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SUMMARY

Solar photovoltaic (PV) energy has the potential to become a major source of electricity
production worldwide. However, the deployment of this renewable energy source comes
with several challenges. Besides societal, political, and grid-limiting, several technical limi-
tations decrease the trust in this technology. Within this context arises the Trust-PV project,
whose objective is to improve the performance and reliability of photovoltaic systems.

This work contributes to this European project by exploring different power prediction
models for several types of PV systems. Considering the broadness of the topic, four parts
or blocks are identified. The first part deals with machine learning models to forecast the
yield of residential PV systems. The second block focuses on analytical models used during
the design phase. The third part is dedicated to systems floating on water. Lastly, a metric to
assess the tolerance towards shading of different modules is developed in the fourth block.

Starting with the first block of machine learning techniques for PV power forecasting,
Chapter 2 introduces the topic by reviewing a large number of manuscripts. The chap-
ter performs a broad classification of the reviewed literature with the objective to identify
trends and gaps in the field. Among the identified trends, one can highlight the high per-
centage of predictions for the day ahead, the generally low number of systems employed to
train the models, and the concentration of systems in mild climates.

The latter points may stem from researchers primarily using the systems available within
their institutions. To promote collaboration, Chapter 3 presents a developed website that
lists PV power open source databases. The website aims to encourage researchers to train
and test their models with different data sources.

One consequence of the concentration of systems in mild climates is that the effect of
climate on machine learning models remains underexplored in the literature. Chapter 4
addresses this gap by studying how machine learning models behave for systems located in
different climatic zones. The results show that weather homogeneity affects the accuracy of
the models. Models developed for systems located in uniform climates - like desert areas -
achieve in general higher accuracy than the models developed for systems in highly varying
climates - like tropical areas.

Chapter 5 addresses another challenge: creating a single machine learning model able
to monitor the performance of a large fleet of residential PV systems. The developed model
surpasses in accuracy an analytical reference model but is limited by a fundamental charac-
teristic of machine learning methods: the focus on large errors which resulted in the over-
looking of smaller systems. Consequently, Chapter 6 develops a different approach based
on the peer-to-peer methodology. In this approach, the power output of similar neighbor-
ing systems is compared to identify any malfunctions. The method is tested for the residen-
tial fleet of PV systems and proves effective for detecting faults.

Moving on to the second block of analytical power predictions, Chapter 7 presents the
PVMD toolbox, a state-of-the-art analytical simulation framework that can predict the power
of systems that do not exist yet. The abilities of the toolbox are tested for residential systems
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in the same chapter and the results show the negative influence that inaccurate input irra-
diance data has on the predictions.

This importance of accurate irradiance data affects all kinds of PV systems, but espe-
cially large-scale ones. Therefore, to monitor them, a proper allocation of irradiance sen-
sors is essential. Hence, in Chapter 8, a software tool is developed to identify the optimal
number of irradiance sensors and their position in a PV farm. The tool’s strengths are more
prominent in plants located on terrains with significant elevation changes.

The third block focuses on PV systems that are installed on floating platforms rather
than on land. Chapter 9 introduces the topic by examining three factors influenced by prox-
imity to water that can impact the production of a floating PV system in a French quarry
lake: movement fluctuations, dust accumulation, and module temperature. The results re-
veal a limited influence of all factors on the production for the period of study therefore
facilitating the deployment of floating systems.

The block continues by studying the effect of sea waves for a system located in the North
Sea. The simulation results from Chapter 10 reveal that wave fluctuations can have a nega-
tive yet limited effect on the DC and AC yield of floating PV systems. These results are further
elaborated in Chapter 11, where the model is improved by considering the fluid-structure
interaction. This advanced model enables to study the effect of various platform charac-
teristics on the power mismatch losses. The results reveal a trade-off between mechanical
stability and mismatch losses.

Finally, the last part deals with the power lost when a PV module is partially shaded.
Chapter 12 develops a simulation tool to efficiently calculate the shading tolerability of a
PV module given its datasheet. The shading tolerability is a metric that quantifies the re-
silience towards shading of a PV module, that is how much power is lost when the module
is partially shaded. The developed tool is used to create a database of shading tolerability of
commercial PV modules, to compare the resilience of different modules towards shading.



SAMENVATTING

Fotovoltaïsche zonne-energie heeft het potentieel om een wereldwijde hoofdbron van elek-
triciteit productie te worden. Maar de inzet van deze duurzame energiebron komt met
meerdere uitdagingen. Naast maatschappelijk, politiek, en stroomnet-beperkend, nemen
meerdere technische beperkingen het vertrouwen in deze technologie af. Binnen deze con-
text is het Trust-PV project geboren, wiens doel de verbetering van de prestatie en betrouw-
baarheid van zonnesystemen is.

Dit boek draagt bij aan dit europese project door verschillende stroomproductie mo-
dellen voor meerdere soorten zonnesystemen te verkennen. Rekening houdend met de
breedte van dit onderwerp, zijn er vier delen of blokken geïdentificeerd. Het eerste deel gaat
over machine learning-modellen die de opbrengst van residentiële zonnesystemen voor-
spellen. Het tweede blok richt zich op analytische modellen die gebruikt worden tijdens
het ontwerp. Het derde deel is gewijd aan zonnesystemen die op het water drijven. Tot
slot, wordt in het vierde blok een metriek die de tolerantie voor schaduw van verschillende
fotovoltaïsche modules beoordeelt ontwikkeld.

Beginnend met het eerste blok van machine learning modellen voor het voorspellen van
zonne-energie, introduceert Hoofdstuk 2 het onderwerp door een overzicht van een grote
aantal onderzoeksartikelen. Het hoofdstuk geeft een brede classificatie van de beoordeelde
literatuur om de tendensen en gaten van het onderwerp te identificeren. Tussen de geïden-
tificeerd tendensen, kan men de hoog percentage van voorspellingen voor een dag vooruit,
het laag aantal systemen om de modellen te trainen, en de concentratie van systemen in
milde klimaten vinden.

De twee laatste punten kunnen voortkomen uit het feit dat onderzoekers alleen de be-
schikbare systemen in hun instellingen gebruiken. Om samenwerking te stimuleren, pre-
senteert Hoofdstuk 3 een ontwikkelde website dat een overzicht geeft van open source-
databases. De website is bedoeld om onderzoekers aan te moedigen hun modellen met
verschillende data bronnen te trainen en testen.

Een consequentie van de concentratie van zonnesystemen in milde klimaten is dat het
effect van klimaat in machine learning modellen niet onderzocht is. Hoofdstuk 4 gaat in op
dit gat door te onderzoeken hoe machine learning modellen zich gedragen voor zonnesys-
temen gevestigd in verschillende klimaten. De resultaten tonen dat weershomogeniteit de
nauwkeurigheid van de modellen beïnvloedt. Modellen ontwikkeld voor zonnesystemen
gevestigd in uniforme klimaten - zoals woestijngebieden - bereiken over het algemeen een
hogere nauwkeurigheid dan modellen ontwikkeld voor zonnesystemen gevestigd in sterk
wisselende klimaten - zoals tropische gebieden.

Hoofdstuk 5 gaat in op een andere uitdaging: de ontwikkeling van een enkel machine
learning model dat de prestatie van een grote vloot van residentiële zonnesystemen kan
volgen. Het ontwikkelde model overtrof de nauwkeurigheid van een analytisch referentie
model, maar werd door een fundamentele eigenschap van machine learning methodes be-
perkt: de focus op grote fouten, waardoor kleinere systemen over het hoofd werden gezien.
Vervolgens ontwikkelt Hoofdstuk 6 een andere benadering gebaseerd op de peer-to-peer
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methode. Met deze benadering wordt de zonne-energie van soortgelijke systemen vergele-
ken om storingen te identificeren. De methode werd voor de vloot van residentiële zonne-
systemen getest en bleek effectief voor het detecteren van fouten.

Doorgaand naar het tweede blok van analytische zonne-energie voorspellingen, pre-
senteert Hoofdstuk 7 de PVMD toolbox, een state-of-the-art analytisch simulatiekader dat
de zonne-energie van systemen die nog niet bestaan kan voorspellen. De mogelijkheden
van het simulatiekader werden in hetzelfde hoofdstuk voor residentiële zonnesystemen ge-
test en de resultaten tonen de negatieve invloed die onnauwkeurige stralingssterkte data op
de voorspellingen hebben.

Het belang van nauwkeurige stralingssterkte beïnvloedt alle soort zonnesystemen, maar
vooral grootschalige. Daarom is een goede plaatsing van zonnestralingmeters essentieel om
ze te controleren. Dus, in Hoofdstuk 8 wordt een simulatiekader ontwikkeld om het opti-
male aantal en de optimale positie van zonnestralingmeters in een zonnepark te identifi-
ceren. De sterke punten van het kader zijn opvallend in zonneparken gevestigd op locaties
met aanzienlijke hoogteverschillen.

Het derde blok richt zich op zonnesystemen geïnstalleerd op drijvende platforms in
plaats van op grond. Hoofdstuk 9 introduceert het onderwerp door het bestuderen van drie
factoren die worden beïnvloed door de nabijheid van water die de productie van een drij-
vend zonnesysteem in een Frans meer kunnen raken: bewegingsfluctuaties, stofophoping
en moduletemperatuur. De resultaten onthullen een beperkte invloed van alle factoren op
de productie tijdens de studieperiode, waardoor de implementatie van drijvende zonnesys-
temen wordt vergemakkelijkt.

Het blok gaat door met het bestuderen van het effect van zee golven op een systeem
gevestigd in de Noordzee. De simulatieresultaten in Hoofdstuk 10 onthullen dat golffluc-
tuaties een negatieve maar beperkte effect op de DC- en AC-opbrengst van drijvende zon-
nesystemen kunnen hebben. Deze resultaten worden in Hoofdstuk 11 verder uitgewerkt,
waar het model wordt verbeterd door rekening te houden met de interactie tussen vloei-
stof en structuur. Dit geavanceerde model maakt het mogelijk om het effect van verschil-
lende platform eigenschappen op vermogensmismatchverliezen te bestuderen. De resulta-
ten onthullen een trade-off tussen mechanische stabiliteit en mismatchverliezen.

