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Abstract 

Accurate assessment of the Photosynthetically Active Radiation (PAR) and Global Horizontal 

Irradiance (GHI) at the crop level is paramount for accurately assessing the energy balances 

and the crop yield under agrivoltaic systems. The shadings produced by the photovoltaic 

modules and structures of the agrivoltaic systems cause a non-homogeneous distribution of 

PAR and GHI at the crop level. It is thus essential to calculate their distribution at a high spatial 

resolution within the agrivoltaic field. Using field data and commercial software, we have 

validated a high spatial resolution model (i.e., 25 cm × 25 cm) for PAR and GHI distribution 

within a vertical agrivoltaic system. The results show good model accuracy with coefficients of 

determination higher than 0.98 when comparing GHI from the model developed in this study 

and commercial software based on ray tracing. Model applications are presented with 

consideration to the computation of surface temperature, evapotranspiration, crop yield, and 

soil moisture. The model developed in this study shows good agreement in terms of crop yield 

computations as compared to a previously published model for agrivoltaic systems simulations 

and optimization (Campana et al., 2021). The added value of the model presented in this study 

consists in performing high spatial resolution computations of microclimatic parameters and 

crop yield within the agrivoltaic field. 
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1  Introduction 

In 2021, worldwide, 167.8 GWp of solar photovoltaic (PV) capacity was installed, about 56% 

of the total newly installed renewable energy capacity (SolarPower Europe, 2022). Despite the 

COVID-19 pandemic challenges, utility-scale PV systems remained the largest segment, with 

90.7 GWp installed and a levelized cost of electricity lower than any other type of conventional 

energy conversion system (SolarPower Europe, 2022). Typically, PV is installed on flat land 

with good insolation. Frequently this land is, or could potentially become, agricultural land, 

because the exact requirements apply for both lands uses. The permitting process for installing 

PV plants on (actual or potential) agricultural land is a significant challenge due to the so-called 

"food-versus-fuel (electricity)" debate (Tomei and Helliwell, 2016; Ketzer et al., 2020; 

Campana and Lawford, 2022). This ethical debate concerns whether the land must be used for 

energy conversion or food production.  

Agrivoltaic systems are one of the solutions to avoid such competition and simultaneously 

attain conflicting Sustainable Development Goals (SDGs), i.e., Goal 2 (Zero hunger), and Goal 

7 (Affordable and clean energy). Agrivoltaic systems allow the coexistence of agricultural 

activities and electricity production through the exploitations of unique supporting structures 

for the PV systems, i.e., stilt-mounted systems with fixed and tracking PV array, vertically 

mounted PV systems with bifacial PV modules, or overhead structures (Horowitz et al., 2020). 

Those structures allow conventional agricultural machinery to perform traditional agricultural 

practices underneath or between the PV arrays.  

The combination of PV electricity production and conventional agriculture presents several 

synergies. From the PV perspective, this combination allows higher solar energy conversion 

efficiencies because the microclimate produced by the crops can lead to a lower solar cell 

operating temperature (Barron-Gafford et al., 2019). Moreover, the configuration of the PV 

modules' supporting structure and the higher elevation of the PV modules compared to 

conventional ground-mounted PV systems leads to higher convectional cooling (i.e., higher 

windspeed or airflow) and, thus, again, lower solar cell operating temperatures (Johansson et 

al., 2022). Combining crops and bifacial PV modules can increase the specific electricity 

production per m2 when the crops are specifically selected to increase albedo during the crop 

growing season. The enhanced reflected irradiance increases PV production from both the front 

and rear sides of the PV modules (Marion, 2022; Riedel-Lyngskær et al., 2022; Sieber et al., 

2022). From the crop production perspective, the presence of PV modules and the shading 
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produced by the PV modules can – within limits – reduce water and temperature stresses by 

altering the energy balance at the crop level (Amaducci et al., 2018). The PV modules and the 

supporting structure can beneficially alter the crop's wind speed distribution, avoiding soil 

erosion and evapotranspiration (Zainali et al., 2022). Agrivoltaic systems with overhead 

structures can also protect crops from extreme weather events and, at the same time, provide an 

opportunity for water harvesting (Al Mamun et al., 2022). Potential disadvantages of agrivoltaic 

systems include uneven precipitation distribution that can lead to increased runoff, erosion, and 

soil compaction Elamri et al. (2018). The PV modules supporting structures reduce the effective 

usable agricultural areas. Trommsdorff et al. (2021) reported an 8.3% loss of the total cultivated 

area for an overhead agrivoltaic system. Campana et al. (2021) reported a land loss of 0.5 m 

left and right of the supporting structure axis for vertically mounted agrivoltaic systems, which 

corresponds to a 10% loss of productive land in vertically mounted agrivoltaic system with a 

10 m row distance. This land loss translates to reduced yield per hectare and income from crop 

production for the farmers. The reduced and heterogenous cumulative solar irradiation at the 

crop level can negatively affect crop yield and crop yield distribution. Other disadvantages 

include damage of agricultural machinery to the PV modules and PV modules supporting 

structure. 

