments for a more detailed analysis of the distri-
bution of light in the AV system. The light homogeneity index (LHI) is a metric for
evaluating and comparing different AV systems based on the distribution of PPFD
within the AV systems [50]. Its value is given by [50]:

LHI = 100 ·

1−


√

1
n−1

∑n
i=1(xi − x̄)2

x̄

 (3.18)

Here, n represents the total number of discretized regions on the ground, xi denotes
the PPFD reaching the ground in each segment, factoring in shading from the AV
system, and x̄ is the average PPFD value across all segments. A light homogeneity
index (LHI) of 100% indicates an even distribution of PPFD across the ground area,
signifying a completely homogeneous light distribution.

3.5 Data

In the course of this work, we use three distinct datasets. The first dataset is used to
assess the performance of models in estimating the total photosynthetic photon flux
density (PPFD) across various locations in Europe. The second dataset is utilized for
evaluating the performance of the models for estimating the diffuse photosynthetic
photon flux density (PPFDd) across different locations in Europe. Details about
these datasets, downloaded from the Integrated Carbon Observation System (ICOS)
Carbon portal, are provided in Section 3.5.1. The third group consists of typical
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meteorological year (TMY) radiation data specifically for the sites of our agrivoltaic
shade and light modeling. The data contains both total global horizontal irradiance
(GHI) and diffuse global horizontal irradiance (DHI) measurements and is presented
in Section 3.5.2.

3.5.1 ICOS data

In order to asses the performance of the models for estimating total photosynthetic
photon flux density (PPFD) as detailed in Section 3.3, 7 different sites in Europe were
chosen. The data contains half hourly measurements of total PPFD and short wave
radiation (GHI). The chosen stations include Svartberget [34] and Hyltemossa [17]
in Sweden, Soroe [22] in Denmark, Selhausen Juelich [42] in Germany, Puechabon
[27] and Lamasquere [7] in France, and Castelporziano2 [12] in Italy.

To evaluate the performance of the models for estimating diffuse photosynthetic
photon flux density (PPFDd) as detailed in Section 3.3, 3 different sites in Europe
were chosen. The datasets containing half hourly measurements of diffuse PPFD and
diffuse horizontal irradiance (DHI) were downloaded from the Integrated Carbon Ob-
servation System (ICOS) Carbon portal. The selected stations include Voulundgaard
[15] in Denmark, Gebesee [6] in Germany and Lamasquere [7] in France.

This collection of locations across Europe aims to provide a thorough and nuanced
assessment of the models’ performance in different parts of Europe. Figure 3.9 shows
the available total and diffuse PPFD data for each station and Table 3.1 contains
general information about each selected ICOS station.

The datasets contain level-2 quality controlled data. Additional quality assurance is
implemented by excluding instances where the recorded diffuse PPFD exceeded the
total PPFD in locations where diffuse PPFD measurements are available. Moreover,
instances where irradiance measurements, GHI, DHI, total PPFD, or diffuse PPFD,
are recorded as negative while the solar elevation angle is greater than zero, are set
to zero values.

For a comprehensive assessment that captures seasonal variability, the training and
testing datasets were carefully selected for each location. In cases where the data
spanned less than two years or significant gaps were present within the available
years, the data was arranged in consecutive four-week segments. Each segment was
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then divided equally, the first two weeks were allocated for model training, and the
latter two for testing. For locations with a close to complete two-year dataset, the
model utilized one year’s data for training and the other year’s data for testing.

36



T
ab

le
3.
1:

T
h
e
ta
b
le

p
ro
v
id
es

ge
n
er
al

in
fo
rm

at
io
n
ab

ou
t
th
e
IC

O
S
st
at
io
n
s
an

d
th
e
d
at
a
ch
os
en

fo
r
m
o
d
el
in
g

b
ot
h
to
ta
l
an

d
d
iff
u
se

P
P
F
D
.
T
h
e
fi
rs
t
p
ar
t
of

th
e
ta
b
le
p
re
se
n
ts

d
et
ai
ls
fo
r
se
ve
n
st
at
io
n
s
se
le
ct
ed

fo
r
m
o
d
el
in
g

to
ta
l
P
P
F
D
,
w
h
il
e
th
e
se
co
n
d
p
ar
t
fo
cu
se
s
on

th
re
e
st
at
io
n
s
ch
os
en

fo
r
m
o
d
el
in
g
d
iff
u
se

P
P
F
D
.

S
ta

ti
o
n

C
o
o
rd

s.
(L

a
t.
,

L
o
n
g
.)

E
le
v
.

(m
)

M
e
a
n

A
n
.

T
e
m
p
.
(◦

C
)

M
e
a
n

A
n
.

P
re

c
ip

.
(m

m
)

M
e
a
n

A
n
.
S
o
la
r

R
a
d
.
(W

/
m

2
)

T
ra

in
in

g
D
a
ta

T
e
st
in

g
D
a
ta

M
a
in

E
c
o
sy

st
e
m

S
v
a
rt
b
e
rg

e
t
(S

E
)

6
4
.2
5
,
1
9
.7
7

2
6
7

1
.8

6
1
4
.0

9
3
.4

2
0
2
1

2
0
2
2

E
v
e
rg

re
e
n

N
e
e
d
le
le
a
f

F
o
re

st
s

H
y
lt
e
m
o
ss
a

(S
E
)

5
6
.0
9
,
1
3
.4
1

1
1
5

7
.4

7
0
7
.0

1
1
0
.0

2
0
2
0

2
0
2
1

E
v
e
rg

re
e
n

N
e
e
d
le
le
a
f

F
o
re

st
s

S
o
ro

e
(D

K
)

5
5
.4
8
,
1
1
.6
4

4
0

9
.0

6
4
0
.0

1
1
4
.0

2
0
2
2

2
0
2
2

D
e
c
id

u
o
u
s
B
ro

a
d
le
a
f

F
o
re

st
s

S
e
lh

a
u
se

n
J
u
e
li
c
h

(D
E
)

5
0
.8
6
,
6
.4
4

1
0
3

1
0
.0

6
9
8
.0

-
2
0
2
0

2
0
2
2

C
ro

p
la
n
d
s

P
u
e
c
h
a
b
o
n

(F
R
)

