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ABSTRACT

Agrivoltaic system combines solenergyand agreculture which is an effective way to utilize

the lands full potentialCrops can begrown betweenvertical panelsor undertilted panels
among other design€ombining solar panels aragriculture leads to optimization of space.
This degree projeavaluatesa comparison o$everal parameters measured both in a vertical
agrivoltaic system andreference control pldocatedin KarrboPrastgardyasterasSweden
Specifically,the correlationbetweenthe groundalbedo andchormalizeddifferencevegetation

index (NDVI) under the two treatments are investigatédrrelations betweethe albedo and

the NDVI against different weather parametams alsexplored. Linearegression models are
developed separately for the albedo and NDVI with the most correlated parameters. In addition,
because the albedo in the reference is not the same as the albedo in the agrivoltaic system, a
linear regression model linking the albedbthe agrivoltaic system, and the edlo of the
reference system is further developed. With this latter model, power production from the
vertical agrivoltaic system is simulated under different albedo considerations: using measured
albedo from the agrivoltaic system, using predicted albeata the linear regressianodel,

and using measured albedo from the reference sysihese powelestimations are then
compared to the real power production from the agrivoltaic systdma. study employs
MATLAB for data analysis, models development and power production simulations.

The study compared tloorrelationbetween ground albedmd NDVI in an agrivoltaic system

anda control plot.The albedo model revealed that the reference system could explain 87% of
the albedo variance in the agrivoltaic system, but the NDVI model showed that the reference
system could only account for 39.6% of the variation in the agrivoltaic syEiamimermore,

for the power production comparisqrusing the actual measurealbedo in the agrivoltaic
showed the mostcaurate poweremployingpredicted dedothrough the linear regression
modelshowedthe second highesindusingthe albedo measured in tmeference showed the
leastaccurate.

Keywords: [Agrivoltaics, Albedo, NDVI, Linear correlatior,inear regressign
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SUMMARY

This study introduceshe concept oagrivoltaig an innovative landise practice that merges
agricultural activities with solar energpnversion This approach is increasingly relevant due

to the rising global population and tle®rresponding demands for food and energy. In
agrivoltaic systems, crops are grown under or between solar panels, allowing for simultaneous
agricultural and solar energy generation on the same land.

Thepurpose othisresearch is to create linear regression modeN®I, and ground albedo
based on widely observed meteorological variabl@smpared to open fields, installing
photovoltaic(PV) panels alters the microclimad/heninstalling PV panels on an open field,
factors such as wind patterns, rainfall distribution, sunlight shadowing, and temperature will
fluctuate. The study will also compare the NDVI and ground albedo between the agrivoltaic
system and reference op#eld conditions as wellas the relationship between ttveo. To
answer the research questions, methods such as literature review, collection of data, and data
analysis were employed. The data was obtained at an agrivoltaic location in Kéarrbogsyaster
and processed with the MATLAB program. Different analysis tools, such as corrplot and fitim,
were employed in MATLAB.And at the end the data was divided into different data sets
summer and neBummemonths.

The study examined the relationship between ground reflectivity (albedo) and the health of
vegetation (Normalized Difference Vegetation Index, or NDVI) in both the agrivoltaic system
and a control plot. It also investigated how both albedo and NDVI relatarimus weather
conditions. To quantify these relationships, linear regression models were created for both
albedo and NDVI, using the weather parameters that showed the strongest correlations with
them.

Further a linear regression model for albedo the agrivoltaic system andalbedo in the
reference system were also develofdgklewise, a linear regression model for NDVI in the
agrivoltaic system andDVI in the reference system were also develofped.albedahe R
squared value of 0.87 shows that 87% of the variation imallleglo in the agrivoltaic system
can be explained by thatbedo in the reference system. On the otrerd,for NDVI the R
Squared value of 0.396 shows that only 39.6% of the \@miat the NDVI in the agrivoltaic
system can be explained by the NDVI in the reference system.