The accurate assessment of the Photosynthetically Active Radiation (PAR) and the Global 

Horizontal Irradiance (GHI) at the crop level is of paramount importance for accurately 

assessing the crop yield under agrivoltaic systems and the energy balances at the crop level. 

The shadings produced by the PV modules and structures of the agrivoltaic systems cause a 

non-homogeneous distribution, spatially and temporally, of PAR and GHI at the crop level. It 

is thus essential to calculate these distributions at a high spatial and temporal resolution within 

the agrivoltaic field. The crop yield is proportional to PAR (Williams et al., 1989), which, in 

the case of agrivoltaic systems, is reduced compared to open-field conditions due to the 

shadings produced by the PV modules and supporting structures at the crop level. The crop 

yield under agrivoltaic systems does not depend only on PAR. It depends on the leaf area index 

(LAI) that for certain crops increases under shading conditions for compensating the reduced 

light (Marrou et al., 2013), and it also depends on the crop growth-regulating stress factors, 

such as the water stress connected to the evapotranspiration process and the temperature stress 

of the crop. The shading of the PV modules and the supporting structures reduces PAR and 

GHI, which is of fundamental importance in the energy balances for calculating 

evapotranspiration, ground temperature, and, generally, the microclimate under agrivoltaic 
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systems. This study will primarily focus on PAR and GHI assessment and their effects on 

evapotranspiration, surface temperature, soil moisture, and crop yield. Although there have 

been several studies attempting to calculate and visualize PAR and GHI distributions at the crop 

level (Amaducci et al., 2018: Campana et al., 2021; Katsikogiannis et al., 2022), few works 

have focussed on validating the actual time series of PAR and GHI behind the spatially 

distributed grid cells. Moreover, little work has been done on the mathematical modelling of 

the microclimate under agrivoltaic systems resulting from the variation of GHI distribution due 

to shadings. Significantly few studies on microclimate modelling under agrivoltaic systems 

exist (Zainali et al., 2022). 

Recently, ray tracing approaches, which depict how light rays propagate through space and 

interact among objects considering reflection and absorption processes, have been developed 

and implemented to assess the performance of bifacial PV modules more accurately, especially 

for the assessment of the backside irradiance (Lo et al., 2015; Deline et al., 2016; Katsikogiannis 

et al., 2022). Several research studies have compared the backside irradiance assessment using 

ray tracing vs view-factor approaches. The view factor approach assumes that the reflected 

radiation is isotropic and is calculated through integration methods (Hansen et al., 2017; Sun et 

al., 2018). Pelaez et al. (2018) compared different software packages using different approaches 

(view factor, ray tracing, and empirical models [i.e., relationships based on measured back 

surface irradiance]) to calculate back surface irradiance in PV systems with bifacial modules. 

The authors concluded that there was a good agreement between simulations performed by the 

investigated software and the measurements, especially at low ground clearance conditions. 

The National Renewable Energy Laboratory (NREL) view factor model agreed well with 

Radiance (Ward, 1994). At higher ground clearance values, the influence of edge effects 

becomes more pronounced, and few methods/models could depict these effects. The view factor 

and radiance-based models agreed well with the measurements overall in the examined studies. 

A detailed model based on the view factor approach to depict the back surface irradiance on the 

edges was developed by Hansen et al. (2016) and compared with a radiance-based model. A 

similar comparison was carried out by Riedel-Lyngskær et al. (2020) using eighth software, 

among commercially available, freeware, and open-source software for bifacial PV systems 

modelling. Seven of the investigated software use a 2D view factor approach, while one uses a 

3D ray tracing approach. The view factor approach produced results within ±1% of the 

measured monthly bifacial gain for the fixed-tilt system. Nevertheless, less accuracy was 

attained for the single-axis tracker systems. Despite the research activities conducted so far on 
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the use of view factor and ray tracing methods for back surface irradiance, little work has been 

done on raytracing methods to calculate solar irradiance at the ground level under agrivoltaic 

systems and on the comparison between view factor and raytracing methods.  