4
3
.7
4
,
3
.5
9

2
7
1

1
3
.3

9
2
4
.0

1
4
5
.1

2
0
2
2

2
0
2
2

E
v
e
rg

re
e
n

B
ro

a
d
le
a
f

F
o
re

st
s

L
a
m
a
sq

u
e
re

(F
R
)

4
3
.4
9
,
1
.2
3

1
8
1

1
3
.4

6
7
7
.0

1
5
7
.0

2
0
2
1
-2

0
2
2

2
0
2
1
-2

0
2
2

C
ro

p
la
n
d
s

C
a
st
e
lp

o
rz

ia
n
o

(I
T
)

4
1
.7
0
,
1
2
.3
5

1
9

1
6
.4
3

6
0
1
.0

1
7
5
.6
7

2
0
2
1
-2

0
2
2

2
0
2
1
-2

0
2
2

M
ix
e
d

F
o
re

st
s

V
o
u
lu

n
d
g
a
a
rd

(D
K
)

5
6
.0
3
,
9
.1
6

6
7

8
.1

9
6
1
.0

1
0
8
.0

2
0
2
1
-2

0
2
2

2
0
2
2
-2

0
2
3

C
ro

p
la
n
d
s

G
e
b
e
se

e
(D

E
)

5
1
.0
9
,
1
0
.9
1

1
6
1

9
.2

5
3
4
.0

1
1
9
.1

2
0
2
1

2
0
2
2

C
ro

p
la
n
d
s

L
a
m
a
sq

u
e
re

(F
R
)

4
3
.4
9
,
1
.2
3

1
8
1

1
3
.4

6
7
7
.0

1
5
7
.0

2
0
2
1

2
0
2
2

C
ro

p
la
n
d
s

37



(a) Available measured PPFD
data in Svartberget (SE)

(b) Available measured
PPFD data in Hyltemossa
(SE)

(c) Available measured PPFD
data in Soroe (DK)

(d) Available measured
PPFD data in Selhausen
Juelich (DE)

(e) Available measured PPFD
data in Puechabon (FR)

(f) Available measured PPFD
data in Lamasquere (FR)

(g) Available measured PPFD
data in Castelporziano2 (IT)

(h) Available measured
diffuse PPFD data in
Voulundgaard (DK)

(i) Available measured diffuse
PPFD data in Gebesee (DE)

(j) Available measured diffuse
PPFD data in Lamasquere
(FR)

Figure 3.9: Plot of the available measured total and diffuse PPFD data in the ICOS
stations selected for modeling the total and diffuse PPFD
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3.5.2 Radiation data

Solar radiation data used in this work come from Photovoltaic Geographical Infor-
mation System (PVGIS). PVGIS is an online tool designed to provide users with
data on solar radiation and the energy production of photovoltaic (PV) systems for
virtually any location in most regions of the world [35, 20]. PVGIS also provides ac-
cess to hourly time series of meteorological and solar radiation variables for a Typical
Meteorological Year (TMY). A typical meteorological year (TMY) comprises mete-
orological data with values recorded for each hour throughout a year at a specific
geographical location. These data are selected from hourly observations spanning
the available time period [36]. The TMY datasets generated by PVGIS follow the
ISO 15927-4 procedure, as outlined by Huld et al. [21].

In this project, we utilize two distinct TMY datasets from PVGIS, corresponding to
two European locations detailed in Table 3.2. These locations are Lund, situated in
southern Sweden, and Seysses-Saves, located in southwestern France. The datasets
provide hourly measurements of global horizontal irradiance (GHI), diffuse horizontal
irradiance (DHI), and direct horizontal irradiance (DHI) that are used in this project.
Visual representations of this data can be found in Figure 3.10.

Table 3.2: Comparison of solar radiation data for the locations selected for light and
shade modeling: Lund (Sweden) and Seysses-Saves (France)

Location Lund (Sweden) Seysses-Saves (France)
Latitude, Longitude 55.71, 13.14 43.51, 1.04

Elevation 13 234

Mean An. GHI (W/m2) 123.4 156.0

Mean An. DHI (W/m2) 58.70 68.30

Mean An. BHI (W/m2) 64.70 87.70
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(a) Time series plot of hourly
global horizontal irradiance
(GHI) from TMY data for
Lund (SE)

(b) Time series plot of hourly
diffuse horizontal irradiance
(DHI) from TMY data for
Lund (SE)

(c) Time series plot of hourly di-
rect horizontal irradiance (BHI)
from TMY data for Lund (SE)

(d) Time series plot of hourly
global horizontal irradiance
(GHI) from TMY data for
Seysses-Saves (FR)

(e) Time series plot of hourly
diffuse horizontal irradiance
(DHI) from TMY data for
Seysses-Saves (FR)

(f) Time series plot of hourly di-
rect horizontal irradiance (BHI)
from TMY data for Seysses-
Saves (FR)

Figure 3.10: Time series visualization of solar irradiance measurements: DHI, GHI,
and BHI from TMY Data at Lund (SE) and Seysses-Saves (FR)
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Chapter 4

Result

4.1 Overview

In this chapter we present the core results of this work, building upon the theoretical
framework and methodologies outlined in the previous chapters. The results are pre-
sented in a logical order for clarity. Initially, in Section 4.2 , we delve into the results
from various approaches employed to estimate both total PPFD and diffuse PPFD.
Subsequently, Section 4.3 is dedicated to examining the outcomes of shade and light
modeling specific to single-axis tracking agrivoltaic (AV) systems. In Section 4.3,
we use the findings established in Section 4.2 for estimating total PPFD and diffuse
PPFD. These values are then put into Equation (2.6) to work out how much light
useful for plants reaches the ground, taking into account the shadows created by the
photovoltaic (PV) system over the field.

4.2 Result for estimating photosynthetic photon

flux density (PPFD)

The results for estimating both total photosynthetic photon flux density (PPFD)
and diffuse photosynthetic photon flux density (PPFDd), across various locations
in Europe, are presented in this section. The methodology for these estimations is
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described in Section 3.3. The results for estimating total PPFD are presented in
Section 4.2.1 and the findings for estimating PPFDd are detailed in Section 4.2.2.