Using the developed modebower production from theertical agrivoltaic systemwere
compared to different scenaridswas compared tditee differentscenariosl) the simulated
power using themeasured albedo from the agrivoltaic system, 2) simulated power using the
predicted albedo from tHmear regression modaking the reference albedo measureme)ts
simulated power using theeasurd albedo from the referengdot. The comparison shoxd

that thesimulated power production of the vertical agrivoltaic system using directly the albedo
measured in the agrivoltaic system results in the highesjudred value, follwed by the
simulated power from the predictetbedo with second highest f8quared value and the
simulated power from the albedo in the reference syktahthe lowest Bquared value.



SAMMANFATTNI NG

| demastudie introduceras konceptarivoltaiska systenett innovativt satt att anvanda

samma mark fojordbrukochproduktion avsolenergi. Detta tillvagagangssatt blir alltmer
relevant pa grund av den 6kande globala befolkningen och de darmed sammanhangande
kraven pa mat och energi. | agrivoltaiska system odlas grodor under eller mellan solpaneler,
vilket mojliggor samtidig produkbn av jordbrukoch solenergi pa samma mark.

Syftet med denna studie ar att skapa linjara regressionsmodeller for9obBMar ett index pa
vegetationeshalsa octiathetsamt albedsom &r ett varde pa markemslektivitet baserat pa
observerade meteorologisgarametrar

| jamforelse md referenssystemeid opet falt forandrasmikroklimatetvid installation av
solcellspaneler. Nar solcellspaneler installeras pa ett dppet falt kommer faktorer som
vindmonster, nederbdrdsfordelning, skuggning av solljus och temperatur att variera. Studien
kommer ocksa att jamfora NDVI o@ibedo mellan det agrivoltaiska systemet och
referenssystemggamt forhallandet mellan ggatva system For attbesvara
fragestallningarnanvandes metoder som litterattudier insamling av data och dataanalys.
Data samlades in pa en agrivoltasskparki Karrbo, Vasteras, och bearbetades med
mjukvaranMATLA B. Olika analysverktyg, sdsom corrplot och fitlm, anvandes i MATLAB
sedardelades datain i olika uppsattningar for sommawsch ickesommarmanader.

| studien undersoktesambandet mellan albedo ddbVI i bade det agrivoltaiska systemet

och et referenssystentHur bade albedo och NDVI forhaller sig till olika vaderférhallanden
undersoktes ocks&or att kvantifiera dessa samband skapades linjara regressionsmodeller for
bade albedo och NDVI, med hjalp av de vaderparametrar som sisaklast korrelation.

Vidare utvecklades en linjar regressionsmodwllanalbedo i det agrivoltaiska systenoeh
albedo i referenssystemet. P& samma satt utvecklades en linjar regressionseitzdell
NDVI i det agrivoltaiska systemet och NDVI i referenssysteiietrelationen mellan
abedovardernaen variation pa 8%, medarkorrelationen mellan de tva NDVI indexen
visade 3% % variatian.

Med hjalp av den utvecklade modellen jamfordesrgiproduktioneriran det vertikala
agrivoltaiska systemet med tre olika scenarier: 1) den simulerade effekten med hjalp av den
uppmatta albedeardetfran det agrivoltaiska systemet, 2) den simulerade effekten med hjalp
av den forutsagda albeddirdetfran det agrivoltaiska systemet, 3) den simulerade effekten
med hjalp av den uppmatta albedkirdetfran referensystemetJamforelsen visade att
simulerad energiproduktion i det vertikala agrivoltaiska systemet som anvahdeeke
uppmattaalbedevardeti det agrivoltaiska systemear narmasimed den uppmétta
energiproduktionerfoljt av den simulerade effekten fran den férutsagda alvédidetoch

sistden simulerade effekten fran albedirdeti referenssystemet hadiéngst ifran
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ABBREVI ATI ONS

Abbreviation  Description

PV Photovoltaics

NDVI Normalizeddifferencevegetation index
RMSE Rootmean square value

MAE Mean Absolut error

DEFI NONS

Definition Description
Albedo Reflected light from the surface



1 INTRODUCTION

The worl dds popul at i o n9 bilie byyysat205Mmant eodsequentlyi n c r €
the demand of food will rise rapidly. Increasing food demand will lead to increasing demand of
energy andand. Agrivoltaic, is an innovative landse practice that combines agricultural

activities with solar energy production. In agrivoltaic systems, crops are grown beneath solar
panels or photovoltaic arrays, allowing both agriculture and solar energy gentyatamxist

on the same area of land.