In-depth research in this field is motivated by the lack of knowledge on how shading affects 

solar radiation distribution and energy balances at ground level and how the induced 

microclimate (i.e., ground temperature, evapotranspiration, PAR, and GHI) affects both crop 

and energy conversion. Differently from conventional open-field conditions, crops under 

agrivoltaic systems do not receive PAR total but a combination of PAR total and PAR diffuse 

that can affect crop radiation use efficiency. Crop growth under PAR diffuse conditions is more 

efficient than PAR beam conditions (Cheng et al., 2015). Assessing solar irradiance distribution 

at the ground level is paramount for the simultaneous and synergistic co-optimization of PV 

and agricultural yields that typically have conflicting objectives. For instance, conventional PV 

yield optimization might lead to a PV system design that reduces ground irradiance to 

unacceptable levels to maintain high crop yields. On the other hand, crop yield optimization 

might lead to PV system designs that are far from optimal from a cost-benefit perspective. This 

study's contribution is to extend the model developed by Campana et al. (2021) to accurately 

depict PAR and GHI distribution at the ground level, providing validation and cross-validation. 

Moreover, some critical applications of the model to depict microclimatic conditions under 

agrivoltaic systems are also presented. 

The remainder of the paper is organized as follows: Section 2 describes the model development, 

the experimental site used for validation, and the further development of the model to depict 

microclimatic conditions under agrivoltaic systems; Section 3 presents the main results of the 

study in terms of validation with measurements data and cross-validation with a 3D raytracing 

commercial software. At the same time, microclimatic conditions under the investigated and 

modelled agrivoltaic systems are presented and discussed. Section 4 concludes the study. 

2 Methods and data 

2.1 Model development 

The model presented in this study is an enhanced version of the model by Campana et al. (2021), 

especially for what concerns the solar radiation model for the high spatial distribution of PAR 

and GHI. In Campana et al. (2021), the shading matrix required for calculating both the beam 

and diffuse shading factors was calculated for one single point, corresponding to the centre of 
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the area comprised between two rows of the vertically mounted agrivoltaic system, as shown 

in Figure 1 (left). The model geometry refers to the first agrivoltaic system installed in Sweden 

installed at Kärrbo Prästgård (59.55°N, 16.75°E) and is composed of three vertical rows of 

approximately 18 m in length with 10 m row spacing. In the new model, the area within two 

neighbouring rows of the agrivoltaic system is discretized with a mesh of 25 cm × 25 cm, and 

the shading matrix is calculated for each grid cell (Figure 1 [right]). The model by Campana et 

al. (2021) has been optimized to reduce computational time. All the results presented in this 

study refer to a sky dome discretization of 1°. This is particularly important for calculating the 

diffuse shading factors since each grid cell has its own characteristic sky dome area that is 

obstructed by the vertically mounted bifacial PV modules. See, for instance, Figure 2, where 

two photos are taken with a fisheye lens at two different points within the agrivoltaic row. The 

figure clarifies the importance of the view factor and, at the same time, shows that a single point 

in the centre (see Figure 1) could represent an oversimplification of reality.  

 

Figure 1: Agrivoltaic system layout and sky-dome discretization (here at 10° only for 

illustration purposes). The yellow area is the reference area assumed as a single rectangle by 

Campana et al. (2021) (left) while discretized at 25 cm × 25 cm in this study (right). 
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Figure 2: Part of the sky visible by two different points (i.e., at 50 cm from the east row [left], 

and in the middle of the row [right]) within one agrivoltaic row. Photos taken the 14th of July 

2022 with a fisheye lens. 

For each simulation time step and grid cell composing the reference area, the algorithm assigns 

a Boolean variable to check if the beam irradiance reaches the cell or not. This computation is 

performed by combining the information concerning the solar position with the information 

concerning the shadings. The solar radiation position model is from Koblick (2009), while the 

shading model uses the approach developed by Cascone et al. (2011). For computational time 

constraints, the diffuse shading factor is calculated according to the simplified method by 

Quaschning and Hanitsch (1995), compared to Campana et al. (2021), where a radiance-based 

approach was implemented. If the specific grid cell does not receive any beam irradiance for a 

single time step between sunrise and sunset, the resulting total radiation is given by the diffuse 

irradiance multiplied by the diffuse shading factor. Contrarily, if the grid cell receives the beam 

irradiance, the total irradiance is given by the sum of the beam irradiance and the diffuse 

irradiance multiplied by the diffuse shading factor. The diffuse component of the PAR is 

calculated with the Starke model, initially developed by Starke et al. (2018) for GHI 

decomposition and cloud enhancement detection and implemented for PAR decomposition and 
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reparametrized for Sweden by Ma Lu et al. (2022). The following equation gives the original 

Starke model: 

kୢ
ୗ୲ୟ୰୩ୣ =

⎩
⎪
⎨

⎪
⎧

1

1 + eஒళାஒఴ୩౪ାஒవୗାஒభబାஒభభାஒభమநା
ஒభయୋౙ౩
ଶ.଼

,  kୌ୍ ≥ 1.05 and k୲ > 0.65

1

1 + eஒబାஒభ୩౪ାஒమୗାஒయାஒరାஒఱநା
ஒలୋౙ౩
ଶ.଼

,  otherwise

,       (1) 

where, kୢ
ୗ୲ୟ୰୩ୣ is the diffuse fraction, kt is the clearness index, AST is the apparent solar time 

(h), θ is the zenith angle (°), Kt is the daily clearness index, ψ is three-point moving average 

of clearness index, Gcs is the clear sky irradiance (W/m2), and kCSI is the clear-sky index. The 

coefficients β0-β13 for PAR decomposition can be found in the study by Ma Lu et al. (2022). 