As mentioned earlier in Section 3.3.1, we assess the performance of the models for
these estimations using various metrics: Mean Absolute Error (MAE), Mean Squared
Error (MSE), Root Mean Squared Error (RMSE), Normalized Root Mean Squared
Error (NRMSE) shown as a percentage, and R-squared (R2). These measures help
us understand how well each model predicts the values and allow us to compare their
effectiveness.

4.2.1 Result for estimating total PPFD

In this section, we present the results for estimating total PPFD across seven Euro-
pean locations, using the three models detailed in Section 3.3:

• Model 1: This model is based on the formula in Equation (3.17) proposed by
Foyo-Moreno et al. [14]:

PPFDtotal = a · GHI

I0

where I0 is the extraterrestrial radiation (Wm−2) received on a plane normal to
the direction of the sun and given by Equation (2.1) and GHI denotes the global
horizontal irradiance (Wm−2). The model uses explanatory variables, GHI
and I0 to predict total PPFD. This model employs the regression coefficient as
recommended by Foyo-Moreno et al. [14], set at a = 2681 ± 2µmolm−2 s−1,
to predict total PPFD. This approach provides a baseline for performance
assessment.

• Model 2: This model employs the same formula from Foyo-Moreno et al.
(Equation (3.17)) as in Model 1. The difference is that Model 2 is fine-tuned
with a location-specific regression coefficient a for each selected location. This
approach is designed for adaptation to local data, potentially enhancing the
model’s performance.

• Model 3: This model applies a general approach, calculating PPFD by multi-
plying global horizontal irradiance (GHI) with a constant factor of 2.1µmol/J.
It offers a more generalized estimation of total PPFD.
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The performance results of each model in every location are presented in Table 4.1
and the corresponding bar charts of these result can be found in Figure A.8 in
Appendix A. The detailed results for each location are presented in Appendix B.
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Table 4.1: Comparative error metrics (MAE, MSE, RMSE, NRMSE, and R-squared) for evaluating the
performance of three models in estimating PPFD across seven European locations

Station Method MAE MSE RMSE NRMSE (%) R2

Svartberget
(Sweden)

Model 1 (a = 2681± 2) 17.3 1193 34.5 7.0 0.99
Model 2 (a = 2658± 3) 16.2 1101 33.2 6.7 0.99

Model 3 35.7 2941 54.2 10.9 0.98

Hyltemossa
(Sweden)

Model 1 (a = 2681± 2) 73.7 11561 107.5 24.2 0.94
Model 2 (a = 2267± 2) 18.4 665 25.8 5.8 1.00

Model 3 100.2 20459 143.0 32.1 0.89

Soroe
(Denmark)

Model 1 (a = 2681± 2) 104.0 15873 126.0 19.0 0.90
Model 2 (a = 2313± 3) 21.7 872 29.5 4.4 0.99

Model 3 145.0 29376 171.4 25.8 0.81

Selhausen Juelich
(Germany)

Model 1 (a = 2681± 2) 40.2 3379 58.1 10.0 0.98
Model 2 (a = 2500± 2) 16.1 588 24.3 4.2 1.00

Model 3 69.9 9087 95.3 16.5 0.96

Lamasquere
(France)

Model 1 (a = 2681± 2) 76.1 9653 98.2 13.4 0.97
Model 2 (a = 2864± 6) 52.7 6141 78.4 10.7 0.98

Model 3 57.0 6561 81.0 11.0 0.98

Puechabon
(France)

Model 1 (a = 2681± 2) 77.0 8427 91.8 12.0 0.98
Model 2 (a = 2913± 4) 37.2 2474 49.7 6.5 0.99

Model 3 41.0 2965 54.5 7.1 0.99

Castelporziano2
(Italy)

Model 1 (a = 2681± 2) 113.0 18695 137 18.0 0.94
Model 2 (a = 3066± 5) 44.5 4791 69.2 9.1 0.99

Model 3 78.9 10299 101.5 13.3 0.97
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4.2.1.1 Summary of the results

In all the locations, Model 2 either outperforms the others or is among the top-
performing models. When comparing Models 1 and 3, Model 1 exhibits better per-
formance in four out of the seven locations: Svartberget, Hyltemossa, Soroe, and
Selhausen Juelich. While, Model 3 outperforms Model 1 in three locations: Puech-
abon, Lamasquere, and Castelporziano2.

Moreover, Models 1 and 3 tend to predominantly overestimate the measured PPFD
values in four locations: Svartberget, Hyltemossa, Soroe, and Selhausen Juelich,
while they mostly underestimate the values in Puechabon and Castelporziano2.

4.2.2 Result for estimating diffuse PPFD

In this section, we present the results for estimating diffuse PPFD in three locations
across Europe, using the three models detailed in Section 3.3:

• Model A: This model is based on the formula in Equation (3.17) proposed by
Foyo-Moreno et al. [13]:

PPFDd = a · DHI

I0

where I0 is the extraterrestrial radiation (Wm−2) received on a plane normal
to the direction of the sun and given by Equation (2.1) and DHI denotes the
diffuse horizontal irradiance (Wm−2). The model uses explanatory variables,
DHI and I0 to predict diffuse PPFD.

This model adopts the regression coefficient as proposed by Foyo-Moreno et al.
[13], set at a = 2681± 2µmolm−2 s−1.

• Model B: This model employs the same formula from Foyo-Moreno et al.
(Equation (3.17)) as in Model A. The difference is that this model is fine-tuned
with a location-specific regression coefficient a for each selected location. This
approach is intended to adjust the model to local data, potentially leading to
improved performance.