1.1 Background

The earth is facing a huge problem with climate changgey which leads to various effects
on the planesuch as increased temperafuoss of species and not enough féodthe world
populationare just few of therfUnited Nation2023) Burning fossil fuel isa huge contributor
to CO2 emissions wbh leads to extreme climatbangesAround 90% of the CO2 emissions
descend today from fossil fuélnited nationssustainate DevelopmenGoals(SDG) number
two Zero hunger anchumberseven Clearand affordableenergyare development goals to
reduce emissions from elecity generation angrovideenough foodAgrivoltaic systemsare
one solution which can help teach these goals

S w e d gavainsnent has set a goareéchingzeroCO, emissions from electricity production
in 2040and net zero emissions by 204&cording to Energimydigheten (2021)e electricity
production is diviled in Sweden betweedmnydrgpower (40%),nuclearpower 9%), wind
power(19%), heatpower ©%) and solar power (1.14 %)

1.1.1 What is Agrivoltaic systems?

The majority of land suitable for solar parks could be used for agricultural purposes, so
according to PVcasg€023) agrivoltais is a innovativesolution to fully utilize the land's
potential There are two categories of agrivoltaic systems depending amrdregemensf the
system(Kumpanalaisati et gl2022) The first ystemis not designed to grow crops underneath
which meangplants aremountedin a designed way and crops are grown where there is space
left. The second system where a system idesignedrom the beginning for both crops and
photovoltaic (PV) panels to ceexist Land utilization beneath prexisting stationary PV panels
encompasses the practice of integrating agricultural activities into established fixed PV systems
to make the most of the untapped space surrounding the solar farm. This land utilization can be
classified into three main categories: cultivation beneath PV panels, cultivation between PV
panels, and PV installations combined with animal farnfifagnpanalaisati et al. 2022

1.1.2 What is Albedo?

Solar reflectivity, or the sun's reflection off a surface, is known as albedo. Surfaces with greater
solar reflection have higher albedo values, while those with less reflection have lower albedo
values. Albedo values range from O to 1, or as a percendugee Qb6 represents complete
absorption of solar radiation and 1 represents 100% reflection (Kumar et al 2021).

Cooler surfaces exhibit a greater albedo value compared-terhpered surfaces, which have
a lower value. Darker surfaces have a lower albedo value because they absorb more light than
light-colored surfaces, such as snroavered surfaces. Surface albésimfluenced byseveral



variables, including the kind of soil, moisture content, and degree of vegetation urbanization.
As a result, the values vary greatly from surface to surface (Kurah2@p1).

Albedo measurement can be difficult because a given surface's value is not always the same.
Hutchins (2020) statethatit can differdepending on numerous factors, for exangdeels
installedon grassthe albedo value isfluenced byseasonal changégreen fresh grass vs. dry
grass). Another exampéepanels orconcretewhich the albedo valusan beaffectedby dust

or rainfall. How albedoshould bemeasureds lacking in thePV panelindustry becausensite
measuremen@renecessaryor correctmodelng andsimulatingbut there areno setstandards

for measurementrocessThis leads to various approaches amédrpretations in thBV panel
business.