Since the original Starke model was for decomposing GHI and not for PAR, the relationship 

developed by Spitters et al. (1986) is employed to calculate the actual PAR diffuse fraction 

kd_PAR: 

kୢ_ୖ =
ൣ1 + 0.3൫1 −  (kୢ

ୗ୲ୟ୰୩ୣ)ଶ൯൧ kୢ
ୗ୲ୟ୰୩ୣ

1 + ൫1 −  (kୢ
ୗ୲ୟ୰୩ୣ)ଶ൯ cosଶ(90 − α) cosଷ α

,                                                                 (2) 

where, α is the solar elevation angle (º). The PAR reflection component has been calculated 

with a view factor approach. The view factor has been calculated with a Monte Carlo Analysis 

as described in the study by Martinez (2013) and refers to the case of a “Rectangular plate to 

unequal rectangular plate” (Howell, 1992; Siegel and Howell, 2002). It is mathematically 

defined in Equation 3 and depicted in Figure 3. 
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Aଶ
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πrଵଶ
ଶ ቤ

୧

୬

୧ୀଵ

=
WL

n


zx

π[(xଶ + zଶ + (yଶ − yଵ)ଶ)]ଶ
ฬ

୧

,

୬

୧ୀଵ

                                     (3) 

where, F1→2 is the view factor estimating the PAR reflected by the vertical surface that impinges 

on the horizontal surface, n is the number of randomly selected pair of coordinates (i.e., 1000 

in our study), β1 and β2 are the angles defining the orientation of the two infinitesimal surfaces 

dA1 and dA2 respective to the line of the centres (°), r12 is the distance between the two 

infinitesimal surfaces (m), and W, L, x, y, z are distances/coordinates defined in Figure 3. The 

total PAR hitting on the vertical surface has been calculated from the total, beam, and diffuse 

PAR on the horizontal surface by applying the Perez 1990 transposition model (Perez et al., 

1987; Perez et al., 1990) available in the PV_LIB (Sandia National Laboratories, 2022).  
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Figure 3: View factor approach. 

The reflected PAR at ground level has been computed as the product of the global tilted PAR, 

view factor, and albedo of the PV modules. The albedo of the PV modules has been assumed 

equal to 4.7% as retrieved from DL-Light® material properties database (Spectral Materials 

Database, 2022; Alstan Jakubiec, 2016; Alstan Jakubiec, 2022). Interreflections were not 

computed. 

2.2 Applications 

Three potential applications of the model developed in Section 2.1 are further investigated in 

this study to show the PAR/GHI distribution effects and model potentials. These include 

surface temperature, evapotranspiration, soil moisture, and crop yield distribution under 

agrivoltaic systems. The surface temperature Ts (°C) has been estimated with the methods by 

Remund et al. (2018) with the following relationship for the daytime: 

Tୱ = Tୟ + [0.015 ∗ (1 − ρ) ∗ GHI − 0.7] ∗ eି.ଽ∗୴,                                                                     (4) 

where, Ta is the ambient temperature (°C), ρ is the albedo, and v is the wind speed (m/s). It must 

be pointed out that agrivoltaic systems, particularly vertically mounted agrivoltaic systems, can 

significantly affect wind speed and direction. The rows of PV panels create a wind barrier in 

one direction, while they can channel the wind in the opposite direction (i.e., vertically mounted 

agrivoltaic systems with PV rows aligned in the North-South direction can significantly affect 

the wind with East-West direction while increasing winds coming from the North-South 

direction) (Kuoet al., 2020). This effect has not been considered in the application of Equation 

4. The hourly reference evapotranspiration (ETo) (mm/h) has been computed with the Penman-

Monteith equation (Allen et al., 1998; Zotarelli et al. (2010) as follows: 
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ET୭ =
.ସ଼∆(ୖିୋ)ାஓ

యళ

శమళయ
୳మ(ୣ౩ିୣ)

∆ାஓ(ଵା.ଷସ୴)
,                                                                                                  (5)  

where, Δ is the saturation slope of the vapor pressure curve at Ta (kPa/°C), Rn is the net hourly 

radiation (MJ/m2/hour), G is the hourly soil heat flux density (MJ/m2/hour), γ is the 

psychrometric constant (kPa/°C), T is the hourly air temperature (°C), es is saturation vapor 

pressure (kPa), and ea is the hourly actual vapor pressure (kPa). Zotarelli et al. (2010) have 

presented a detailed guideline for the step-by-step calculation of ETo. When calculating the 

reference evapotranspiration, instead of using Rn as proposed by Allen et al. (1998), we have 

adopted an approach based on the Stephan-Boltzmann law that better reflects how shadings can 

affect soil surface temperature and thus net radiation (An et al., 2017). The soil moisture within 

the root zone has been modelled with the soil water balance method propped by Allen et al. 