• Model C: This model applies a general approach, calculating PPFD by mul-
tiplying global diffuse horizontal irradiance (DHI) with a constant factor of
2.1µmol/J. It offers a more generalized estimation of diffuse PPFD.
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The performance results of each model for estimating diffuse PPFD in every location
are detailed in Table 4.2. Corresponding bar charts illustrating these results are
provided in Figure A.12 in Appendix A, while the detailed results for each location
are available in Appendix B.
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Table 4.2: Comparative error metrics (MAE, MSE, RMSE, NRMSE, and R-squared) for evaluating the
performance of three models in estimating diffuse PPFD across three European locations

Station Method MAE MSE RMSE NRMSE (%) R2

Voulundgaard
(Denmark)

Model A (a = 2681± 2) 38.1 2596 50.9 20.8 0.91
Model B (a = 2423± 7) 28.6 1826 43.0 17.4 0.94

Model C 46.9 3819 61.8 25.2 0.87

Gebesee
(Germany)

Model A (a = 2681± 2) 38.9 3236 56.9 20.4 0.92
Model B (a = 2814± 8) 37.0 2734 52.3 18.7 0.93

Model C 37.6 2730 52.2 18.7 0.93

Lamasquere
(France)

Model A (a = 2681± 2) 52.0 5267 72.6 22.7 0.89
Model B (a = 2874± 10) 48.7 4309 65.6 20.5 0.91

Model C 50.0 4555 67.5 21.1 0.90
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4.2.2.1 Summary of the results

Among the three models used for estimating diffuse PPFD, Model B, with loca-
tion specific coefficient, showed better results compared to Models A and C in
Voulundgaard and Lamasquere. In Gebesse, the performance of Models B and C
was very similar.

However, the tendencies observed for estimating diffuse PPFD are not as clear as
those for total PPFD estimation (discussed in Section 4.2.1). While Models A and
C seem to mostly overestimate diffuse PPFD values in Voulundgaard and underes-
timate them in Lamasquere and Gebesse, these tendencies are less pronounced (see
Appendix B).

4.3 Result for shade and light modeling

This section begins by presenting the specifications of the AV systems used for shad-
ing simulations in Section 4.3.1. After that we present the result for estimating total
and diffuse PPFD in the two locations, presented in Table 3.2, selected for our shade
and light model simulations in Section 4.3.2. we continue by presenting the calcu-
lated hourly shading factors in Section 4.3.3 for the selected configurations and the
two locations outlined in Table 3.2. Following this, Section 4.3.4 presents a compari-
son of the PPFD values at ground level in the selected AV system configurations and
in two different locations. Lastly, Section Section 4.3.5 focuses on the PPFD distri-
bution within the discretised area between the rows for the selected configurations
and locations.

4.3.1 Geometric design parameters for one-axis tracker AV
systems

To simulate shading scenarios, two distinct configurations of AV systems were inves-
tigated. The details of these configurations are provided in Table 4.3. The results are
presented for these two configurations placed in two locations specified in Table 3.2.
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Model Design Parameters Configuration C1 Configuration C2
Row length (m) 20 20
Row width (m) 2.5 5.0
Row height (m) 1.5 3.0
Number of rows 2 2

Row spacing (Pitch) (m) 10 10
Tracker Single axis Single axis

Backtracking True True
Maximum tracker rotation angle (◦) 55 55

Tracker axis azimuth angle (◦) 0 0
Tracker axis elevation angle (◦) 0 0

Table 4.3: Design parameters specifying two configurations of one-axis tracker PV
system. Configuration C1 and Configuration C2 represent distinct sets of parameters
used for evaluating the effects of shading and light distribution in an AV system.

4.3.2 Estimation of total and diffuse PPFD using locally
adapted coefficients

To apply Equation 2.6 in calculating the total PPFD that a surface receives after
considering shading effects, it is essential to initially estimate both the total and
diffuse PPFD. These estimates are based on TMY radiation data, including GHI
and DHI measurements, for the two locations specified in Table 3.2.

To estimate the total and diffuse PPFD for the locations specified in Table 3.2,
we utilized the findings from Section 4.2. The results indicated that the models in
Equation (3.17), for estimating total and diffuse PPFD, were most effective when
using a locally adapted coefficient a, derived by fitting the model to local data.
Therefore, for our total PPFD and diffuse PPFD estimates, we applied coefficients
from the nearest ICOS station, in terms of latitude, to our chosen locations for
shading simulations.

Specifically, for the total PPFD estimation using the model in Equation (3.17), we
employed the coefficient determined at Soroe (DK) for Lund (SE) and the coefficient
from Lamasquere (FR) for Seysses-Saves (FR). These locally adapted coefficients are
listed in Table 4.1.

For the diffue PPFD estimation using the model in Equation (3.17) we used the
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(a) Estimated diffuse PPFD for Lund (SE) (b) Estimated diffuse PPFD for Lund (SE)

(c) Estimated total PPFD for Seysses-Saves
(FR)

(d) Estimated diffuse PPFD for Seysses-
Saves (FR)

Figure 4.1: Plots of estimated hourly values of total PPFD and diffuse PPFD for
Lund (SE) and Seysses-Saves (FR)

coefficient obtained at Voulundgaard (DK) for Lund (SE) and the coefficient from
Lamasquere (FR) for Seysses-Saves (FR). These locally fitted coefficients are pre-
sented in Table 4.2.

4.3.3 Shading factors in AV systems

In this section, we focus on the ground level area located between the rows of PV
solar panels, as depicted in Figure 3.3. This reference area is defined by a width
equal to the pitch of the rows and a length corresponding to the rows’ length. This
area serves as the reference area for all subsequent calculations.

The calculations for hourly direct and diffuse shading factors were carried out for
two configurations outlined in Table 4.3 and for both locations specified in Table 3.2.
The results were hourly time series of direct and diffuse shading factors spanning
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an entire year. From these results, data for four representative days were selected
and are presented in Figure 4.2 for direct shading factors and Figure 4.3 for diffuse
shading factors. Figure 4.2a shows the direct shading factors for configuration C1 in
Lund. The pattern indicates similar amount of shading during the summer solstice
and spring and autumn equinoxes, although the values are slightly higher during
summer solstice. These values are higher compared to shading during the winter
solstice. Figure 4.2b illustrates the direct shading factors for configuration C2 in
Lund. Similar to C1, C2 experiences the most shading on the summer solstice and
the least during the winter solstice. However, the extent of shading appears to
be higher in C2 compared to C1. The exception is the winter solstice where the
values corresponding to configuration C1 are slightly higher compared to values for
configuration C2.