Tot slot gaat het laatste deel over het vermogensverlies wanneer een fotovoltaïsche mo-
dule zich gedeeltelijk in de schaduw bevindt. Hoofdstuk 12 ontwikkelt een simulatietool om
efficiënt de shading tolerability met de datasheet van een module te berekenen. De shading
tolerability is een metriek die de weerstand tegen schaduw van een module kwantificeert,
met andere woorden, hoeveel vermogen de module verliest wanneer het gedeeltelijk in de
schaduw is. De ontwikkelde tool wordt gebruikt om een database van shading tolerability
waarden van commerciële fotovoltaïsche modules te creëren, om de weerstand tegen scha-
duw van verschillende soort modules te vergelijken.

Gecorrigeerd door Lune Massop



1
INTRODUCTION

I am glad to write that currently, aside from a few skeptics, climate change is widely rec-
ognized as an undeniable reality [1]. And climate change needs to be fought if humanity
wants to continue developing as it has been until now. However, this fight will require an
effort and a change of habits that most people will be reticent to make.

From an energetic point of view, the electrification of the economy and the massive
implementation of renewables have been established as the most cost-effective, feasible,
and straightforward path to fight climate change [2, 3]. Solar photovoltaics (PV) will be the
cheapest source of electricity almost worldwide in just a few years, see Figure 1.1 [4]. Abun-
dant, affordable, easily scalable, flexible... solar PV has the potential to become a major
source of electricity [5, 6].

Figure 1.1: World maps showing the energy source with the lowest generalized levelized cost of electricity in 2020,
2023, 2027, and 2030. Figure from [4].
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With economic growth being the crucial factor shaping human actions and policies, so-
lar energy can have a profound impact worldwide. However, despite the competitiveness
and versatility of PV, it accounted for only 5.4% of the world’s electricity generation in 2023
[7]. Several obstacles can explain this low value, categorized into four groups based on their
nature: social, political, infrastructural, and technical.

1.1. SOCIETAL ACCEPTANCE
A key aspect of advancing toward a more sustainable energy future lies in comprehend-
ing public perceptions [8]. Community acceptance stands out as a main limiting factor in
the implementation of renewable energy (RE) projects [9]. Nevertheless, studies on public
attitudes towards RE development in the United States and Western Europe reveal robust
support, exceeding 90% [10, 11]. Solar power, in particular, is preferred over other sources
[8, 9].

However, when projects for large-scale PV installations get specific, discussions arise
[10, 12]. The origin of these discussions is not necessarily linked to the known “not in my
backyard” (NIMBY) movement, which has faced criticism over the years, but to broader
societal concerns [13]. Interestingly, many of the vocal critics often have rooftop PV instal-
lations themselves [13] as the local use of residential PV modules is generally accepted and
uncontroversial [14]. Public perception differs between large and small-scale projects [9,
14].

Utility-scale PV farms face notable social resistance, especially in rural areas [14], as the
installations are seen as something “big and not green” [13]. Key concerns include a per-
ceived loss of local control and equitable benefit distribution, potential threats to the econ-
omy, community culture, and tourism, and a general distrust of the motivations of owners
and developers [8, 13, 14].

In these cases, citizen engagement is lacking. Due to the nature of the energy transition,
citizens are the key actors thus the acceptance of change is an essential element of the suc-
cess of this revolution [12, 15]. People favor energy projects that support their core values,
but they often do not consider the implications for their values once the projects become
concrete [16]. By engaging the public in co-constructing the policy in a fair and meaning-
ful way [8], the local ownership and familiarity with the technology can increase, and with
them the level of acceptance [8, 9, 15].

Initiatives such as the Social RES project promote and expand the use of energy com-
munities to empower citizens and make them responsible actors in the energy transition
[17]. The wind energy installations in Galician common lands are an example of a success-
ful energy community with societal acceptance [18].

1.2. POLITICAL BARRIERS
When discussing the political barriers to PV deployment, the focus lies on the lobbies. Lob-
bies represent the interests of a group of actors and attempt to influence policy decisions
[19, 20]. Interest organizations supply politicians with essential information and legitimacy
for decision-making in exchange for access and influence [20]. In the case at hand, the con-
flict is between the lobby of RE businesses and fossil fuel interest groups. In general, the
latter is more resourceful and therefore more influential and impactful, which is a barrier to
breaking the status quo of fossil fuel companies [19, 21]. Due to its limited funding, green
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coalitions often can only focus on the most pressing and successful issues [21].
Lobbies are a natural part of a democracy [20], but they pose a potential threat as they

can exert significant influence on politicians aligned with their interests rather than the
country’s. A mutual dependency has developed between politicians and interest organiza-
tions [20], increasing the risk of manipulation particularly for laws with loose implementa-
tion guidelines or legislators close to reelection [21]. A curious example of lobbying manip-
ulation where the solar sector benefited is the Japanese one [22]. As opposed to other large
countries, the energy mix of Japan is single-legged to solar which is not optimum economi-
cally. The powerful solar lobby twisted the country’s RE policy by making the government a
stakeholder in its policy.

Similarly, in the 1960s fossil fuel lobbyists were a barrier to RE deployment. The strate-
gic value of the electricity market made it a highly regulated sector, which allowed large
electricity-generated companies to hold a monopoly with wide influence and favorable
conditions [20].

A big change occurred with the nuclear accident in Fukushima in 2011. In several coun-
tries, but especially in Japan, nuclear power had to be quickly substituted. Fossil fuels took
over since renewable energy sources (RES) lacked flexibility and rapid implementation. But
that substitution left the Japanese government in a bad position after having signed the Ky-
oto Protocol so they promoted the use of RES [22].

Traditional utilities initially underestimated the threat posed by RES, but that percep-
tion changed as RE rapidly expanded [12]. A tug-of-war unfolded between RE lobbyists
advocating for cleaner electricity based on climate change concerns and fossil fuel lobby-
ists pushing to slow down RE deployment by emphasizing potential increases in electricity
prices [12, 19].

Nowadays, the increased maturity and economic competitiveness of RES together with
the large support discussed in the previous chapter tipped the scale towards climate advo-
cates. Large-size utilities have been unable to stop the RE support in the EU and now even
they have RE daughter companies [20]. The policies focus now on increasing investor con-
fidence and reducing the carbon lock-in instead of compensating for market inequalities
[19].

However, this increasing political support in the EU is not a common trend worldwide.
Governance quality, wealth, energy independence, and security are factors that encourage
the deployment of RES [23]. Therefore, in some countries lacking these aspects, PV deploy-
ment is still hindered.

1.3. INFRASTRUCTURAL LIMITATIONS
Deploying the whole PV potential, despite being necessary to fight climate change, could
be currently impossible due to limitations in the electricity grid. In some countries, this is
the biggest barrier that solar energy is facing nowadays [7].

On the one hand, the energy supplied by PV modules is intermittent due to its depen-
dency on weather conditions [24]. This intermittency may lead to voltage instability and
increased volatility of the grid [25–27]. Large-scale PV penetration entails a major challenge
for electric system operators since it hinders the effective management of the grids and in-
creases the system costs [22]. Additionally, aging grid infrastructures in some areas cannot
accommodate variable and decentralized PV systems [7].

On the other hand, the grid has a limited capacity for integrating new generating en-
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ergy sources. Most of the Netherlands, for instance, has no transport capacity available, as
shown in Figure 1.2, despite continuous efforts to increase the grid capacity and manage the
congestion [28]. 20 out of the 26 countries with the highest PV capacity identify grid bottle-
necks as barriers to solar deployment [7]. These grid bottlenecks will result in increased PV
curtailment and additional challenges as the grid cannot expanse fast enough [29].

Figure 1.2: Capacity map in the Dutch electricity grid. Figure from [30].

User consumption flexibility, collective self-consumption, adequate interconnections
between regions, and energy storage are possible solutions that could help overcome the
limited grid capacity [7, 15, 29].

1.4. TECHNICAL CHALLENGES
A way to help system operators manage the grid is to inform them how much electricity will
be generated by these renewable sources. Consequently, forecasting the power produced
by solar PV is an important factor in facilitating energy transition. Accurate forecasts de-
crease energy yield uncertainty, therefore reducing generation-load mismatch in the power
grid. However, achieving a precise solar power prediction can be extremely difficult consid-
ering not only the chaotic nature of weather systems but also uncertainties related to the PV
systems’ components and location.

A related challenge is the accurate prediction of PV power production before installa-
tion. Knowing the expected power production throughout the system’s lifetime is essential
to support the deployment of solar energy, as accurate and optimized PV system designs
decrease the investment risk.

Compared to other sources, solar energy has larger area requirements for equivalent
electricity production. The discontinuity in generation and low capacity factor make it a
very area-intensive technology. This fact is creating competition with accommodation and
agriculture that could slow down the deployment of PV.



1.5. AIM OF THIS WORK

1

5

PV module datasheets indicate lifetimes of around 25 years. However, some modules
experience failures before their end-of-life which can jeopardize the performance of the
whole system. Operation and maintenance activities in solar farms excel at detecting these
failures, but the same cannot be said for less-monitored residential systems. Moreover, they
face an increased risk of failure due to frequent exposure to shading conditions, which can
be detrimental to their operation.

1.5. AIM OF THIS WORK
Within this context, arises the Trust-PV project1 aiming to increase the performance and
reliability of PV systems. This four-year-long European collaboration formed by 20 orga-
nizations from the industry and research fields focuses on improvements across the entire
solar PV value chain.

This work aims to contribute to the objectives of the Trust-PV project. Given the wide
variety of the project goals, this dissertation covers as well a wide variety of topics. All fall
under the theme of energy yield modeling for PV systems, but four groups can be clearly
distinguished.

1.5.1. MACHINE LEARNING PREDICTIONS
As already mentioned, forecasting technologies can help grid operators with the scheduling
and dispatching of PV electricity more effectively. However, achieving a precise solar power
prediction can be extremely difficult considering not only the chaotic nature of weather
systems but also uncertainties related to the PV systems’ components and location [31].
Given these shortcomings, a new family of approaches is gaining popularity to obtain these
predictions: machine learning (ML) algorithms. This dissertation shows the development
and usage of diverse ML methodologies tailored to diverse solar power predictions.

1.5.2. PHYSICAL-BASED METHODOLOGIES
Despite the flexibility and ability to cope with weather- and system-related uncertainties,
machine learning has two large drawbacks: the need for large amounts of data and the lack
of interpretability. Therefore, when seeking for understanding of PV solar phenomena, re-
searchers employ well-established analytical methods rooted in physical equations. Addi-
tionally, analytical methods can yield estimations before the deployment of PV systems for
investment purposes. Under this context, the Photovoltaic materials and devices (PVMD)
group at Delft University of Technology has been developing for several years an accurate
and state-of-the-art toolbox able to model any PV system, even those that do not exist yet.
This dissertation explains the functioning of this toolbox and shows its application for dif-
ferent scenarios.