(1998). The seasonal crop yield has been computed with Equation 6, assuming that the surface 

temperature changes according to Equation 5 and assuming no variation of the wind speed due 

to the vertical PV panels rows: 

Yୟ = HIA  cଵ × BE × PAR୲୭୲,୧(1 − eୡమ୍)γ୰ୣ,୧



୧ୀଵ

,                                                                    (6) 

where, Ya (t/ha) is the actual crop yield, HIA is the adjusted harvest index at maturity, c1 is a 

coefficient equal to 0.001, BE is the biomass–energy ratio ((kg/ha)/(MJ/m2)), PARtot,i is the 

total intercepted daily PAR (MJ/m2), c2 is a coefficient, LAIi is the daily leaf area index 

(m2/m2), and γreg,i is the daily crop growth-regulating factor. γreg,i is the lowest value among the 

daily water, temperature, aeration, and nutrient stresses. Equation 6 is the main engine of the 

Environmental Policy Integrated Climate (EPIC) crop model developed by Williams et al. 

(1989), and it is also the central equation used in the integrated model developed by Campana 

et al. (2021) to simulate and optimize agrivoltaic systems. Compared to the study by Campana 

et al. (2021), crop yield estimation in this study was calculated with a grid resolution of 25 cm 

x 25 cm. Concerning crop yield, this might also be affected by the interference that the PV 

modules’ supporting structure has on the precipitation distribution and soil moisture. This effect 

has not been considered or modelled in this study. Thus, vertically mounted agrivoltaic systems 

do not affect the soil water balance model. The crop studied in this study is potato, one of the 

crops already studied by Campana et al. (2021). The critical parameters of the crop model for 

the selected crop can be found in the study by Campana et al. (2021). Sowing and harvesting 
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dates for potatoes were taken by Pulatov et al. (2015), which are the 1st of May and the 1st of 

October, respectively. 

2.3 Data for validation 

The model described in section 2.1 has been validated in two ways. A first validation has been 

performed using PAR data measured. Figure 4 shows the layout of the installed PAR and GHI 

sensors within the agrivoltaic system. In contrast, Figure 5 shows pictures of the reference 

PAR/PAR diffuse (PARd) and GHI/diffuse horizontal irradiance (DHI) sensors installed close 

to the automatic weather station (hereafter called PAR reference sensor) and the PAR sensors 

within the agrivoltaic system. The measurements from two PAR sensors installed at the ground 

level, one at 2.5 m from the vertical bifacial row (hereafter called PAR edge sensor) and one at 

5 m from the vertical bifacial row (hereafter called PAR middle sensor), have been used to 

validate the model for high spatial resolution of PAR distribution at ground level. The installed 

PAR sensors are CS310 full-spectrum quantum sensors from Apogee/Campbell Scientific. The 

PAR/PARd is a BF5 Sunshine Sensor from Delta-T Devices. The GHI/DHI sensor is an SPN1 

Sunshine Pyranometer from Delta-T Devices. The other solar radiation sensors in Figure 4 refer 

to Sensor Box Professional Plus from Solar-Log. All the PAR sensors are connected to a 

Campbell Scientific CR1000X data logger. The original PAR measurements were carried out 

at a 1-minute resolution for the reference and ground sensors. This study aggregates the original 

measurements at a 1-hour time resolution for computational time constraints. Further cross-

validation has been performed using the commercial software DL-Light®, an extension of 

SketchUp® that uses a ray-tracing approach to calculate surface radiation. Since the agrivoltaic 

system in Kärrbo Prästgård entered operation in May 2021 and its related monitoring system in 

June 2021, the PAR validation presented under Section 3 refers to only a few representative 

days. To calculate the PAR distribution at high resolution at the crop level during the growing 

season, we have used PAR data from the Strång model (Strång, 2022). The cross-validation 

with DL-Light® has been performed using GHI data for a typical meteorological year is taken 

from the Meteonorm database (Meteonorm, 2022) instead of PAR or GHI-measured data. This 

comparison has also been performed because challenges have been encountered while 

modifying the original DL-Light® input file that uses GHI data with PAR data. Presumably, 

this was due to internal routines of DL-Light® for checking data quality. DL-Light® is 

commonly used to simulate natural and interior lighting conditions in the architectural context. 