Figure 4.2c, depicting the direct shading factors for configuration C1 in Seysses-
Saves, exhibits patterns similar to those observed for the same configuration in Lund.
Notably, the direct shading factors during the winter solstice in Seysses-Saves are
higher in comparison to those in Lund. Figure 4.2d for configuration C2 in Seysses-
Saves also shows similar results to those obtained for the same configuration in Lund
but with a noticeable increase in the shading factor during the winter solstice.

Examining the midday hours of the days shows that the values for direct shading
factors for configuration C2 are higher than those for configuration C1. This trend
occurs in both locations during the summer solstice, and the spring and autumn
equinoxes. This trend also holds for the winter solstice in Seysses-Saves.

Figure 4.3 presents time series plots of hourly diffuse shading factors for four repre-
sentative days, corresponding to the two configurations described in Table 4.3 and
observed in both Lund and Seysses-Saves. It is important to note that the diffuse
shading factor is influenced by the geometry of the receiver surface and obstructions,
and not by the sun’s position. As a result, the diffuse shading factors calculated for
each configuration display similar values across both locations during the day. For
configuration C1, the diffuse shading factors range from approximately 20 to 25% for
all chosen days, whereas for configuration C2, they are between 32 to 42% in both
locations. This indicates that configuration C2 experiences more shading in terms
of diffuse radiation compared to C1.
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(a) Hourly direct shading factors across four representative days for configuration C1 in Lund
(SE)

(b) Hourly direct shading factors across four representative days for configuration C2 in
Lund (SE)

(c) Hourly direct shading factors across four representative days for configuration C1 in
Seysses-Saves (FR)

(d) Hourly direct shading factors across four representative days for configuration C2 in
Seysses-Saves (FR)

Figure 4.2: Time series of hourly direct shading factors for configurations C1 and C2
across representative days in Lund (SE) and Seysses-Saves (FR)
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(a) Hourly diffuse shading factors across four representative days for configuration C1 in
Lund (SE)

(b) Hourly diffuse shading factors across four representative days for configuration C2 in
Lund (SE)

(c) Hourly diffuse shading factors across four representative days for configuration C1 in
Seysses-Saves (FR)

(d) Hourly diffuse shading factors across four representative days for configuration C2 in
Seysses-Saves (FR)

Figure 4.3: Hourly time series of diffuse shading factors for configurations C1 and
C2 for four representative days in Lund (SE) and Seysses-Saves (FR)
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4.3.4 Reduction in PPFD in AV systems

In this section, our attention is again centered on the area at ground level situated
between the rows of PV solar panels, as illustrated in Figure 3.3. The area under
consideration is characterized by its width, which matches the pitch of the rows, and
its length, which is equivalent to that of the rows themselves.

Table 4.4 presents the total yearly reduction in PPFD values for the two AV system
configurations detailed in Table 4.3 for locations in Lund, Sweden, and Seysses-Saves,
France. The results shows that in both locations the highest yearly reduction in total
PPFD is associated with configuration C2. This result is consistent with what was
observed in the computed shading factors in Section 4.3.3 where the highest levels
of shading factors were observed in connection with configuration C2. Additionally,
the amount of PPFD reduction is almost the same for each system type in both
locations.

Figure 4.4 presents a comparison of the variations in monthly averages of daily sums
of hourly PPFD values for Lund, Sweden, and Seysses-Saves, France. These compar-
isons include 95% confidence intervals and contrast the scenarios with and without
the AV system for configurations C1 and C2. The plots illustrate a significantly
greater decrease in the monthly average PPFD values associated with configuration
C2 compared to C1 in both locations.

Table 4.4: Annual reduction in photosynthetic photon flux density (PPFD) for two
AV system configurations in Lund, Sweden, and Seysses-Saves, France

Location Configuration C1 Configuration C2
Lund (SE) 30.0% 54.3%
Seysses-Saves (FR) 29.0% 54.4%

4.3.5 PPFD distribution in AV systems

To gain a better understanding of how PPFD is distributed at ground level in AV
systems, we shift our attention from the entire reference area between the rows of
PV panels, as depicted in Figure 3.3, to a more detailed, discretised examination of
this area. The area between the rows is divided into 1 m × 1 m cells and shading
factors are calculated for each individual segment.
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(a) Variation in monthly averages of daily sums
of PPFD, with 95% CI, with and without the
AV system with configuration C1 in Lund.

(b) Variation in monthly averages of daily sums
of PPFD, with 95% CI, with and without the
AV system with configuration C2 in Lund.

(c) Variation in monthly averages of daily sums
of PPFD, with 95% CI, with and without the

AV system with configuration C1 in
Seysses-Saves.

(d) Variation in monthly averages of daily sums
of PPFD, with 95% CI, with and without the

AV systwm with configuration C2 in
Seysses-Saves.

Figure 4.4: Comparison of the ground-level monthly average of daily summations of
PPFD with 95% confidence intervals (CI) in two locations, Lund and Seysses-Saves,
each with configurations C1 and C2, highlighting the effects of implementing an AV
system.
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Figure 4.5 shows the total yearly PPFD distribution for the two AV configurations
detailed in Table 4.3 in Lund, Sweden and Seysses-Saves, France. Table 4.5 presents
the yearly light homogeneity index (LHI) (see Section 3.4) calculated from the total
yearly PPFD values for each configuration in Lund and Seysses-Saves. The results
indicate that light distribution is slightly more homogeneous, on the ground area
between the rows of PV panels, in configuration C1 compared to C2 in both locations.

The total yearly reduction of PPFD in the different sections of the discretised area
between the rows is presented in Figure 4.6. The figure includes this result for the
two configurations C1 and C2 in two locations, Lund and Seysses-Saves.

The plots in Figure 4.6 display the annual PPFD reduction calculated for each in-
dividual segment within the discretised area between the rows of PV panels. This
includes results for configurations C1 and C2 in both Lund and Seysses-Saves. The
results indicate that configuration C2 results in a greater decrease in PPFD across
all sections of the discretized ground-level area between the rows, compared to C1
in both locations. Specifically, the total annual PPFD reduction ranges from about
5 to 65% for configuration C1 in both places, and from 10 to 75% for configuration
C2.