1.5.3. FLOATING PV SYSTEMS
As previously mentioned, one of the current technical challenges of solar energy is its low
efficiency-to-area ratio which demands extensive land usage. This issue creates competi-
tion with other resources such as agriculture or housing. For this reason, PV is getting ex-
panded to water bodies. This promising expansion entails operational consequences that
are not widely documented and this uncertainty increases the investment risk. To decrease

1Grant Agreement 952957, https://trust-pv.eu/

https://trust-pv.eu/
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this uncertainty, this dissertation explores the effect that wave movement has on the power
performance of floating PV systems.

1.5.4. SHADING TOLERABILITY
PV modules are being installed everywhere, including areas that are not so suitable due to
the high shading of obstacles nearby. This is especially a problem for residential systems.
Shading can decrease the power production of PV modules and even lead to faults reducing
the lifetime of the system. In this dissertation, the development of a metric to quantify the
power losses of PV modules when subjected to different shading conditions is performed.

1.6. OUTLINE OF THIS WORK
Following the divisions from the previous section, this dissertation is divided into four blocks.

The first block focuses on machine learning techniques for PV power forecasting. The
block starts by reviewing the latest developments in the literature on the topic in Chapter 2.
This review highlights some gaps that are covered in consequent chapters: the creation of a
database with PV power open sources (Chapter 3); the effect of climate on the performance
of ML models (Chapter 4), and the generalization of the ML models to a large fleet of PV
systems (Chapter 5). The block finishes with Chapter 6 by exploring an alternative method
for PV power forecasting relying on neighboring systems.

The second block deals with PV power predictions but employs physical-based methods
instead of ML ones. Chapter 7 presents the PVMD toolbox and applies it to predict the
power of residential systems, highlighting the importance of accurate irradiance input data.
This importance is extended for commercial systems in Chapter 8, where a software tool for
the optimal allocation of irradiance sensors is developed.

The third block presents the developments for floating PV systems. Chapter 9 provides
an introduction to the topic and presents the energy yield modeling efforts for an inland
floating PV system. Chapter 10 moves offshore to estimate the effect of water movement on
the power performance. This work is improved and extended in Chapter 11 where general
guidelines are provided to estimate the movement and mismatch losses due to sea waves.

The last block deals with the shading tolerability concept. The concept is explained
in Chapter 12, where a tool is developed to rapidly and accurately calculate the shading
tolerability of any commercial PV module using only the data in its datasheet.

1.7. NOVEL CONTRIBUTIONS TO THE FIELD
The research developed in this work supports the development of the field of photovoltaics
with the following contributions:

• An updated review of the literature on PV power forecasting using machine learning
techniques.

• A website listing the open sources of PV power to promote data sharing between in-
stitutions.

• A methodology to estimate the power produced by residential PV systems without
relying on weather data but on neighboring systems.

• A software solution to allocate irradiance sensors throughout a PV farm on a hilly
terrain.
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• An extensive evaluation of the effect of wave movement on power losses of a floating
PV system and guidelines on how to reduce said losses.

• A method to calculate the shading tolerability of PV modules accurately and effec-
tively.









2
TRENDS AND GAPS

A way to increase the reliability of PV power sources is to know their production at every in-
stant of time. Due to the difficulty of this task, machine learning (ML) techniques have en-
tered the world of PV power forecasting to increase the accuracy of predictions. Researchers
have seen great potential in this approach, creating a vast literature on the topic. This chapter
intends to identify the most popular approaches and the gaps in this discipline. To do so, a
representative part of the literature consisting of 100 publications is classified based on differ-
ent aspects such as ML family, location, features, etc. Via this classification, the main trends
and gaps can be highlighted while offering advice to researchers interested in the topic.

This chapter has been adapted from the publication A. Alcañiz, D. Grzebyk, H. Ziar, O. Isabella “Trends and gaps
in photovoltaic power forecasting with machine learning” Energy Reports, 9, 447-471 (2023) [32].
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2.1. INTRODUCTION
The PV power forecasting techniques can be classified into three major groups [33]: per-
sistence, physical, and statistical models. The latter group can be divided into time-series-
based and machine learning (ML) techniques. Until the surge of ML techniques, none of
the approaches rose to the forecasting challenge in terms of reliability, accuracy, and com-
putational economy [33]. Persistence techniques are too simple to provide accurate results
except for in the very short term. Analytical equations often fail to predict yield due to in-
complete system information or insufficient spatial and temporal resolution of weather pre-
dictions [34]. Moreover, in the case of residential PV systems taking continuous measure-
ments of all required parameters in situ is not a common practice due to high associated
costs. Finally, the main drawback of statistical methods is their inability to adapt to abrupt
changes in the meteorological conditions [35].

For these reasons, in recent years, the number of manuscripts that use ML techniques
for PV power prediction has increased exponentially, as depicted in Figure 2.1. Considering
this rapid development and the high amount of literature, it is hard to keep track of previous
works performed and the recommendations to follow. For this reason, several review papers
have already been published on the topic that sum up the progress done so far.

Figure 2.1: Number of documents published on PV power forecasting using ML from 2000 until 2021 as of mid-
2022. The data was obtained via an advanced literature search including ML techniques and photovoltaic fore-
casting in Clarivate Web of Science [36].

Table 2.1 summarizes the reviews done on PV power forecasting where ML techniques
have been discussed. Most publications focused on PV power forecasting, although a few
also included irradiance estimation methods. A brief explanation of the focus of these re-
views is provided so the readers can refer to those references in case the topic is of interest.

Since the first review in 2013, each review has focused on a different aspect of PV power
forecasting, showing how ML methods have gained importance and providing a hint at how
the main trends have evolved. However, what is lacking from our perspective is an extensive
classification of the published literature to highlight what has and has not been done in this
discipline. Overall, we want to distinguish from previous reviews in the following points:

• This work has been limited to scientific articles published from 2015 until 2020. By
limiting the period, one can better identify the trends while covering a considerable
percentage of the literature, instead of selecting the most cited manuscripts in a wider
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Table 2.1: Previous reviews on PV power forecasting using ML techniques.

Study Topic

Inman, 2013 [37] Theoretical basis for most promising methods for solar fore-
casting. Large focus on irradiance prediction

Ulbricht, 2013 [38] Classification of solar forecasting solutions
Ren, 2015 [39] Wind and solar forecasting with ensemble methods
Antonanzas, 2016 [34] ML and physical methods have the same importance. Focus

on economics in forecasting and the difference between point
and regional forecasts

Gandoman, 2016 [40] PV power forecasting under cloudy weather
Raza, 2016 [41] Special emphasis on ML algorithms such as ANN (Artificial

Neural Network)
Barbieri, 2017 [42] Very short-term PV power forecasting with cloud modelling
Das, 2018 [43] Short-term direct PV power forecasting
Sobri, 2018 [44] Most popular methods for PV power forecasting: advantages

and limitations
van der Meer, 2018 [45] Solar power and load probabilistic forecasting
Mosavi, 2019 [46] ML applied to energy systems
Yang, 2019 [47] Provide a set of reporting rules called ROPES to assist scien-

tists in the evaluation of their methods and set guidelines for
future research

Ahmed, 2020 [33] Cloud imaging and online PV power forecasting. Methods for
pre- and post-processing of data

Massaoudi, 2020 [48] PV power forecasting using deep learning techniques
Mellit, 2020 [49] Focus only on ML techniques
Pazikadin, 2020 [50] ANNs for solar power generation forecasting
Rajagukguk, 2020 [51] Deep learning algorithms for solar irradiance and power fore-

casting
Feng, 2021 [52] Taxonomical review on the integration of PV using artificial

intelligence
Gupta, 2021 [53] Direct and indirect ML-based PV power forecasting

period. The literature was selected first by choosing recent and most cited manuscripts
on the topic and then tracking back the relevant publications referenced in them.

• This work focuses specifically on 1) machine learning employed for 2) PV power fore-
casting. The considered literature employs only direct PV power forecasting, i.e., the
objective is to forecast the PV power produced, not the irradiance [48].

• The 100 reviewed publications on PV power forecasting are classified into ML fam-
ily, location, climate, number of systems, timespan, forecast horizon, and choice of
features. Appendix A shows this classification for all documents. To the best of our
knowledge, no previous review has performed such an extensive categorization, nei-
ther has classified by climate nor ML family.

• A section is devoted to discussing special methodologies employed for PV power fore-
casting, such as online forecasting and global optimization.
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• Finally, recommendations are provided based on the extensive analysis. This section
aims to be a reference for new researchers who want to explore the world of PV power
forecasting and a sea of ideas for future developments for familiarized researchers.

The structure of the review is as follows. Section 2.2 focuses on the ML algorithms by
classifying them into families. Section 2.3 explains the highlighted special approaches from
the literature. Sections 2.4, 2.5, and 2.6 continue the classification based on system char-
acteristics, forecast horizon, and employed features, respectively. Recommendations are
given in Section 2.7, before concluding in Section 2.8. Overall, the aim is to encompass all
the choices that a researcher needs to make when developing a PV power forecast model.

2.2. MACHINE LEARNING FAMILIES
This work starts by classifying the publications into ML families. Previous reviews mention
only the most relevant algorithms, sometimes disregarding promising but not so extensively
used approaches. To avoid that, the algorithms have been grouped by similarity, following
the classification performed by Brownlee [54]. The distinctive characteristics of each family
are explained in Appendix B, while Table 2.2 offers a graphical summary of it.

Figure 2.2: Amount of times that an ML algorithm from a certain family has been employed in the literature. Bar
areas without a specific algorithm indicate algorithms from the ML family different from the most popular ones
within it.

Figure 2.2 illustrates the frequency of usage for ML algorithms within specific families.
The most popular algorithms and their occurrence have been indicated within their cor-
responding family. Consistent with the literature [41], Artificial Neural Networks (ANN)
emerge as the most popular algorithmic family in PV power forecasting, with Feed-Forward
Neural Networks (FFNN), Multi-Layer Perceptron (MLP), and Back-Propagation Neural Net-
work (BPNN) being the most popular algorithms within it. The popularity of ANNs lies
in their structure which makes them very flexible. Nearly equal in second place are the
instance-based and Deep Learning (DL) families. From the former, Support Vector Regres-
sion (SVR) is the proposed approach from several groups given its good performance [55–
59], making it the most popular algorithm. Within DL, Long-Short Term Memory (LSTM)
stands out with excellent results in general. Other DL algorithms whose popularity has in-
creased considerably in recent years are Extreme Learning Machines (ELM) and Convolu-
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Table 2.2: Machine learning families and their main characteristics. Figures from [54].