1.1.3 What is Normalized Difference Vegetation Index (NDVI)?

NDVI (NormalizedDifferenceVegetatiorindex) is a measurement used to find out vegetation
density and health (GISGeography 2023). NDVI is calcula#ésd NDVI = (NIR-
RED)/(NIR+RED) where the NIRs the \alueof NearlnfraredReflectanceand RED ighered
visible reflectance. Both NIR and RED have different ramgfewavelength, NIR has 750
1300nm and 60F00nm (Ma et a).2011). NDVI is a valuemeasuredrom -1 to 1, wherea
value of zero meansaresurface or minimunvegetation(Streambatch2023) A value less
than zero means water surfaces like lakes or o@aha value of 1 indicatdésgh vegetation
density.

The correlation between NDVI and ground data is very stittiegvalueexpanddinearly with
the healthand quantity of theregetationhighlights Streanatch(2023. However moist soil
can affect the NDVValue becausmoist solil is darker in coloiThis change can vary the value
even though theegetation is the samBDVI is very accurate indicatdior vegetatiordensity
andheat,but it cannotdistinguishtype ofvegetation

1.14 Bifacial PV Panels

Accordingto Rédel and Pamer (2022)bifacial solar panels refer to photovoltaic modules
which aredesignedio capture sunlight from both front and back side ofdbkar panein
comparison to traditional monofacial panels, which only capture sunlight from front side.
Normally bifacial panels havdransparenbr glass backset, which allows sunlight to pass
through andeflecton the backside of the solar panels

According to Hutchins (2020) ifacial PV panels carsignificantly increasethe energy
production,but it depends on many factoasxd how the panels are maintained and installed.
How thediffuse lightaffects the model is important factor becatisebifacial panel absorbs
bothdirect and diffuse radiatioNormally theground shadingan be complicated, each point
on the ground@ontents different agsand variation in distance



1.2 Problem Formulation and Purpose

The purposeof this study is to develop linear regression mettei NDVI and groundalbedo
from commonly measured weather parametastalling PV panels changes the microclimate
in comparison to open filedheconditions will change such as wipdtternsrainfall
distribution sunlight shadingnd temperature when installing PV panels on open filed.
study will also show a comparison of the NDVI and ground albedo between the agrivoltaic
system and reference opBeld conditions and the relatian between

1.3 Research questions

T RQ1l) How do the correlations between NDVI, grouathedo, and various
meteorological parameters inform the modeling of NDVI and ground albaded on
the observedweather factors within both a vertical agrivoltaic system and a
corresponding reference control plot?

1 RQ2) To what extent can NDVI and ground albedo values obtained from the reference
control plot be employed to predict the NDVI and ground albedo within an agrivoltaic
system?

1 RQ3) Considering thabedoestimationsn the vertical agrivoltaic systederived from
the albedo measured in theference control plot, what level of accuracy can be
achieved in utilizing estimated ground albedo to calculate the power production within
the agrivoltaic system?

1.4 Delimitation

The impact of the differences between the albedo and NDVI values between the reference plot
and the agrivoltaic systeto the PV energy conversion and trepwill not be evaluatedn

other words how thevariability in albedo and NDVI values of the agrivoltaic system affect
solar power generation or the crop yield will not to be studied in this project.



2 METHOD

2.1 Literature Review

The literature study is mainly based on studying research articles and papers available in
different databases, searched by relevant keywords as well as literature provided by the
supervisor Platforms like Primo, Gagle scholar science direcand diva portal was used to

find relevant information.

2.2 Data collection

Data collection fronthe agrivoltaic plant in Karbo Prastgavith measurements of Albedo and
NDVI for both the agrivoltaic system and the reference plot are available/siigeest 202 to
August2023in differentintervals.Additionally, the data collectiomcludes measurement$
temperatureprecipitation relative humidiy, wet bulbtemperaturewind chill temperaturand
relative air pressureFinally, measurements of power produced by the two systems are also
collected.