Table 4.5: Annual light homogeneity index (LHI) for two AV system configurations
C1 and C2 in Lund, Sweden, and Seysses-Saves, France

Location Configuration C1 Configuration C2
Lund (SE) 74.6% 71.4%
Seysses-Saves (FR) 72.4% 69.1%
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(a) Total annual distribution of PPFD
at ground level for AV system config-
uration C1 in Lund (SE)

(b) Total annual distribution of
PPFD at ground level for AV system
configuration C2 in Lund (SE)

(c) Total annual distribution of PPFD
at ground level for AV system config-
uration C1 in Seysses-Saves (FR)

(d) Total annual distribution of
PPFD at ground level for AV sys-
tem configuration C2 in Seysses-Saves
(FR)

Figure 4.5: Comparison of total annual distribution of PPFD at ground level for AV
system configurations C1 and C2 in Lund (SE) and Seysses-Saves (FR)
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(a) Total annual reduction in PPFD
at ground level for AV system config-
uration C1 in Lund (SE)

(b) Total annual reduction in PPFD
at ground level for AV system config-
uration C2 in Lund (SE)

(c) Total annual reduction in PPFD
at ground level for AV system config-
uration C1 in Seysses-Saves (FR)

(d) Total annual reduction in PPFD
at ground level for AV system config-
uration C2 in Seysses-Saves (FR)

Figure 4.6: Comparison of total annual reduction of PPFD at ground level for AV
system configurations C1 and C2 in Lund (SE) and Seysses-Saves (FR)
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Chapter 5

Discussion & future work

5.1 Development and aassessment of a simulation

model for light and shade in AV systems

In this project, our primary objective was to construct a simulation model designed
for the analysis of light and shading within AV settings, focusing particularly on PV
systems with horizontal single-axis tracking. Our approach involved the estimation
of radiation in the photosynthetically active wavelength range, based on GHI and
DHI data. This approach made it possible to do an assessment of available radiation
relevant for plant growth in AV systems. Since crop relevant light measurements are
not available for all potential AV sites, this was an important part of the process.
The model’s strength lies in its ability to simulate shadows cast by the PV system
on the field and to map the distribution of light at ground level, making it a useful
tool for optimizing AV system configurations for agricultural productivity.

In addition, the ability of our methodology to adapt to different types of AV systems,
including those with fixed tilt or two-axis trackers, shows its wide range of application
potentials.
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5.1.1 Impact of AV system configuration vs. geographic lo-
cation on PPFD distribution & light homogeneity

The model allows for a comprehensive analysis of the impact of system configuration
and geographic location on PPFD distribution and light homogeneity between the
rows, as detailed in the following results.

The results illustrated in Figure 4.6 indicate that in the two selected locations, the
extent and pattern of yearly reduction in PPFD across the descretised area between
the panels are mainly determined by the configuration of the AV system, rather than
by the specific geographic locations. This observation is further supported by the
results in Table 4.4, which shows that the same AV system configuration leads to
nearly identical percentages of PPFD reduction in both locations.

The yearly amount of PPFD received in each cell is influenced by both the geo-
graphic location and the configuration of the system as clearly shown in Figure 4.5.
This appears to be primarily due to the differences in the total amount of radiation
available annually at each location.

The result in Table 4.5 shows that the uniformity of yearly light distribution in the
segmented area between rows of panels for the same AV system configuration is quite
similar in the selected locations. The LHI values appear to be mainly determined by
the type of configuration rather than the geographical location. This is indicated by
the very close LHI values obtained for the same configurations.

However, it is important to be cautious about generalizing these findings. A more
comprehensive comparison and analysis, involving a diverse range of locations, is
necessary to confirm if these trends are persistent.

Furthermore, the AV systems examined in Section 4.3 were limited to configurations
with just two rows of PV panels, and hence, excluding the potential shading effect
from multiple rows. Adding more rows of PV panels to the AV system can be
beneficial for the analysis of the shading scenarios by bringing it closer to the real-
world settings. This addition could help us better understand how the presence of
multiple rows affect the amount and distribution of PPFD, received in the areas
placed in the middle of these rows.

Figure 4.5 shows a variation in the PPFD that reaches different parts of the analyzed
area. Specifically, the amount of PPFD at the edges near the ends of the rows differs

60



from that in the central section. In our model, the length of the analyzed area is
currently equal to that of the PV panel rows. To address the edge effect, it might be
useful to modify the model. One approach could be to extend the length of the PV
panel rows while keeping the current length of the analyzed area. Comparing the
results of this adjusted model with the existing one could provide valuable insights
into the impact of the edge effect on both the homogeneity of distribution of PPFD
and the total PPFD received on the ground area over a given time period.

5.1.2 Model verification

It is important to recognize the limitations of this project. The verification of cal-
culated shading factors was not within the scope and resources of this work, and
therefore, the precision of these values remains an area for future work. This could
be done using tools like PVsyst [37] or through the collection and analysis of empirical
data.

5.2 PPFD estimation

The performance and accuracy of the models used to estimate total PPFD im-
proved significantly when locally fitted coefficient was applied in the regression model.
Therefore, for optimal estimation in various locations, access to local PPFD data is
beneficial. Using a general coefficient might lead to less accurate results, as indicated
by the results in Table 4.1. The locally fitted regression coefficients in this table ta-
ble suggest a trend where the ratio of total PPFD to GHI tends to increase as the
latitude decreases. However, an anomaly was observed in Svartberget (SE), showing
a higher PPFD to GHI ratio than expected based on this trend. To confirm this
trend’s validity, it is necessary to analyze data from a wider range of locations. Em-
ploying a more general method for estimating total PPFD from GHI measurements,
based on these ratios, could offer a more practical approach. However, this trend
was not evident in the ratio between diffuse PPFD and DHI (see Table 4.2), but it
is worth noting that our data for estimating diffuse PPFD was limited to just three
locations in Europe.
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Appendix A

Bar charts of the performance
results of three models for
estimating total and diffuse PPFD
in various locations
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Figure A.1: Comparison of the statistical results for performance of three models in Svartberget
(SE)

Figure A.2: Comparison of the statistical results for performance of three models in Hyltemossa
(SE)