Family Main characteristics

Regression
Starting point in machine learning.
Composed of linear regression and its improvements.

Regularization
Improvement of regression methods.
Prevent the coefficients from reaching high values, fo-
cusing too much on training data (overfitting).

Bayesian
Based on Bayes’ theorem: the probability distribution
of the output depends on that of the input.

Instance-based
Use similarity between the data: build a database and
compare new data to it to make the prediction.

Decision trees
Tree-like model of decisions: data space is partitioned,
and a prediction model is fitted within each partition

Ensemble
Combine weak algorithms (e.g. decision trees) into a
strong one.

Artificial Neural
Networks

Sets of nodes (neurons) interconnected via weights,
such that signals can travel through them.
Very flexible and able to model nonlinear systems.

Deep Learning
(DL)

ANN with complex relations between neurons increas-
ing the problem-solving capacity.
Characterized by having more than one hidden layer.

Fuzzy
Algorithms where binary logic has been substituted by
a fuzzy one.
Higher flexibility than the original algorithms.

Hybrid
Combine algorithms from two different groups.
Increased capacity for problem-solving.

tional Neural Networks (CNN). The latter is the recommended option when dealing with
image data [60].

The next Subsection 2.2.1 dives into each family to highlight the advantages and draw-
backs that can explain the reported trends from the previous figure. These arguments will
be supported in Subsection 2.2.2, where the findings of selected literature that compare sev-
eral algorithms are explained. Finally, Subsection 2.2.3 addresses a different application of
ML algorithms: data pre-processing.
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2.2.1. KEY FEATURES AND TRENDS
This section provides a brief overview of each family by explaining their advantages and
drawbacks. Moreover, relying on the authors’ impressions, opinions are presented on how
popularity trends will evolve. A description of each family’s characteristics can be found in
Appendix B.

Starting with the regression family, linear regression (LR) is the most common algo-
rithm. Although it does not show the best performance [61–65], it is valued by its simple
implementation and ease of interpretation [66, 67]. None of the groups proposed it to fore-
cast the PV power, but it is employed as a benchmark [66, 68–70]. Its main limitation is
its approach of constructing a hyperplane to make the predictions, which is a significant
oversimplification.

A recently applied regression algorithm that has shown excellent results is Multivariate
Adaptive Regression Splines (MARS). This algorithm improves the simple linear regression
by including hinge functions (see Figure 2.3), which allow for more flexibility to fit the data
while keeping the interpretability [71]. MARS is the algorithm proposed by some groups
[61, 64, 72], and due to its interpretability, we expect that it will play an important role in
the future. Currently, interpretability may only seem relevant when discussing high-stakes
predictions that deeply impact human lives [73], such as stating that highly polluted air is
safe to breathe [74]. However, it can gain importance after an incorrect ML prediction in a
grid with high renewable energy penetration.

Figure 2.3: Graphical difference between MARS and LR to depict the higher flexibility of the former.

Regularization algorithms aim at solving the overfitting problem of regression ones.
Overfitting occurs when the hyperplane is too specific and fits only the training data, be-
ing unable to represent unseen data. Regularization solves this issue by ensuring that the
hyperplane remains “simple enough”. However, regularization algorithms still fit a hyper-
plane, which is an oversimplification. Moreover, while overfitting is a concern with insuffi-
cient training data, this problem is disappearing in the present era of big data. This family
was probably a good actor a decade ago, but it has been displaced.

A similar situation occurs with Bayesian algorithms. Given the ML origins, fitting a prob-
abilistic distribution function to the data was worth exploring. This approach works well on
small datasets and it can provide uncertainty measurements [75]. However, some of the
probabilistic distributions assume independence between features, which is an oversimpli-
fication.

The two main members in the instance-based family are k-nearest neighbour (k-NN)
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and SVR. The popularity of k-NN lies in its user-friendliness and adaptability. It is the most
popular classification algorithm and identifies clusters of data based on the nearest neigh-
bors. For forecast applications, the algorithm identifies in the training dataset the cluster
that resembles the most to each test condition and creates a forecast value based on that.
Identified disadvantages are the need to store the whole training set and longer prediction
times.

In the case of SVR, and Least Squares-SVR (LS-SVR) which is a simplification in the
learning procedure that increases efficiency without losing accuracy, there are facing opin-
ions in the literature. Some defend it as the algorithm of choice [55, 76–78], while others
report similar or worse results compared to other algorithms [60, 61, 79–81]. The reason
for this disagreement, according to the authors’ opinion, is the difficulty of optimization of
SVR. SVR has a wide range of parameters, and the performance of the algorithm is highly
sensitive to them [82], so results are jeopardized if the optimum parameters are not found.
Moreover, like k-NN, SVR also relies on similarity to the training samples, so it is not suitable
for large datasets [79], which may be limiting in the future. However, with the help of LS-
SVR and the popularity seen so far, we anticipate that SVR will remain relevant for several
more years.

The working principle of decision trees is promising due to its flexibility and interpretabil-
ity, but it presents a huge disadvantage: overfitting. While overfitting solutions did not im-
prove the main limitation of regression algorithms, there is an optimum amendment for
decision trees: ensemble algorithms. Therefore, in our opinion decision trees will be every
time more irrelevant, and they will only be indirectly used through ensemble algorithms.

Ensemble algorithms sacrifice interpretability compared to decision trees, but, as op-
posed to SVR, the difference in performance between optimized and unoptimized param-
eters is relatively small. This family has a high appeal for new researchers wanting to use
ML algorithms. We think that ensemble algorithms, together with SVR and MARS, will be
the only algorithms able to compete with the hegemony of ANNs and DL that is currently
present.

ANNs are the main characters in ML. They are powerful and capable of modeling any
non-linearity relation [83]. However, they have the same implementation drawback as SVR:
the optimal configuration and learning algorithm are hard to obtain [61]. This may explain
the lower performance achieved by some researchers compared to other algorithms [35, 61,
84, 85].

In the explored literature, most researchers focus on and propose an algorithm of the
DL family. This fact is not visible in Figure 2.2, since it includes all the algorithms applied
in each publication. These multi-layer ANNs have the benefit of including the impact of
historical trends, which increases the accuracy of the predictions. The ANNs’ drawback of
optimal configuration is still present, and interpretability is challenging. However, efforts
are being made to address these concerns. We expect that the popularity of this family has
only just started and will further grow in the upcoming years.

Two algorithms use fuzzy logic in the explored literature: fuzzy k-means clustering and
Adaptive Neuro Fuzzy Inference System. In the first, fuzzy logic is integrated into k-NN,
while in the second, it is integrated with ANN. While some researchers may not have differ-
entiated these algorithms, we aimed to highlight them. The flexibility introduced by fuzzy
logic can be very powerful, but it may not be advantageous enough. Due to its lack of inter-
pretability, they compete with DL approaches, which are more popular and have demon-
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strated accuracy. Hence we think that, despite being promising, fuzzy algorithms will not
be relevant in the future.

The final step in complexity is the hybrid family. Most algorithms focus on increasing
the accuracy by combining the abilities of two or more ML algorithms. Table 2.3 provides
an overview of the combination structures from the reported literature. Ensembles are be-
ing combined with strong algorithms, such as ANN, to overcome overfitting and increase
accuracy. More examples of hybrid DL methods for PV power forecasting can be found in
the review by Massaoudi et al. [48]. The main drawback of this family is the higher complex-
ity and consequent decrease in interpretability. We anticipate ongoing development within
this family as researchers combine ML algorithms to overcome drawbacks.

Table 2.3: Hybrid algorithms employed in the literature.

Combination Objective Ref.

LSTM + CNN Combine the temporal ability of LSTM with
the feature extraction abilities of CNN

[65, 86, 87]

DL + LSTM/DL Combine the feature learning of the DL algo-
rithm (an AutoEncoder) with the forecasting
ability of LSTM/DL algorithm

[88]

DL + LSTM Combine the feature learning of a DL (Au-
toEncoder) with the temporal ability of LSTM

[89]

CNN + SVR Combine the feature extraction ability of CNN
with the forecasting ability of SVR

[90]

DL + LSTM Increase the accuracy of the forecast [91, 92]
LS-SVR + ANN Increase the accuracy of the forecast [93]
Ensemble + SVR Combine several SVR to increase the accuracy [57]
Ensemble + ANN Create a probabilistic forecast [94]
Ensemble of LSTM, SVR,
ANN, LR, decision tree

Increase the accuracy of the forecast [95]

Ensemble of ANN, SVR,
ELM

Increase the accuracy of the forecast [96]

Ensemble of instance-
based, ANN

Increase the accuracy of the forecast [97]

2.2.2. ALGORITHMS COMPARISON
To compare the performance of different ML algorithms, they need to be fairly analyzed.
The prediction results depend not only on the algorithm employed but also on the amount
of data, the solving method, the location, the metric, etc. Therefore, this subsection presents
the most relevant studies which have compared the performance of several ML models un-
der the same conditions. Some metrics required for this task are defined in Appendix C.

Three works comparing a broad range of algorithms deserve special attention. Ferlito
et al. forecasted the power of a 1 kW grid-connected PV system with 11 algorithms of dif-
ferent complexity and belonging to the regression, instance-based, decision trees, neural
networks, and ensemble families [64]. They reported that the best-performing algorithm
and optimum dataset length depended on the training and testing years. For example, the
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Cubist algorithm (ensemble) showed the best performance in a highly variable year such as
2010 with Root Mean Squared Error (RMSE) of around 93 W, while Random Forest (ensem-
ble) had lower prediction errors than other methods in 2011. They reported that non-linear
models showed up to 2% superior performance compared to linear ones. Chen and Ko-
prinska implemented 7 base learners from different families and combined their outputs
through several ensemble strategies [95]. One of the ensembles was identified as the best
model, while LSTM was the most accurate base learner, showing competitive results. Fi-
nally, Carrera and Kim trained 15 ML algorithms to predict the power of a South Korean
solar farm [81]. One can observe the reported RMSE for all algorithms in Figure 2.4. In the
graph, the red lines represent the medians while the green triangles indicate the means. En-
semble algorithms were the best-performing ones, except in terms of bias when Elastic Net
(regularization family) outperformed the rest.