22.1 Data analysis and model development

Software to use for data analysis aedelopmenof the models (e.g., lineaggression models

is MATLAB. The following builtin functions will be used: corrplot and corrcoef for variables
correlationsandfitim for fitting linear regression models. Resudtse reported in correlation
matrixes with corresponding correlation coefficients amvalpes (significance tesandfitting
indicators (coefficient of determinatipriThe andysis staréd by performingquality control of
the parameter®Outliers, missinglata,and periods when the sensors wharder maintenance
or removed frontheir intended locatiorareremoved Additional quality filters areexplained

in section 4. Aftethe quality checkhe data seis dividedin two sets onéor summer months
andfor remainingmonths later the correlation matrix is plotted for each data set.

The correlation matrix is created the metrological parameters against both albedo and NDVI.
Whenthe correlatiormatrix wasperformedthe parameters with strong correlataefficients
were corsidered as preactors for the linear regression model$he linear regression model
between albedo from thagrivoltaic system and the albedo from teéerencesystem was
developed. In the same way a linear regression mod®& D&l from the agrivoltaic system
and the NDVI from theeference system was developed.



3 THEORETICAL FRAMEWORK

S we d eamudelectricity productionis todayaround170 Twh and 1% of the production is
from sola power(Energinyndigeten2022) Green deaflow (2022)stateshere isaround16
GW installed agrivoltaic power globally 2022.The plant in Kéarrbg Vasterasis thefirst
establishedgrivoltaic system in Swedemth a power of22.8kW. The plantwas established
in 2021 anctontainsbifacial PV modules. The site isnostly usedor researchpurpose.

3.1 Agrivoltaic systems

Early 1982 Goetzberger and Zastroembined photovoltaic${V) solarpanel andagriculture

and made the first sétch of an agrivoltaic system(Weselek et al. 2019)n this sketch PV

panels were mounted 2 meters abovefigld with 6 meters in between. This setup permitted

an ample amount of sunlight to pass through thepBNels, allowingplant growth. Japan
developed in 2004 a systenamedfisolar sharing and the prototype was improveuhd
developed into 1008ites,b u t it was i agrivaltidsly stt reemameslvgs A
Dupraz. Dupaz formulatd a model to forecastropyields beneath PV panels and assess the
electricity production. Cultivating cops beneath PV panels has demonstrated to increase land
productivityby a mnge of 35% to 73%\Neselek et al. 2019).

3.2 Bifacial systems

In astudy where verticabifacial east to west mounted panels eoenparedo standardnono
north to south tilted panels showmtthe bifacial vertical east west panels the distribution of
sunlight over the crops are more homogenemmparedo monokcial standardilted north
southwherethe contrast of the shades hrgher(Hussnain et al.2021). The amtigectly below
the panels have lower sunlightensity butt is considerably highdsetween the rows.

3.3 NDVI

NDVI has a directelation toprecipitation and varies depending on ¥iegetatioraccording to
Ghebrezgabher et al. (2018hrublandprairieand grasslanbdavetendedo response strongly
to rainfall changesvhich indicates that these vegetation typeshagkly sensitive to variation
levelsof precipitation On the othehand,forest,and woodlandhe vegetatiomeactsveakly to
the changesn precipitation,but they react stronglyo changes in temperaturtncreased
tenperaturesffectthe health and growth of these areasiafidences their NDVIThere isan
inversed relationship between NDVI and tempera@sethe temperature increases NDVI
decreases

Ghebrezgabher et #2018 continues thatepending on the area the NDVI vadusre different
Lower regions below 600 meter above sea level watim fall lower than 400mm and
temperature higher th&b degreeLelsiushave a NDVI valudetween 0.05 and.25. Values
between (5 and 0.55 are associated with to areas beté@@mand 2000neter, arain fall of
400mm850mm temperaturganging from 21o 25 degree€elsius.NDVI valueshigher than
0.55are areas withainfall above 850mmtemperature betwedri and 2@egrees Celsius and
are located higher th&#000 meter

3.31 Relation between albedo and NDVI

A study by Ma et al, (2011)where a model wadevelopedo initially obtaindata on surface
albedoondesertificatiodand, shows a strongorrelationbetween the 2 parametdre., albedo
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and NDVI). Throughouthe regressioanalysisa strongcorrelationcoefficientof 0,7707 was
discovered. NormallyNDVI an albedohasan inverse relationship fovegetatedsurfaces.
Increased\DVI value tend to decrease th#bedovalue which means betteegetationvhere
more sunlight is absorbed