Figure A.3: Comparison of the statistical results for performance of three models in Soroe (DK)

Figure A.4: Comparison of the statistical results for performance of three models in Selhausen
Juelich (DE)
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Figure A.5: Comparison of the statistical results for performance of three models in Puechabon
(FR)

Figure A.6: Comparison of the statistical results for performance of three models in Lamasquere
(FR)

Figure A.7: Comparison of the statistical results for performance of three models in Castelporziano2
(IT)

Figure A.8: The performance results of three models for estimating total PPFD in seven locations
in Europe, in terms of MAE (mean absolute erro), MSE (mean squared error), RMSE (root mean
squared error), NRMSE (normalized root mean squared error) and R-squared
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Figure A.9: Comparison of the statistical results for performance of three models in Voulundgaard
(DK)

Figure A.10: Comparison of the statistical results for performance of three models in Gebesee (DE)

Figure A.11: Comparison of the statistical results for performance of three models in Lamasquere
(FR)

Figure A.12: The performance results of three models for estimating diffuse PPFD in three locations
in Europe, in terms of MAE (mean absolute erro), MSE (mean squared error), RMSE (root mean
squared error), NRMSE (normalized root mean squared error) and R-squared
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Appendix B

Results of total and diffuse PPFD
estimation in various locations

The results for estimating both total and diffuse PPFD, in each chosen, location
are presented. It should be noted that in the plots displayed here, the term ’error’
denotes the difference between the estimated PPFD, or diffuse PPFD, from each
model and the respective actual measured PPFD values.

B.1 Result for estimating total PPFD in seven lo-

cation across Europe

B.1.1 Svartberget (SE)

Figure B.1 presents both scatter plots and histograms of the estimation errors for
three different PPFD estimation models applied to the Svartberget testing dataset.
Additionally, Table 4.1 contains the statistical result for estimating total PPFD in
Svartberg using the three approaches. Based on both the statistical results in Table
4.1 and the visual representations in Figure B.1, Model 2 is the best performing
model amongst the three models. While Models 1 and 2 demonstrate similar overall
performance, Model 3 shows a tendency to overestimate PPFD values.
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(a) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 1.

(b) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 2.

(c) Scatter plot depicting the es-
timation errors versus the mea-
sured PPFD values for Model 2.

(d) Histogram of the estimation
errors for Model 1.

(e) Histogram of the estimation
errors for Model 2.

(f) Histogram of the estimation
errors for Model 3.

Figure B.1: Histograms and scatterplots illustrating the estimation errors of the
three distinct models for Svartberget (SE)

B.1.2 Hyltemossa (SE)

Figure B.2 shows both scatter plots and histograms of the estimation errors for
three different PPFD estimation models applied to the Hyltemossa testing dataset.
Additionally, Table 4.1 provides the statistical results for estimating total PPFD in
Hyltemossa using the three models. An examination of both the statistical result in
Table 4.1 and the estimation errors in Figure B.2 suggest among the three, Model 2
is observed to have the best performance. The results also show that both Models
1 and 3 tend to consistently predict higher PPFD values compared to the actual
measurements. However, Model 1 demonstrates better performance compared to
Model 3.
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(a) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 1.

(b) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 2.

(c) Scatter plot depicting the es-
timation errors versus the mea-
sured PPFD values for Model 3.

(d) Histogram of the estimation
errors for Model 1.

(e) Histogram of the estimation
errors for Model 2.

(f) Histogram of the estimation
errors for Model 3.

Figure B.2: Histograms and scatterplots illustrating the estimation errors of the
three distinct models for Hyltemossa (SE)

B.1.3 Soroe (DK)

Figure B.3 shows scatter plots and histograms illustrating the estimation errors of
three distinct PPFD estimation models when applied to the Soroe test dataset. In
addition, Table 4.1 details the statistical result of total PPFD estimation in Soroe
using these three methods. A review of both the statistical result in Table 4.1
and the estimation errors in Figure B.3 suggest that Model 2 is the most effective
model among the three models. While Models 1 and 3 tend to overestimate PPFD
values in comparison to actual measurements, Model 1 is observed to have a better
performance compared to Model 3.
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(a) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 1.

(b) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 2.

(c) Scatter plot depicting the es-
timation errors versus the mea-
sured PPFD values for Model 3.

(d) Histogram of the estimation
errors for Model 1.

(e) Histogram of the estimation
errors for Model 2.

(f) Histogram of the estimation
errors for Model 3.

Figure B.3: Histograms and scatterplots illustrating the estimated errors of the three
distinct models for Soroe (DK)

B.1.4 Selhausen Juelich (DE)

Figure B.4 shows scatter plots and histograms of the estimation errors for three
unique PPFD estimation models applied to the Selhausen Juelich testing dataset.
Additionally, Table 4.1 presents the statistical result of total PPFD estimation in
Soroe utilizing these models. An examination of the statistical results in Table 4.1
and the visual insights from Figure B.3 indicates Model 2 is the best performing
model. While Models 1 and 3 appear to almost consistently predict higher PPFD
values than the actual measurements, Model 1 shows better result compared to Model
3.
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(a) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 1.

(b) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 2.

(c) Scatter plot depicting the es-
timation errors versus the mea-
sured PPFD values for Model 3.

(d) Histogram of the estimation
errors for Model 1.

(e) Histogram of the estimation
errors for Model 2.

(f) Histogram of the estimation
errors for Model 3.

Figure B.4: Histograms and scatterplots illustrating the estimated errors of the three
distinct models for Selhausen Juelich (DE)

B.1.5 Puechabon (FR)

Figure B.5 displays scatter plots and histograms of the estimation errors for three
unique PPFD estimation models applied to the Puechabon testing dataset. Addition-
ally, Table 4.1 presents the statistical result of total PPFD estimation in Puechabon
utilizing these models. A review of the statistical results in Table 4.1 and the esti-
mation errors in Figure B.5 suggests that Model 2 is the most accurate among the
three models and the performance of Model 3 is comparable to that of Model 2.
Model 1 consistently tends to underestimate the PPFD values in relation to actual
measurements, a tendency also observed, though to a lesser extent, in Model 3.
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(a) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 1.