Figure 2.4: Forecasting RMSE of several ML methods for a South Korean solar farm. Figure adapted from [81].

The study performed by Sharadga et al. compares different ANN models [84]. The rank-
ing between models depended not only on the type of ANN but also on the training algo-
rithm, the forecast horizon, and the metric. However, recurrent neural networks generally
outperformed feed-forward ones. Li et al. reported that the algorithm with the lowest RMSE
was MARS [61]. Although the ranking of these models differed depending on the metric
employed, MARS was in the top three position independently on the metric employed and
outperformed more complex models such as SVR or ANN in certain metrics.

In [98], several ANN, SVR, and their hybridized forms were compared. In general, the hy-
brid models outperformed their simpler versions. Without hybridization, RMSE and Mean
Absolute Percentage Error (MAPE) showed that BPNN was better than other ANNs. When
hybridized, both metrics agreed that the hybrid ANN was the best and hybrid SVR was the
worst. Finally, [99] reported that the modified LS-SVR showed the best performance, out-
performing ANNs.

All these studies demonstrate the challenge of identifying a superior algorithm or even
an entire family. Developing a set of guidelines for researchers would be beneficial in aid-
ing this decision-making process. The authors recommend ensemble algorithms to new
researchers due to their favorable accuracy-to-interpretation ratio. They are also a good op-
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tion when dealing with a limited amount of data. If the amount of data is high enough and
the researcher is experienced, algorithms such as SVR, LSTM, and ELM are recommended.
Yet, caution is crucial when optimizing the parameters.

2.2.3. DATA PREPARATION

This subsection describes ML-based pre-processing strategies that reduce the computa-
tional cost or complexity of the problem without decreasing the accuracy. Post-processing
techniques such as reforecasting [100] or corrections [101] can also be employed to improve
performance. However, due to its limited use in the explored literature, it was not possible
to review them, which can be considered a gap that still needs to be explored. Regardless, it
is important to point out that these strategies may demand significant time commitments.

The most common pre-processing step is to reduce the number of features employed,
retaining only the relevant ones. These methods are referred to as feature selection and are
explained in Subsection 2.2.3. An alternative way to reduce the input data is to group by
similarity, explained in Subsection 2.2.3. A third strategy is to decompose the input data,
explained in Figure 2.2.3. Pre-processing strategies are quite common, especially when
dealing with large amounts of data, a trend expected to grow. Therefore, we anticipate the
continuing popularity of these techniques.

FEATURE SELECTION

Feature selection or dimensionality reduction consists of keeping only the most relevant
features for an ML model [102]. With this, the performance of the model is increased, the
computational cost is reduced, and a better understanding of the underlying process is
gained. Feature selection can be done by manual inspection [103–105] or with correlation-
based strategies [55, 79, 106, 107]. However, it is more effective to employ more complex
strategies.

One of the most widespread methods for dimensionality reduction is Principal Com-
ponent Analysis, which was applied in [69, 108]. This technique reduces the dimension of
the dataset by creating linear combinations of features that have maximal variance and are
mutually uncorrelated. An alternative is to employ ML models used for prediction such as
Elastic Net (regularization family) [109], Gradient Boost Regression Trees (ensemble) [109,
110], or SVR [111] to perform feature selection. These ML models assign a weight to each
feature and features with weights smaller than a certain threshold are removed. The thresh-
old is chosen by the user and depends on the algorithm. For instance, in each split of a
gradient boost regression tree, the chosen feature to split on is the one that maximizes the
reduction of a certain kind of error [112] (refer to Appendix B for details on how ensemble
algorithms work). By the end of the tree, the divisions are less relevant. Thus, by cutting
trees below a certain split, one can identify the most important features.

These techniques can help boost the performance considerably. In [113], feature selec-
tion improved the RMSE of the proposed model from an average of 5.7% to 4.6%. Similarly,
in [110] the applied feature selection method increased the performance of k-NN by 2%.
Alfadda et al. showed how the error evolves as features are incrementally included in the
model [58]. They reported that when all features were considered, the RMSE was higher
than when a few were left out. Lee et al. observed an increase in performance after remov-
ing redundant variables in their model [111]: the average hourly MAPE went from 68.2% to
107.1%.
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Overall, the reader is strongly advised to employ a feature selection technique when
dealing with a high number of input parameters. Apart from the already mentioned bene-
fits, feature selection can highlight features with high predictive power that are superfluous
analytically. However, one also has to be critical of the results, since the selected features
could denote errors in the input data. It is recommended to make use of solar engineering
knowledge and previous literature to validate the results obtained (refer to Section 2.6 for
more information). In case an unexpected feature is selected, one should explore the input
data and make an informed decision.

CLUSTERING

When the amount of input data is large, the algorithms become computationally expensive.
This data is often repeated and not all of it is needed. For instance, similar weather condi-
tions yield similar PV power output. The data can be grouped with clustering algorithms
such as k-NN by meteorological characteristics or location. Since cloudy days are harder to
forecast than sunny ones [64, 84, 93, 103, 114], some researchers have developed a different
model per type of weather [98, 105, 115, 116] or season [101]. Spatial clustering of PV plants
is commonly applied to forecast distributed generation [108, 114], see Figure 2.5.

Figure 2.5: k-NN applied to several PV systems spread over Germany. Each color represents a different cluster and
the small dots represent the individual PV plants. Figure from [114].

TIME-SERIES DECOMPOSITION

Another strategy to simplify the learning process of ML algorithms is to decompose the
input signal into several frequency series so that each series has better outlines and behav-
iors. The most commonly employed algorithm to achieve this is Wavelet Decomposition,
applied in [62, 117–121]. In [113], the effect of decomposing the time series was a reduction
of the RMSE from 5.9% to 4.6%. More information on this topic can be found in the review
of Ahmed et al. [33].

2.3. SPECIAL APPROACHES
This section introduces variations that several groups have made to the standard forecast-
ing methodology. These novel methodologies are gaining popularity, therefore here the ad-
vantages and possible difficulties that each one may present are discussed.
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PROBABILISTIC FORECASTS

Probabilistic forecasts can introduce flexibility in the predictions which can be a large ad-
vantage for grid operators. There are three main methods to generate a probabilistic fore-
cast: ensemble algorithms, uncertainty estimation, and quantile regression [122]. Ensem-
ble algorithms, which generate probabilistic intervals intrinsically, are used in [94, 122–125].
They are generally computationally intensive, affecting their practical implementation. The
second method modifies point forecasting algorithms to provide an estimation of the error
distribution, using parametric [108, 122] or non-parametric methods [77, 104]. With this
methodology, prediction intervals are usually estimated via a normal distribution, which is
not reliable for all values [108]. Finally, examples of probabilistic quantile regression fore-
casts can be found in [122, 123]. Quantile regression is a regression algorithm where each
quantile is separately modeled and a different prediction is fitted within each partition. This
method does not report as good results as the other two [122].

Amongst these studies, [77] deserves special attention as the interval forecasts are in
2D, providing not only a range of expected values in power but also in time. A graphical
explanation of the difference between point (non-probabilistic), interval (probabilistic in
power), and 2D-interval (probabilistic in power and time) forecasts is shown in Figure 2.6.
This method can provide even more flexibility to the forecast, which can be especially useful
for risk management applications.

Figure 2.6: Graphical explanation of the difference between point, interval, and 2-D forecasts. Figure redrawn from
[77].

More information on probabilistic forecasting can be found in the reviews [45, 122].

META-HEURISTIC ALGORITHMS

As mentioned earlier, some algorithms like SVR or ANN are hard to optimize, which can
lead to decreased performance. To overcome this disadvantage, several groups have em-
ployed global optimizers to find the algorithm’s parameters. Amongst these techniques,
meta-heuristic algorithms deserve special attention. These are ML global optimization al-
gorithms, suitable for non-linear parameters. The most popular optimization algorithms
are Genetic Algorithm (GA), inspired by the theory of evolution [63, 99, 100, 120, 126]; and
Particle Swarm Optimization (PSO), inspired by bird flocks’ motion [63, 113, 120, 127]. In
the reviewed literature, one can also find the Shuffled Frog Leaping Algorithm [126], Ant
Colony Optimization [78], and Multiverse Optimization [127].

The use of these algorithms can considerably improve the performance. Eseye et al.
reduced the Normalized Mean Absolute Error (NMAE) of SVR from 0.8% to 0.7% with GA
and to 0.5% with PSO [120]. This increase in performance comes again at a cost of simplicity,
but we believe that global optimizers can help minimize errors when employing complex
algorithms.
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More information on this topic can be found in [33].

ONLINE FORECASTING

The last special forecasting approach is online forecasting. In online training mode, the al-
gorithm updates its weights continuously as it receives new data [128]. The training dataset
is minimal and the algorithm can rapidly adapt to major changes in the environment. The
main drawback is the continuous need for training.

This method was applied in [64] with several ML algorithms. The RMSE of offline train-
ing was higher than that of online, and the ranking of the algorithms depended on the train-
ing method. Al-Dahidi et al. applied the online training mode to a probabilistic very short-
term model for real-time applications [129]. In [80], the model could selectively accumulate
or forget knowledge to respond to climate variations. Similarly, the models developed in
[130, 131] were proposed for Internet-of-Things systems [132].

More information on online PV power forecasting can be found in [33].

2.4. SYSTEM CHARACTERISTICS
This section focuses on the main characteristics of the PV systems employed, namely loca-
tion (Subsection 2.4.1), number of systems (Subsection 2.4.2) and timespan (Subsection 2.4.3).

2.4.1. LOCATION
Figure 2.7 represents the number of publications whose studied systems are located in each
country. Most of them are in Europe and no PV system has been forecasted in South Amer-
ica. Given the solar energy’s intensity across the globe [33], areas such as the Middle East,
most of Australia, and the deserts are suitable for large-scale PV installations. However,
most of the reviewed literature focuses on areas with relatively small solar intensity (except
for Australia).

Characterizing the PV systems’ location by country is not representative of the weather
conditions that they are subjected to. Therefore, the reviewed papers have been also clas-
sified by the type of climate that their systems are subjected to, as reported in Figure 2.8.
The Köppen climate classification has been employed for this purpose since it divides the
globe with a single metric into five categories: tropical, dry, mild temperate, continental,
and polar [133].