In a studyby Yuan (202) made in BeijingChinashowthe correlation betweentsdo and
NDVI. The studyinvestigatedlifferent years (200,2008 and 201@&ndseveral provincest
showedthatalbedo and NDVI hd opposite trends/ery high correlatiorcoefficientof 0,9756
was found between the twparameters.This study also shows he urbanizationand
afforestatio influencesalbedo andNDVI. In the affoestation areas the albetions out to be
low and NDVI high.

3.3.2 Albedo and agrivoltaic systems

In the studydonein Spainby T ¢, r k dhatetralu(2022) stateshatin the agrivoltaicgreen
soil has an increase in albedo. In this aassomparison tdare soitthe presencefdeaves or
vegetationhas higher albedo value$he study also shows a correlatiobetween energy
production andalbedo. In this case increasaithedo leadso higherincidentradiationwhich
leads to more reflectivity osunlight to the solar panels whicrenhancesmore energy
production

A study byKutay (2022)consistof two different albedealue simulationg different surfaces.
Both dak surfaces and light surfacesd areferencesurfacewith 0.65 albedo valueThe
simulations showed thathen power that was put inggid varieddepending onvhich albedo
value the surface haBspeciallywhenthe albedo wa$.65, the powelinjectedinto the grid
was higherand the system showed a gain ofZB8%6 when the different albedo values were
used.The stug shows a clearelaionship between thalbedoand power supplyin most cases
higheralbedovalue generates highpower generatiorit also showed thahe power gain was
between 1%and 20%for average values.



4 CURRENT STUDIES

The current stugdwill describe how theensos areinstalled and the data is collected in
Karrbo prast gar69.55°N, 16.76°E)VasterasSwedenIn this section the ground condition
and the data collection widllso be describedurthermorelinear regression model
correlation matrixand power production comparisaill be described.

Figure 1. Layout of thegrivoltaic systenand snsor$red circles)a Karrbo Pr‘cistgérd.hoto credit Jonathan
Lévholm, IVAR Studios AB.

4.1 Layout of the agrivoltaic system

Figurel. illustrateshow the panels and sensors are placed iragnoltaic planin Kéarrba
From left to right circles in the in the pictureetie is weather station, refererabedo and
NDVI sensors andgrivoltaic albedo and NDVI sensor3he are two different bifacial PV
systemdut themeasuremenised in thisstudy isfrom the vertical agrivdhic bifacial system
(VAV). The VAV systemasshown inFigure 1 consist of3 rows, each 18 metel@ang and the
heightof 0.80 metersThe installed capacity is of this VAV system28.8 kWand the panel
model used idolywood modules (JVID72N-380).

The albedo and NDVdensorsare placedne on the open field arahe betweer2 of the PV
panelrows. FOorNDVI measuremergensors fromApogee instruments were usedodel S2
411-SS asupfacingandS2-412-SS as downfacing-or albedo measuremehe albedmetes
also from Apogee model SPLO-SS is used.

The weatherstation measuresthe weather parameters such as air temperatatative
humidity, relative air pressurget bulbtemperaturewind direction, windspeed windchill
temperature, dewoint and precipitationJsed weather station is from the companyft.ahd
the model i<alledWS600-UMB smart weather sensor.



4.2 Ground conditions

Different crops were grown during different season while cotlgcthe data. The first
measuringperiod, summer 2022JuneAugust) pasture grass was grown between the solar
panels.During next season (Augudflay) winter wheatwas grown and duriniylay-August
2023barley was grown between the panels.

4.3 Data collection quality filters

After collecting the raw data from the files soofehe data was filtered out from the data set.
The data when the zenith angle greater than 75 degrees was exbkmmdéef the higher
error in the accuracy of the albedo and NB¥hsos. The data when the relativimidity was
100% was also removebDVI values greater than 1 and less tharare filtered out, as are
albedo valuetess tharD andgreater than.