Direct and diffuse irradiance components are tracked, including reflections based on specified 

material properties. 
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Figure 4: The solar irradiance monitoring layout at the end of 2022 at the experimental 

agrivoltaic facility. 

  

Figure 5: Photo of the PAR, PAR/PARd, and GHI/DHI sensors (from left to right) installed on 

the same mast of the automatic weather station (left) and PAR sensors at the ground level. 

3 Results and discussion 
In this section, the validation and cross-validation, respectively, for PAR and GHI distributions 

at ground level are presented. Afterwards, the application of the model for surface temperature, 

reference evapotranspiration, and crop yield distributions are presented.  
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3.1 Photosynthetically active radiation distribution model validation 

The PAR seasonal distribution (i.e., from April to September included) from where the 

modelled hourly time series of PAR are extracted for validating the calculated PAR time series 

at the PAR middle and edge sensors is shown in Figure 6. Figure 6 has been produced using the 

available PAR measured data from the PAR reference sensor and PAR data retrieved from 

Strång (2022). A complete time series was not available since the PAR reference and PAR 

middle and edge sensors were installed in June 2021. Moreover, PAR middle and edge sensors 

are sometimes removed during the crop growing season for performing agricultural activities. 

The PAR middle and edge sensors are also removed outside of the crop growing season to avoid 

the harsh ground winter conditions and possibility of thefts. The validation of 

the PAR distribution model is presented in Figure 7 for three consecutive clear sky days for 

the PAR middle sensor, one overcast day, and three consecutive clear sky days for 

the PAR edge sensor, respectively. A further comparison between measured and modelled data 

for the PAR sensors installed close to the ground is depicted in Figure 8 as scatter plots. The 

measured data contained in Figure 8 

refers to the measurements available during the crop growing seasons in 2021 and 2022. The 

error metrics, including the coefficient of determination (R2), the root mean square error 

(RMSE), the mean absolute error (MAE), and mean bias error (MBE), are superimposed in 

Figure 8. Figures 7 and 8 show that the model developed in this study tends to underestimate 

the PAR at the sensors' locations compared to the ground measurements. There are three 

potential reasons for the underestimation: 

1. Lack of accurate computation of the reflected irradiance that can have a significant 

impact, especially in vertically mounted agrivoltaic systems 

2. Field conditions, especially for the PAR sensors mounted close to the ground that are 

typically exposed to dust connected to agricultural and experimental activities. Further 

minor interferences at sunrise and sunset could also be caused by the supporting 

structure used for the PAR middle and edge sensors (see Figure 5). 

 

One field activity that is difficult to track and model and might have a significant effect on the 

solar radiation distribution and the accuracy of the simulations is the presence of grass 

underneath the vertical supporting structure. This grass is sometimes left by the farmer carrying 

out agricultural activities, but sometimes it is removed. The effects of those maintenance 

practices are presented in more detail in Section 3.2 while plotting and validating 

the GHI distributions with or without grass underneath the supporting structure. Concerning the 
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sensors' measurements connected to field conditions, it can be noted from Figure 7 that there is 

a discrepancy during noon between the measured values of the PAR reference sensor and the 

measured values at the PAR sensors installed close to the ground. On the other hand, it can be 

noted that a good agreement is shown between the peak modelled PAR and the peak 

measured PAR at the PAR reference sensor. The discrepancy between peak measured PAR at 

the reference sensor as compared to the ground level and the good agreement between peak 

measured PAR at the reference sensor and peak modelled PAR further strengthens that the 

model PAR underestimation is mostly connected to the field conditions to which the ground-

mounted PAR sensors are subjected. Significantly better accuracies could be achieved with 

daily sensor cleaning operations. Another aspect worthy of note is that there is an evident 

difficulty from the model to capture the exact moment where shading appears-disappears, 

especially in the PAR edge sensor (e.g., discrepancy occurring between modelled PAR and 

measured PAR at low PAR measured values [e.g., left part of the second subplot]). This 

discrepancy can be caused by the difficulty in tracking operational field activities connected to 

the grass removal underneath the supporting structure. The presence or not of grass underneath 

the supporting structure can affect the reflected radiation on the PAR sensors installed close to 

the ground. Moreover, the geometrical model developed in this study in Matlab® environment 

is a simplification of reality. In reality, gaps between the vertically mounted bifacial PV 

modules allow light to go through the PV array and reach the PAR sensors. Furthermore, the 

bifacial PV modules do not form a perfect plane, but each two PV modules in the vertical 

direction are staggered by some centimetres compared to the following and preceding PV 

modules (see Figure 5). These geometrical details are not represented in the geometrical model 

of the agrivoltaic system implemented in the code developed in this study but could affect the 

modelled shading distribution compared to reality. Those details, as mentioned above, and their 

effects on the shading distribution can be captured on sub-hourly simulations. Nevertheless, we 

have performed hourly simulations in this study, and the original 1-minute measurements have 

been aggregated hourly. This time issue could introduce other errors in comparing modelled 

and measured data. 
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Figure 6: PAR seasonal distribution within the agrivoltaic system at Kärrbo Prästgård in 2021. 