Around half of the forecasted systems from the reviewed publications are in mild tem-
perate climates. Roughly 25% of the systems are in dry climates, while only 8 are located
in tropical and 11 in snow climates. No system is in polar climate since mostly the Arctic,
Antarctica, and tops of mountains are representative of this climate.

Some studies have been left out from one or both figures since they consider more than
one system under different climates or countries. Do et al. forecasted two PV systems, one
in a tropical climate and the other in a mild temperate one [67]. Due to the seasonal vari-
ation of the mild temperate climate, the system there requires a longer training duration.
However, once the model is trained, the algorithm shows higher performance in the tem-
perate climate than in the tropical one. This difference in ease of training was also reported
in [107, 121]. Zhang et al. forecasted the PV power of systems in the USA, Denmark, and Italy
[134]. Although the three systems are in a mild temperate climate, the diverse daily weather
distribution influenced the modeling parameters and features that yielded the best fore-
casting result. Similar conclusions were reported in [130], and in [65, 92, 95, 97] when the
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Figure 2.7: World map with the countries highlighted depending on the number of studies published on the topic.
Only the mainland has been colored. Since some countries’ contribution might not be visible on the map, the raw
data is; 14 studies: Australia, USA; 10 studies: Italy; 9 studies: China; 5 studies: Germany, South Korea; 4 studies:
India; 3 studies: Malaysia, Taiwan; 2 studies: Belgium, Cyprus, Japan, Jordan, Oman, Spain; 1 study: Croatia,
Denmark, Egypt, France, Netherlands, Norway, Poland, Portugal, Qatar, Russia, Singapore, South Africa, Sweden,
UK.

Figure 2.8: World map indicating the major Köppen territories in different colours [133] and the number of systems
in each region.

systems were located in the same country. In [80] these climatic differences were consid-
ered, so an adaptive learning algorithm was implemented for two different systems, able to
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adjust to different climates and periods.
The performance of a PV system is conditioned by the type of climate. Depending on

its location, certain features are more important than others and the optimum parameters
of the model are affected. Therefore, the high bias for systems in mild temperate climates
entails a problem of generalization. If most of the forecasted systems are in mild temperate
climates, the model will be limited to those meteorological conditions.

2.4.2. NUMBER OF SYSTEMS

The next classification considers the number of systems used in each publication, Fig-
ure 2.9. Most studies used data from only one system, while 10% considered more than
10 systems to forecast the PV power.

Figure 2.9: Number of publications as a function of the number of systems considered in each one.

When more than 5 PV systems were employed, their PV power production was generally
aggregated to perform a regional forecast [76, 99, 131, 135]. In [76], the systems were differ-
entiated between the North and South of Italy before being aggregated. The systems in the
South of Italy showed better performance than those in the North, which was attributed to
lower weather variability in the southern part of the country.

Wolff et al. grouped 921 PV systems depending on their location and then divided the
clusters into sub-clusters depending on the system specifications [114]. In the end, 10% of
each sub-cluster was randomly selected, resulting in a test set of 92 PV systems. The predic-
tions obtained from these single PV systems were employed to produce a regional forecast.
When considering the difference between the single site and regional forecasts, the errors
in the latter were lower due to averaging effects. Spatial clustering was also applied in the
1985 PV systems in [108] to test two different averaging approaches. In the first approach,
the power generation was calculated for each cluster and then averaged to obtain the re-
gional prediction. In the second approach, the regional prediction was directly obtained by
inputting the data from each cluster centroid. The second model gave slightly better results.

Exceptions to the regional approach were the forecasts performed for 71 systems in [65]
and for 21 systems in [89]. In the latter, each facility was considered individually and the
forecasting error was higher or lower depending on the target system. Unfortunately, the
origins of this unpredictability were not reported. Another exception is the study by Jung
et al., whose objective was to evaluate the most suitable locations for PV plants in a wide
area considering terrain and weather conditions [92]. They concluded that “the data from
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one site might not adequately capture the circumstances at other sites with different geo-
graphical and topological features”.

[125] has been left out of Figure 2.9 as this study did not employ any specific PV system,
but rather installed PV capacity. Instead, the hourly PV power was estimated for several
prefectures in Japan by making use of the monthly installed PV capacities for each type of
supplier and weather data.

2.4.3. TIMESPAN
This section classifies the systems by timespan (see Figure 2.10), defined as the period of in-
put data employed to develop a model. Most studies employ a timespan of one year. How-
ever, a long timespan is essential for accurate training, since the algorithm needs enough
data to identify the seasonal variation throughout the year. This is especially important for
places having mild temperature climates [67] where most of the systems are located. It is
hence recommended to employ more than one year of data so that the training data cov-
ers all seasons. Moreover, a high amount of data is generally required to train a complex
algorithm [136].

Figure 2.10: Number of publications as a function of the timespan employed for PV power predictions.

The main limitation of this requirement is the high computational power required. This
worsens as the time resolution of the input data increases. Training algorithms with such a
large amount of data can be unfeasible unless reinforcement or online learning is consid-
ered. Alternative workarounds followed in literature are selecting the first period of each
month as training data [117, 137], or random days along the period [68, 85]. These alterna-
tives were also employed in [114, 138] to efficiently generalize the developed ML model to
unseen systems.

2.5. FORECAST HORIZON
The forecast horizon is the time interval into the future for which PV power is predicted.
It depends on the requirements of the decision-making process for which the PV power is
forecasted [31]. The forecast horizon affects the performance and choice of the prediction
algorithm [139].

There is no standard classification on how to divide the forecast horizons [33, 41, 42,
62]. In this review, four categories are defined: long-term for predictions longer than a week;
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day-ahead when forecasting between one week and 5 hours; hour-ahead for predictions be-
tween 15 minutes and 5 hours; and nowcasting for forecasts smaller than 15 minutes. These
horizons can be related to energy markets: auction (day-ahead), intraday (hour-ahead), and
balancing (nowcasting), as presented in Table 2.4.

Table 2.4: Classification of the forecast horizons employed in this review and their most common application.

Category Time horizon Application

Long-term More than one week Maintenance scheduling
Pilot installations
Bankability studies

Day-ahead 5 hours to one week Economic dispatch
Day-ahead price determination

Hour-ahead
Intra-day

15 minutes to 5 hours Unplanned outages compensation
Unit commitment

Nowcasting Less than 15 minutes Power balance
Electricity market clearing
Early anomaly detection

Following this criterion, the analyzed literature has been classified as shown in Fig-
ure 2.11. A fifth group has been included for studies that forecast the PV power in time
horizons belonging to more than one category. Most publications focus on day-ahead fore-
casting, while only a few belong to the nowcasting and long-term categories. Given that the
forecast depends on the application, the authors do not recommend any specific category.

Figure 2.11: Number of publications as a function of the forecast category that they belong to. A new group has
been included for publications belonging to more than one category.

Some researchers studied the behavior of ML models under different time horizons.
Generally, they found that the higher the time horizon, the higher the error [120, 137, 140–
142]. For instance, Giorgi et al. found that LS-SVR achieved an NMAE of around 6% when
predicting the PV power 1 hour ahead, and the value increased to around 21% when predict-
ing 12 hours ahead [93]. They stated that when predicting longer times, the PV power peaks
were underestimated, while the valleys were overestimated. Similarly, in [108] an RMSE of
5-7% was obtained for the intra-day forecast (1 to 4 hours) while this value increased to
7% and 7.5% for one and two-day forecasts, respectively. One exception was found in [72],
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where the day-ahead forecasting had a higher accuracy than when estimating 15 minutes,
1 hour, and 3 hours ahead. They claimed this was obtained for the day-ahead prediction
because of compensation along the day.

The forecast horizon also affects the ranking of algorithms. In [84] the performance of
several algorithms was tested under one-, two- and three-hour ahead forecasting for a 20
MW grid-connected PV station in China. For one- and two-hour ahead, LSTM showed the
best performance, but ANN was superior for three-hour ahead forecasting. Similar results
were obtained in [114].

2.6. CHOICE OF FEATURES
This section explores the inputs employed for PV power forecasting, called features in a
machine learning model. Figure 2.12 depicts the most common features as a function of
the number of publications in which they have been employed. The irradiance bar includes
several forms such as plane of array or diffuse irradiance.

Figure 2.12: Number of times that each feature has been employed for predictions in the publications reviewed.

As expected from a physics-based approach, irradiance and temperature are the most
important features. However, none of these two features is essential for ML predictions.
Several works rely only on previous PV power outputs [84, 116, 126, 141, 143], which are
more flexible to apply in practice. However, the use of previous PV power measurements
in combination with weather data can considerably increase the performance of the al-
gorithms [93]. It is also important to consider that some of the ML algorithms consider
previous PV power values intrinsically (such as LSTM).

One surprising fact from a solar engineering perspective is the popularity of humidity.
According to Figure 2.12, this parameter is more popular than cloud coverage, which is usu-
ally essential for accurate analytical predictions. Researchers in [127] found that humidity
is negatively correlated with PV power. An increase in moisture implies an increase in the
absorption, reflection, and refraction of sunlight, hence it reduces the radiation received by
PV panels.

It is commonly presumed that a greater number of features would yield better results.
However, as mentioned in Subsection 2.2.3, extra variables can be detrimental to the model’s
performance and can increase the demand for computational power. The choice of features
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depends on the feature selection algorithm employed, on location, and even on specific
events [55, 66, 109]. For instance, in [69], wind speed was not as relevant in November as
in the rest of the months due to exceptional hurricane-force winds. On the importance of
location, Touati et al. predicted the PV power output of a system located in Qatar, a desert-
like climate [66]. The feature selection algorithm results highlighted dust as one of the most
relevant features, a factor not considered in any of the other studies reviewed.

To conclude, there is no optimum set of features for all cases. When developing a new
model, the reader is recommended to gather as many relevant features as possible and
check previous literature for guidance. Figure 2.12 can help with the latter. Despite some
models being able to identify relevant features, it is still recommended to do at least fea-
ture exploration. Less relevant features may offer information indirectly but should only be
employed when more pertinent ones are unavailable.

This section does not discuss the weather data origin. The input data can come from
different sources such as numerical weather predictions or neighbouring PV systems. The
reader is referred to [34, 52] if more information on the topic is yearned for.