(b) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 2.

(c) Scatter plot depicting the es-
timation errors versus the mea-
sured PPFD values for Model 3.

(d) Histogram of the estimation
errors for Model 1.

(e) Histogram of the estimation
errors for Model 2.

(f) Histogram of the estimation
errors for Model 3.

Figure B.5: Histograms and scatterplots illustrating the estimated errors of the three
distinct models for Puechabon (FR)

B.1.6 Lamasquere (FR)

Figure B.6 illustrates scatter plots and histograms of the estimation errors for three
PPFD estimation models applied to the Lamasquere testing dataset. Furthermore,
Table 4.1 presents the statistical result of total PPFD estimation in Lamasquere
using these three models. An examination of the statistical results in Table 4.1 and
the and the error patterns shown in Figure B.6 suggests Models 2 and 3 are the best
performing models and show similar overall performance. However, Model 2 displays
a slight advantage in performance over Model 3.

B.1.7 Castelporziano2 (IT)

Figure B.7 shows scatter plots and histograms of the estimation errors for three
PPFD estimation models applied to the Castelporziano2 testing dataset. Addition-
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(a) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 1.

(b) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 2.

(c) Scatter plot depicting the es-
timation errors versus the mea-
sured PPFD values for Model 3.

(d) Histogram of the estimation
errors for Model 1.

(e) Histogram of the estimation
errors for Model 2.

(f) Histogram of the estimation
errors for Model 3.

Figure B.6: Histograms and scatterplots illustrating the estimated errors of the three
distinct models for Lamasquere (FR)

ally, Table 4.1 presents the statistical result of total PPFD estimation in Castel-
porziano2 utilizing these models. A review of the statistical results in Table 4.1 and
the visual results shown in Figure B.7 indicates that Model 2 is the most effective
model among the three. The result also suggest that Models 1 and 3 almost consis-
tently tend to underestimate PPFD values compared to the actual measurements.
However, Model 3 displays better performance compared to Model 1.
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(a) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 1.

(b) Scatter plot depicting the
estimation errors versus the
measured PPFD values for
Model 2.

(c) Scatter plot depicting the es-
timation errors versus the mea-
sured PPFD values for Model 3.

(d) Histogram of the estimation
errors for Model 1.

(e) Histogram of the estimation
errors for Model 2.

(f) Histogram of the estimation
errors for Model 3.

Figure B.7: Histograms and scatterplots illustrating the estimated errors of the three
distinct models for Castelporziano2 (IT)

B.2 Result for estimating diffuse PPFD in three

location in Europe

B.2.1 Voulundgaard (DK)

Figure B.8 shows scatter plots and histograms of the estimation errors for three
diffuse PPFD estimation models applied to the Voulundgaard test dataset. Ad-
ditionally, Table 4.2 presents the statistical result of diffuse PPFD estimation in
Voulundgaard utilizing these models. A review of the statistical results in Table 4.2
and the visual results shown in Figure B.8 indicates that Models A and C both tend
to overestimate diffuse PPFD values compared to the actual measurements particu-
larly for values associated with higher diffuse PPFD measurements. However, Model
A demonstrates a better performance compared to Model C. Amongst the three
models, Model B shows the best performance.
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(a) Scatter plot illustrating the
estimation errors versus the
measured diffuse PPFD values
for Model A.

(b) Scatter plot illustrating the
estimation errors versus the
measured diffuse PPFD values
for Model B.

(c) Scatter plot illustrating the
estimation errors versus the
measured diffuse PPFD values
for Model C.

(d) Histogram of the estimation
errors for Model A.

(e) Histogram of the estimation
errors for Model B.

(f) Histogram of the estimation
errors for Model C.

Figure B.8: Histograms and scatterplots illustrating the estimation errors of the
three distinct models for estimating diffuse PPFD for Voulundgaard (DK)

B.2.2 Gebesee (DE)

Figure B.9 displays scatter plots and histograms of the estimation errors for three
unique PPFD estimation models applied to the Gebesee testing dataset. Addition-
ally, Table 4.2 presents the statistical result of diffuse PPFD estimation in Gebesee
using these models. A review of the statistical results in Table 4.2 and the estima-
tion errors in Figure B.9 suggests that the overall performance of the three models is
quite similar. All the models appear mostly to underestimate diffuse PPFD values
when compared to actual measurements, with Models B and C showing a marginally
better performance than Model A.
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(a) Scatter plot illustrating the
estimation errors versus the
measured diffuse PPFD values
for Model A.

(b) Scatter plot illustrating the
estimation errors versus the
measured diffuse PPFD values
for Model B.

(c) Scatter plot illustrating the
estimation errors versus the
measured diffuse PPFD values
for Model C.

(d) Histogram of the estimation
errors for Model A.

(e) Histogram of the estimation
errors for Model B.

(f) Histogram of the estimation
errors for Model C.

Figure B.9: Histograms and scatterplots illustrating the estimation errors of the
three distinct models for estimating diffuse PPFD for Gebesee (DE)

B.2.3 Lamasquere (FR)

Figure B.10 shows scatter plots and histograms illustrating the estimation errors
of three distinct diffuse PPFD estimation models when applied to the Lamasquere
test dataset. Furthermore, Table 4.2 details the statistical result of diffuse PPFD
estimation in Lamasquere using these three methods. A review of both the statistical
result in Table 4.2 and the estimation errors in Figure B.10 indicates that the overall
performance of all the models is very similar. Model B, showing a slightly better
outcome compared to Models C, is the best performing model among the three.
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(a) Scatter plot illustrating the
estimation errors versus the
measured diffuse PPFD values
for Model A.

(b) Scatter plot illustrating the
estimation errors versus the
measured diffuse PPFD values
for Model B.

(c) Scatter plot illustrating the
estimation errors versus the
measured diffuse PPFD values
for Model C.

(d) Histogram of the estimation
errors for Model A.

(e) Histogram of the estimation
errors for Model B.

(f) Histogram of the estimation
errors for Model C.

Figure B.10: Histograms and scatterplots illustrating the estimation errors of the
three distinct models for estimating diffuse PPFD for Lamasquere (FR)
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