4.4 Correlation Matrix

A correlation matrixindicatesa linear relationshigbetween two variabledepending on the
correlation coefficient valuand was createdsing the corrplot function on MATLABThe
correlation cofficient is a value between 1 antl. Where-1 meansdeal negative correlation
and 1 meansdeal positive correlationValues approachin® suggest a weak correlation
between given variables.

4.5 Linear Regression Model

A linear regression model is wedlited for modeling the relationships between albedo and
environmental parameters, given ttm@relation values observellinear regression relies on

the idea that theris a straightline relationship between input variables (like air temperature,
humidity, air pressure, and wind direction) and the output variable (albedo). The correlation
values support this idea, indicating clear linear trends in the data. Even thagybdfrelations

arenot very high, they still show moderate linear relationships. This matches well with what
linear regression is gooddaproviding decent predictions for ralatships of this strength. So,

this model remains useful for capturing and measuring the basic patterns in how albedo interacts
with its environmental surroundings, including air temperature, humidity, air pressure, and
wind direction.

The bult in function fitlm in MATLAB isused ashe linear regression model, statistical method

used to understand the relationship between a dependent variable (also called the response or
outcome variable) and one or more independent variables (also called predictors or features).
The primary idea it find a linear relationship that best explains the variation in the dependent
variable based on the values of the independent variables. In thisveasiger parameters are
independent variabde X1, X2é , Xn and Albedo is dependent variable Predictors
coefficient are represented lilie betavaluesbg, b2  &n. These coefficients represent the
change in the dependent variable for a-on# change in the corresponding independent
variable, holding other variables constant.

The pvalue in the context of linear regression represents the probability of obtaining the
observed result p-value of 0, or <0.05 means that the predictor is significant, and the null
hypothesis is rejected, but highp valuemeans there isotenough evidence to confidently say
that there's a significant effect or relationship in your @aa it could be a random value



According to Dahiru (2008A low p value normally<0.05 indicateghat the relationship
between the variablés not by chance

The Rsquared value, or coefficient of determination, in a linear regression model quantifies
the proportion of the variance in the dependent variable that is explained by the independent
variable (in this casalbedo or NDVI) It ranges from 0 to 1, where 0 indicates no explanatory
power, and 1 signifies perfect prediction. A highesd@iared value suggests a better fit of the
model to the data, indicating that the independent variable effectively explain the variability in
the dependent variable.

Equationl @ T Toplp Tche Tolo T
The parameters are estimated as follows:

bO = Intercept

b1 = coefficient of the predictor variable X1
b2 = coefficient of the predictor variable X2
b3 = coefficient of the predictor variable X3

" = Residual (error term)

45.1 Linear regression model for albedo and NDVI against the weather
parameters.

The linear regression modelvere developed by using thi#dm function for each datset
(summer and nesummer months for both agrivoltaic and reference systéhgre Yis
albedo or NDVI andX is all the weather parameteM/hen runningthe fitim function the
intercept, theestimatedcoefficientand p value for each weather parameter iteaiated After

the first iteration all the weather parameters with a p valué5 excludedand remaining
parameters wetigerated again. This processs repeated until only parameters withhzafue
lessthan 005 were left. The R squared value were obtained from the fitim functidhe
intercept anaestimatedcoefficientvalues were used to create the linear regression model with
Equation 1.

45.2 Linear regression model for albedo and NDVI

The linear regression model for albedo agrivoltaic against allefdence as well as for the
NDVI agrivoltaic againsNDVI reference were also developed by using the fitlm function in
MATLAB. When developing for the AlbeddX was albedareferenceand Y was albedo
agrivoltaic. Similarly, for the NDVI, X was NDVIreference and Y was ND\Agrivoltaic.
When running the fitlnthe intercept valueand theestimatedcoefficientwas obtained. The
obtained valuewere later used in the equations below to find the linear regression model.