USE OF 2D FEATURES

Special attention is required in this section concerning the use of 2D features. A source of
uncertainty in PV power predictions is cloud coverage information. Rapidly changing cloud
coverage has a significant influence on PV module output and is a big challenge in solar
yield forecasting.

To overcome this, some groups have centered their efforts on employing satellite images
to make an accurate estimation of cloud movement [103, 108, 114]. This approach, which
is extensively used for irradiance forecasting, is now gaining popularity for the prediction of
PV power. However, satellite images have either high temporal or high spatial resolution but
never both [144], while both characteristics are required for PV power prediction, especially
in the short-term [50].

An alternative to satellite images is ground-based sky images, which are gaining pop-
ularity. These images can be employed for comprehending cloud movement [85, 145] or
detecting the cloud type [146]. Chu et al. uniquely used these images to re-forecast the
power prediction [100]. The power predicted by an ANN was integrated with sky images to
improve the forecast. The main disadvantage of sky images is that they are local and, hence
cannot be employed for wide areas.

More information on the use of satellite and sky images can be found in [33, 52].

2.7. OUTLOOK
This section presents the main recommendations given to the readers based on the discus-
sion performed in previous sections.

MACHINE LEARNING ALGORITHMS

Starting with the ML algorithms, Section 2.2 provides a wide range of families to choose
from. Some algorithms are too simple to properly forecast the PV power output, but most
of them can yield reasonable results. Indeed, linear regression approaches are unable to
correctly model the non-linearities of PV power forecasting, but once this step is overcome,
the difference in performance between MARS and a DL hybrid algorithm is not that high
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[61, 64]. In these cases, developing a model that would be applied in practice is more rel-
evant. This can imply that the algorithm is interpretable, that the requirements in terms
of training data are not high, that the model is not computationally expensive, and that it
is flexible enough to be adapted to unseen PV systems with different characteristics and
climates.

GENERALIZATION

Regarding the last point, most ML methods are usually tested on a few systems under the
same climate so their capacity to adapt to unseen PV plants is unknown. This can be an
issue when these models are put into practice.

Starting with the number of PV systems (Subsection 2.4.2) most researchers motivate
their study by contributing to improved generator dispatch, power quality effects mitiga-
tion, and reducing secondary reserve capacity [147], but if their results are not validated for
multiple systems, they are not reliable enough for upscaling. This hinders the practical use
of the developed methods since they are not fully tested or verified under different condi-
tions. Moreover, there is a need for more regional forecast studies, which will provide the
basis for grid management.

Similarly occurs with the PV systems location (Subsection 2.4.1). Most studies focus
on systems installed in the same climate and country. A study is lacking that analyzes the
effect of climate on the performance of PV systems and quantifies the added error due to
generalization. Large-scale data acquisition poses a significant cost barrier to achieving
this goal. Lack of coordination between researchers and the industry might result in an
unnecessarily long search for optimal solutions.

DATA ACQUISITION

Another issue related to data acquisition is its availability and quality. There may be enough
data, but not with the desired resolution. This affects, for instance, the choice of the fore-
cast horizon. Nowcasting (as short as 10 seconds) is currently the most demanded forecast
horizon because of cloud-related instability [34], but the amount of data available with the
required time resolution is limited. This explains the small percentage of studies focusing
on this forecast horizon (Figure 2.11). Similarly, the lack of sky images and high-resolution
cloud coverage information is a major concern.

Data quality is another important factor, even more than the chosen algorithm. Incor-
rect data will negatively affect the algorithm, without consideration of its complexity [148].
This is also the main source of error in comprehensive analytical prediction models. Un-
less the target of the forecasting model is a specific PV plant with a meteorological station
nearby, we recommend avoiding local weather variables such as wind speed and direction.
These lowly correlated parameters [149] can only add noise if they are not measured on-site.
Other highly correlated features with lower spatial sensitivity such as temperature will not
be so detrimental to the model.

Additionally, up to two hours ahead, the previous PV power is more important than nu-
merical weather predictions [55]. Although we recommend PV power as a feature, with only
that the accuracy of the predictions is very limited, especially during cloudy days. From our
point of view, the best approach is to complement previous PV power and clear-sky irra-
diance with cloud movement extracted from images. Unfortunately, the use of imaging is
currently limited by the low geographical resolution of satellites and the small coverage and
high price of ground-based sky images.
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METRICS

Due to the extensive literature covering metrics for PV power forecasting [47, 139, 150, 151]
this is not a focus of this work. However, we still want to provide our insights based on
Figure 2.13, which represents the popularity of the main metrics. Appendix C defines the
main metrics for completeness.

Figure 2.13: Metrics as a function of the number of times employed in the literature explored in this review.

RMSE is by far the most popular measure, commonly preferred in many disciplines as
it provides good sensitivity [151]. Other popular metrics are MAE and its normalizations.
Although not included, visual inspection is also an important representation commonly
employed by researchers. Popularity, however, should not be the determining factor when
choosing a metric, although it can be considered for comparison purposes. The most suit-
able metric depends on the characteristics of the system such as geographic location, the
forecast horizon, and the objective of the study [150, 151]. All these factors hinder the ex-
istence of a standard metric or group of metrics. As a general recommendation, it is im-
portant to employ more than one measure of prediction error and to make an analysis of
the type of error made. This will display the flaws of the proposed approach for further im-
provement. We also recommend the use of normalized metrics for easier comparison and
understanding.

A LOOK INTO THE FUTURE

To finalize, we provide our view on future developments. We anticipate that soon, ML-based
methods for PV power forecasting will be more extended at the industry level. Some factors
such as robustness and interpretability are hindering their application right now. These
affect the algorithm choice and could dispel promising models such as neural networks.
Interpretability strategies such as explainable AI will most likely flourish since model deci-
sions need to be justified. Probabilistic approaches are likely to play a crucial role as well,
especially in energy markets, as they provide flexibility to the predictions. We also hope that
the time and spatial resolution of satellite images will increase so that their use is extended
shortly.

There are some other aspects to take into consideration regarding the expansion of this
field. For instance, the velocity at which PV capacity is deployed. Grid limitations as well
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as administrative regulations slow down the installation of new facilities. The lower the
importance of PV in electricity generation, the lower the demand for accurate forecasts.
Storage development will probably also affect the AI deployment since in the presence of
large and cheap storage solutions, supply-demand balancing will become easier, and there
will be fewer incentives to have accurate prediction solutions.

Overall, no model is going to yield 100% accurate predictions, mainly due to data col-
lection uncertainties and inaccuracies that are swept along throughout the prediction. The
most important is to focus on the problem one is aiming to solve and provide the best pos-
sible result accepting some uncertainty in it.

2.8. CONCLUSIONS
This review provides an overview of the state of the art of PV power forecasting employing
machine learning algorithms. The main contribution of this work is the extensive catego-
rization of the literature. This has highlighted gaps that have not been reported previously,
such as the lack of studies in certain parts of the world or the focus on day-ahead predic-
tions. An overview of all ML families is given, instead of focusing on the most popular al-
gorithms, to provide alternatives to researchers wanting to deviate from the standard. The
outlook has summarized the main outcomes of each section while providing recommen-
dations. The review has been made as impartial as possible while expressing the authors’
opinions across the document. This can be a valuable contribution to the field.

One of the limitations of this study is the specific range of years that it focuses on. By
looking from 2015 until 2020, the most up-to-date literature and long-term trends are not
being captured. The process employed to obtain that literature was also biased by the most
cited works. However, the large number of publications considered reduces this bias.

PERSPECTIVE: 5 YEARS LATER
At the time of this dissertation’s publication, limiting the reviewed articles to the period
between 2015 and 2020 makes the work somewhat outdated. This section does not aim
to provide a full update of the chapter, but rather offers a reflection on how the field has
evolved over the past five years based on recent reviews.

Overall, these reviews reinforce the key conclusions presented in this work. Continuing
the trend highlighted in the introduction, the number of studies utilizing machine learning
for PV power forecasting has continued to grow, with DL gaining traction [152, 153]. Hybrid
and DL models remain highly popular [154] despite their increased complexity [153, 155]
and the higher computational burden they impose [156] for only marginal performance
improvements [155].

All reviews emphasize the crucial importance of high-quality input data and related pre-
processing techniques [152, 153, 155–157], with metaheuristic models helping with data re-
finement and hyperparameter tuning [152]. Most reviews also highlight the challenge of
generalization [153, 156, 157], often attributed to the lack of diversity in input data [154].

It is also worth highlighting the discussions on the importance of interpretability [152],
probabilistic forecasting [152], and careful feature selection [157].

However, some points remain open for discussion in relation to this work.
Some researchers emphasize the need for more medium- and long-term forecasts, as

these are critical for energy trading and strategic planning [156]. In contrast, this work fo-
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cuses on the need of very-short forecasts, a perspective supported by other studies [153].
In our opinion, alternative techniques may be more suitable for medium- and long-term
forecasting, where ML capabilities might not be fully exploited.

Dhaked et al. highlight the use of metaheuristic techniques for data augmentation [156]—
a set of methods that increase the size and quality of training datasets [158]. This approach
can improve ML and, in particular, DL training, making it especially useful for datasets
spanning less than a year or for replicating rare events.

Another topic discussed by Dhaked et al. but not covered in this work is the real-life
implementation of ML techniques. The use of DL is associated with challenges related to
portability, scalability, and computational cost, which should be addressed to improve ro-
bustness and practical applicability [156]. Despite its relevance in real PV systems, the au-
thors stress the limited research on this subject, a gap we acknowledge.

In conclusion, the key findings of this chapter remain valid despite being based on stud-
ies from five to ten years ago. However, some recent developments were not covered, un-
derscoring the rapid evolution of the field.





3
DATABASE OF OPEN-SOURCE PV

SYSTEMS

Some of the gaps spotted in the literature on PV power forecasting with ML can be solved by
increasing the amount and the quality of the employed data. Motivated by this, an extensive
data-gathering process was performed in search for open-source PV power databases. A web-
site, www.tudelft.nl/open-source-pv-power-databases, has been created with all found open
data sources for ease of use in future research.

This chapter has been adapted from the supplementary material of the publication A. Alcañiz, A.V. Lindfors, M.
Zeman, H. Ziar, O. Isabella, “Effect of Climate on Photovoltaic Yield Prediction Using Machine Learning Models”
Global Challenges, 7(1), 2200166 (2023) [159].
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3.1. INTRODUCTION
The previous chapter highlighted that data scarcity, especially the absence of high-quality
data, causes some of the current gaps in forecasting PV power output. The lack of gener-
alization of the developed ML models, the low time resolution considered which does not
respond to the market needs, and the poor results attributed to low-quality data, are all
problems that can be solved by increasing the amount of high-quality data.