 

Figure 7: Validation of the PAR distribution model for the PAR middle sensor for three 

consecutive clear-sky days at the PAR middle sensor (left), for one overcast day at the PAR 

middle sensor(middle), and for three consecutive clear-sky days at the PAR edge sensor 

(right).  
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Figure 8: Scatter plot of the measured versus calculated PAR at the middle (left) and edge 

(right) sensors. 

3.2 Global horizontal irradiance distribution model cross-validation 

Two scenarios were considered when analysing the GHI distribution at ground level: with and 

without grass underneath the supporting structure. The aspect of how the presence or absence 

of grass underneath the supporting structure affects the solar irradiance distribution was already 

highlighted and partially shown in the study by Campana et al. (2021). The 3D models 

developed in SketchUp® and used as a basis for ray-tracing calculations with the DL-Light® 

Watt extension, are depicted in Figure 9. The simulations were performed using the same 

temporal range and geometry as in the proposed Agri-OptiCE model with a grid resolution of 

25 cm x 25 cm. The ground albedo was assumed to be the default 0.2 for grass. Interreflections 

were not considered.  The data depicted in Figure 9 and following have been calculated using 

typical meteorological year data taken from the Meteonorm database (Meteonorm, 2022). The 

model used for cross-validation represents a row of a vertically mounted agrivoltaic system 

with PV modules East-West oriented (i.e., it does not completely reflect the orientation of the 

experimental agrivoltaic facility [see Figures 4 and 6]). It can be clearly seen that the radiation 

distribution at ground level can be significantly affected by the presence of grass or not. For 

cross-validation, two ground-based points were selected. Those two points correspond to the 

exact location of the PAR middle and edge sensors within the agrivoltaic system, but the height 

is at ground level. The comparison between modelled data with DL-Light® taken as reference 
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and modelled data with Agri-OptiCE is presented in Figures 10-11 for the case with and without 

grass, respectively. The error metrics, including R2, RMSE, MAE, and MBE, are superimposed.  

 

 

Figure 9: 3D models developed in SketchUp® and for the vertically mounted agrivoltaic 

system with and without grass underneath of the PV modules supporting structure. 

 

Figure 10: Comparison between DL-Light® and Agri-OptiCE Global horizontal irradiance 

(GHI) distribution for the middle (left) and edge (right) sensors assuming grass underneath the 

agrivoltaic system supporting structure. 
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Figure 11: Comparison between DL-Light® and Agri-OptiCE Global horizontal irradiance 

(GHI) distribution for the middle (left) and edge (right) sensors assuming no grass underneath 

the agrivoltaic system supporting structure. 

Figures 10-11 clearly show that the model developed in this study shows high accuracy (i.e., 

R2 higher than 0.98) in all the cases and sensor positions considered. As it occurred for the PAR 

measurements validation, a loss in accuracy occurs while the sensors pass from shading to a 

non-shading condition and vice versa.  

3.3 Model applications 

The distribution of the surface temperature and reference evapotranspiration for a specific day 

and hour are depicted in Figure 12a. Figures 12a and the following ones have been computed 

assuming the grass is left underneath the agrivoltaic structure. As performed for the cross 

validation, the data depicted in Figure 12 have been calculated using typical meteorological 

year data taken from the Meteonorm database (Meteonorm, 2022). The geometrical of the 

agrivoltaic system represents a row of a vertically mounted agrivoltaic system with PV modules 

East-West oriented (i.e., it does not completely reflect the orientation of the experimental 

agrivoltaic facility [see Figures 4 and 6]). The surface temperature is a fundamental parameter 

for calculating the crop temperature stress and assessing the microclimate underneath 

agrivoltaic systems that can affect the energy performances of the bifacial PV modules. This 

study estimated the surface temperature with Equation 4 from Remund et al. (2018). They 

reported an R2 of 0.87 against measurements. A more detailed model for estimating surface 
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temperature was developed by Leaf and Erell (2018) by using an energy balance approach, and 

they reported an R2 of 0.95. A natural evolution of the code developed in this study will be to 

implement the model by Leaf and Erell (2018) for estimating surface temperature. Reference 

evapotranspiration represents another fundamental parameter/step for calculating crop water 

requirements and, consequently, soil moisture and crop water stresses under agrivoltaic 

systems. As it was presented for PAR and GHI distribution, the presence of the agrivoltaic 

system affects the distribution of the average surface temperature and cumulative reference 

evapotranspiration between the two adjacent rows of bifacial PV modules. The variation of 

annual mean surface temperature and cumulative reference evapotranspiration as compared to 

the reference non-shaded area is depicted in Figure 12b. The parts of the agrivoltaic rows that 

suffer the most reduction in solar irradiance are the same parts for which the mean surface 

temperature and annual evapotranspiration have lowest values. The crop yield distribution for 

potatoes can be found in Figure 12c, together with the average soil moisture depletion (i.e., root 

zone depletion Dr,i as formulated in Allen et al. [1998]). A similar trend is also shown here, 

with the crop yield higher in the middle of the row where the crops receive higher values of 

PAR than the edges.  