Equation2: 6 O fmt fpz0 O
Equation3:0 & c¥Q'Q Fm fpzdacEQQ
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4.6 Power production

In this section different power outputs were compared usingvilbe in-house integrated
modelling and simulation to@#\griOptiCEN. In the comparison the measusalve, whichis

thereal power output from the agrivoltaic systensompared t@® different simulated powers.

1) Simulated power Agrivoltaic system is calculated by using the albedo measured from the
Agrivoltaic system?2) simulated power Reference system is calculated by using the measured
albedo from the reference syste8). Simulated power predicted albedo by using fitim for
estimating thalbedoin theagrivoltaicby using as input in the regression model the measured
albedoin the referenceUsing Equation4 albedo agrivoltaic predicted was calculatélhen
comparing the different simulated powers to the measposckr the following indicators

MAE, RMSE,and RSquared were used measure the accuracy.
Equation4:0 i 'Q'Q "Gl @@Q T Tpz0 & CERLy0i 0t b0

The meanabsolute error (MAE)

The MAE valueestimates the &vage magnitudef errors predictedompared to the actual
values.When calculatinghe absolute difference betweeach prediction and observation the

MAE value gives aclear measure of accuracynaffected by the direction of errorSor

example,if MAE is 2, it meansthat projecton differ from actukvalues by 2 kilowatts on

average MAE is easyto interpret andeffective for assessing prediction performamgth

lower MAE values suggestiraggstronger matchetweerthemodeb s pr o] eealworld ns anc
observations.

The root mean Error (RMSE)

RMSE theroot meanssquare error measures the averagedizlee error between antgated

and actual values with greatror being significanRMSErestricts errors more gerdy than

MAE by squaringthe difference providing sensitivityo outliers.Lower RMSE values imply
higher predictionaccuracy withthe measure offerin@ full evaluation of themo d el 6 s
performanceonsidersoth the amount andistribution of errors.
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5 RESULTS

5.1 Correlation between parameters and albedo

5.1.1 Summer months Agrivoltaic system (albedo)

In Figure 2 and Figure 3 the correlationbetweenabedoand weather parameters such as air
temperature, relative humidity, relative air pressure, wind directi@t, bulb temperature
precipitation, dew point temperature wind chill temperature and aiedhown In addition,
the matrixshowshow theweather parametemre correlated to each other as lwel the
agrivoltaic system for summer months Juegust. Thenumber in eackcatterplotepresents

correlation coefficient

Correlation Matrix
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Figure 2. Correlation matrix for albedo andeather parameters during summer for the agrivoltaic system 1.
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Figure 3. Correlation matrix for albedo and weather parameters during summer for the agrivoltaic system 2.

In Table 1 lirear regression modeising fitim for albedo against the weather parameters are
shown.The estimated coefficient and thevalue is displayed for the summer months in the
Agrivoltaic systems.

Tablel. First iteration of etimated coefficient andyaluesfor summer monthis the agrivoltaic system

(albedo).

Parameters Estimated Coefficient P value
Intercept -0.0031921 0.13983
Air temperature 0.21974 0.17898
Relative humidity 1.7393e05 0.99844
Relative ar presure -0.004057 1.988e09
Wind direction 0.00020624 0.14819
Wetbulb temperature | -3.8751e05 0.06622
Dew point temperature | 0.023497 0.068909
Wind chill temperature | -0.001481 0.83407
Wind speed - 0.017286 0.00040702

Based on table 1, table 2 shows the linear regression rafidelexcluding the valuesore
than 005. Additionally, the wet bulb temperatur@arameter is kept in the moder another
iteration as its walue is close toding significant, the other temperature variables are removed
due tomulti collinearity.

Table2. Second iteration of estimated coefficient angafues for summer months in agrivoltaic system

(albedo).
Parameters Estimated Coefficient P-Value
Intercept -1.1498 7.0004el14
Relative air pressure | 0.0012314 5.9474€16
Wetbulb temperature| 0.00094419 0.18388
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