The model developed by Campana et al. (2021) calculated the average crop yield under the 

agrivoltaic as a function of the row distance, average shading factors, and corresponding 

reductions in PAR, and reference evapotranspiration. The computed average crop yield under 

the agrivoltaic along the central area is 5.74 t/ha with the model developed in this study. The 

crop yield calculated with the model developed by Campana et al. (2021) is 5.9 t/ha. It can be 

concluded that the model developed by Campana et al. (2021), despite using a simplified 

approach within the entire area delimited by two rows, shows a satisfactory accuracy compared 

to the more advanced model presented in this study. Due to the lack of statistics concerning 

potato yield in open-field conditions in Västmanland County (the county where the 

experimental agrivoltaic facility is installed), the average potato yield in the Orebro County, 

one of the closest counties to Västmanland County, was taken as reference. The average potato 

yield in the period 2011-2021 is 30.7 t/ha (Statistic Sweden, 2022). By assuming a 20% dry 

matter weight, this totals 6.140 t/ha. The maximum and minimum reported crop yield in open-

field conditions were 7.348 t/ha and 5.044 t/ha (Statistic Sweden, 2022). A more detailed 

validation for a specific year was carried out in the study by Campana et al. (2021). 
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Figure 12: a) Surface temperature (left) and reference evapotranspiration (right) distribution for one 

single hour (i.e., June 15th 11 am) for a typical meteorological year; b) Annual mean surface 

temperature variation compared to the reference non-shaded area (left) and cumulative reference 

evapotranspiration variation compared to the reference non-shaded area (right) for a typical 

meteorological year; c) Crop yield distribution and average soil moisture depletion within the 

agrivoltaic field for potato. 
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As mentioned in Section 2.2, the effect of wind on the precipitation and soil moisture 

distributions in this study has not been considered. This effect could potentially have significant 

effects, especially in vertically mounted agrivoltaic systems, since they might represent a barrier 

to the precipitation, mainly when precipitation occurs in combination with high wind speeds. 

Thus, we normalized wind speed intensity and precipitation and calculated the product during 

the crop growing season. Figure 13 shows the normalized product rose.  

 

Figure 13: Normalized product wind speed-precipitation rose during the crop growing season 

(i.e., from April to September). 

It can be clearly seen that the occurrence of the highest wind speeds and precipitations has a 

marked direction, mainly from the East. This wind-precipitation distribution shows that the soil 

in correspondence of the East side of the PV modules row can have a rain accumulation effect 

and thus higher soil moisture values than the West side. This heterogeneous distribution of the 

precipitation can affect water stresses and crop yield depending on the season. For instance, 

during a dry season, the soil on the East side of the PV modules row can benefit from water 

accumulation, while the West side can further suffer a lack of water. On the other hand, during 

a wet season, the soil on the East side of the PV modules row can suffer from aeration stress, 

while the West side can benefit from the lack of water.  
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4 Conclusions and future works 

This study developed a model for high-resolution spatial distribution of PAR and GHI at the 

crop level from an existing model for simulation and optimization of vertically mounted 

agrivoltaic systems. The main conclusion of this study are as follows: 

 The modelled high spatial resolution PAR is higher than the measured PAR at ground 

level, with coefficients of determination varying from 0.82 to 0.92 for PAR edge 

and PAR middle sensors, as defined in the main text. By analysing the mismatch 

between measured PAR values at the reference sensor and measured PAR values at the 

ground level during noon, it can be concluded that field conditions could be a primary 

cause of the mismatch between measured and modelled PAR at ground level.   

 The modelled high spatially resolution GHI shows good agreement with the commercial 

software DL-Light®, an extension of SketchUp® that uses a ray-tracing approach to 

calculate radiation on surfaces with coefficients of determination higher than 0.98 

 Among several model applications presented in this study, the computation of crop yield 

between two adjacent rows of the vertically mounted agrivoltaic system shows good 

agreement with an existing integrated model for the simulation and optimization of 

agrivoltaic systems. 

 The computation of the soil moisture within the agrivoltaic system can be significantly 

affected by the combined effects of wind speed, direction, and precipitation, and thus 

this aspect should be carefully investigated. 
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