Researchers often develop their algorithms relying solely on the data available within
their institution. This also complicates the comparison between studies, as pointed out
by Yang [47]. Given that ML algorithms are sensitive to many factors such as location and
data resolution, it is generally unfair to make a comparison between studies. One solution
to this issue would be to employ the same data and be as transparent as possible with the
parameters and techniques employed.

Seeking to address this gap, this chapter aims to create a website that contains and links
to diverse PV power data sources, making them accessible to anyone interested in utilizing
them. This database encourages researchers to utilize the same dataset to improve result
reproducibility and motivate collaboration.

3.2. DATA GATHERING
The process of open-source PV power data gathering started by exploring the literature
on PV power forecasting [160–162]. The aim was to find researchers who employed open-
source data or openly shared their data. After conducting the initial search in the literature,
search engines were employed to increase the database.

Unfortunately, most of the open-source data sets found at this stage were located in Eu-
rope or the USA. The next step consisted of contacting researchers who were open to shar-
ing the PV systems data located at their institutions and making them open source. Despite
having contacted around twenty researchers, only three resulted in positive responses. PV
system data from two systems in Finland, one in Costa Rica, and another in Slovenia were
achieved using this methodology.

In the following, a brief description of all found sources with individual PV system data
is provided:

• PV Data Acquisition (PVDAQ), created by the National Renewable Energy Laboratory
(NREL), provides access to PV performance data for systems throughout the US [163].

• The solar center division of Desert Knowledge Australia (DKASC), a non-profit corpo-
ration of the Northern Australian territory, offers generated PV power of a wide range
of technologies located in two different sites of the desert [164].

• Sunny Portal is a PV monitoring portal that allows PV system operators and installers
worldwide to access system data at any time [165]. Despite the privacy of most of the
systems, a set of example German PV systems can be downloaded.

• In the 2014 edition of the Global Energy Forecasting Competition (GEFCom), orga-
nized by Dr. Tao Hong, one of the addressed problems consisted of forecasting the PV
power [160]. The employed data set is publicly available for researchers.

• Marion et al. openly shared their dataset, which consists of data from three American
PV systems [161]. In their publication, one can find how to access the data.
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• DuraMAT DataHub, also by NREL, is a collaborative framework where the public can
provide and access PV data for durability studies [166]. Deep exploration of the web-
site has not been carried out, but a data set of 9 bifacial tracking systems was found
for download.

• The London Datastore open data-sharing portal [167] includes the PV Solar Panel En-
ergy Generation data set which contains voltage, current, power, energy, and weather
data from domestic sites with PV modules located in the city of London.

• Kaggle is an online machine learning community, a subsidiary of Google, which al-
lows users to find and publish data sets and to build models in a web-based data-
science environment [168]. One can find several data sets related to PV power, which
have been reported in www.tudelft.nl/open-source-pv-power-databases.
For instance, Horizontal Photovoltaic Power Output Data set was employed in an
Energies publication [162]. It includes PV power and weather data for 12 Northern
Hemisphere sites over 14 months.

• The report published by the International Energy Agency regarding the Assessment of
Performance Loss Rate of PV Power Systems [169] required of PV system and weather
data around the world. They made the dataset public in the OSF open platform which
includes time series data of 18 systems located in different climates. For each plant,
PV power, plane of array irradiance, ambient and module temperatures, and some-
times wind speed data are available with time diverse resolutions.

• Although generally not recommended since it is meant for software development and
version control, GitHub is also employed to store data sets. [170] provides one-minute
resolution data for three individual systems in India for over 6 months.

• The Hathaway Solar Patriot House is a project which monitors and models the perfor-
mance of a sustainable house outside of Washington, D.C with a 6 kWp photovoltaic
system [171]. The collected data has been made available and includes a large num-
ber of measurements such as solar irradiance, DC electrical measurements from the
PV array and battery, energy from and to the grid, and energy consumption from elec-
trical appliances.

• The data provided by researchers Dr. Victor Vega from the University of Costa Rica
(UCR) and Prof. Janez Krč from the University of Ljubljana can be directly down-
loaded from the developed website (more in the next section).

• To access the two Finnish systems, Anders Lindfors from the Finnish Meteorological
Institute (FMI) should be contacted.

• Motivated by this initiative, the authors of this work have included the PV power pro-
duced by two residential systems, one in the Netherlands (whose data can be directly
downloaded from the website) and another one in Spain (which can be accessed via
Kaggle).

For researchers interested in cumulative production instead of individual systems, there
are also several choices:

• Belgium’s electricity system operator, Elia, has had the initiative to provide open ac-
cess to all of its public grid data [172]. Power generation data including generated PV
power can be found for the whole country or by areas.

https://www.tudelft.nl/open-source-pv-power-databases
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• The German electricity market information platform SMARD provides actual genera-
tion over Germany, Austria, and Luxembourg with a 15-minute resolution [173].

• Outside of Europe, the Electric Power Statistics Information System (in Korean) pro-
vides monthly data on power generation sorted by fuel type [174].

• Paul-Frederik Bach had the initiative of collecting data from several European system
operators, such as the already mentioned Elia. One can find hourly time series of
cumulative production in his blog [175].

• Also for Europe, the Open Power System Data platform offers open data required by
energy system models, including time series of solar power generation with up to 15
minutes resolution [176].

Other interesting sources, although not fully open-source, are PV CAMPER and pvoutp
ut.org. PV CAMPER (Photovoltaic Collaborative to Advance Multi-climate Performance
and Energy Research) is a collaborative platform of PV institutions that share data within
the community [177]. There are entry requirements to access the community, but the plat-
form was founded with the objective of data sharing and collaboration. pvoutput.org is
a free service for sharing and comparing PV output data. Through the API, one can retrieve
generation data from any system after having shared data from an owned PV system and
donated a minimum of 15 AUD per year (as of 2023).

3.3. WEBSITE DEVELOPMENT
All the open data sources explained in the previous section are listed in a website
www.tudelft.nl/open-source-pv-power-databases developed by the authors. The website
has been included as a section of the Dutch PV portal, a non-profit service provided by
Delft University of Technology. This portal’s objective is to offer accessible information on
solar energy in the Netherlands, which is in line with this chapter’s goal.

Figure 3.1: Screenshot of the top of the developed website.

Figure 3.1 shows a screenshot of the top of the website. After a brief introduction, a
large table is presented. Each row in the table is one of the items listed in the previous
section. The columns provide the main data characteristics of each source, including the

pvoutput.org
pvoutput.org
pvoutput.org
https://www.tudelft.nl/open-source-pv-power-databases
https://www.tudelft.nl/en/ewi/over-de-faculteit/afdelingen/electrical-sustainable-energy/photovoltaic-materials-and-devices/dutch-pv-portal
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country, whether weather data is included, how to access it, the time resolution in minutes,
and the type of data (individual or aggregated). This table can be filtered based on these
characteristics so researchers can select the appropriate set based on their needs.

Below the table, a world map highlights countries with available data in light blue, allow-
ing for data filtering. Clicking a highlighted country reduces the table to only the sources
present in that country. For instance, the screenshot in Figure 3.2 shows the result of the
table after selecting the Netherlands.

Figure 3.2: Screenshot of the developed website showing the filtered table by the map.

Finally, at the bottom of the website, a form is included for anyone interested in con-
tributing to the database, see Figure 3.3.
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Figure 3.3: Screenshot of the developed website showing the form to contribute to the database.



4
EFFECT OF CLIMATE

Despite the abundant literature on PV power forecasting with ML, the effect of climate on
yield predictions is unknown. This work aims to find climatic trends by predicting the power
of 48 PV systems around the world, equally divided into four climates. Five machine learning
algorithms and a baseline one have been trained for each PV system. Results show that the
performance ranking of the algorithms is independent of climate. Systems in dry climates de-
pict on average the lowest NRMSE of 47.6%, while tropical ones present the highest of 60.2%.
In mild and continental climates the NRMSE is 51.6% and 54.5%, respectively. When em-
ploying a model trained in one climate to forecast the power of a system situated in different
climates, it is observed that systems in colder climates tend to exhibit on average a lower gen-
eralization error, with an additional NRMSE as low as 5.6% depending on the climate of the
test set. Robustness evaluations were also conducted to increase the validity of the results.

This chapter has been adapted from the publication A. Alcañiz, A.V. Lindfors, M. Zeman, H. Ziar, O. Isabella, “Effect
of Climate on Photovoltaic Yield Prediction Using Machine Learning Models” Global Challenges, 7(1), 2200166
(2023) [159].
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4.1. INTRODUCTION
Despite the abundant literature on PV power forecasting with ML, most studies consider
less than 5 PV systems which are generally located in the same areas. Few studies have
considered PV systems subjected to diverse meteorological conditions to study the effect
that climate has on the performance of ML models.

This chapter aims to study the effect that climate has on machine learning predictive
models. For this purpose, a data set of 48 PV systems spread around the world is consid-
ered. These systems are selected to be equally divided into four climates and as spread as
possible. Several ML algorithms are trained on this data and the results are analyzed to
identify climatic trends. The best algorithm is selected for further evaluations, which con-
sist of quantifying the increase in error when the climate of the training and test set do not
coincide, and of exploring how robust the obtained results are.

Section 4.2 details the data set employed in this work. It explains as well the process
of data preparation and exploration. Section 4.3 describes the methods employed, which
are mainly the ML algorithms, but also includes the hyperparameter tuning process and
the metrics. The main results are analyzed in Section 4.4, where some evaluations are also
conducted to show the generalization and robustness of the model, amongst other charac-
teristics. Finally, the main conclusions are presented in Section 4.5.

4.2. DATA SET
This section explains the main characteristics of the data set employed. The first step con-
sists of the data-gathering process, where open-source data sets are prioritized. Chapter 3
elaborates on this open-source data-gathering process. Once the data is selected, its main
characteristics are explained. The data is later cleaned and explored before training the ML
algorithms.

4.2.1. DATA CHARACTERISTICS

A total of 48 PV systems as spread as possible were selected for this study, situated in 18 dif-
ferent countries. These systems are evenly distributed across four climates, ensuring suffi-
cient statistical robustness. A dataset with a wide range of systems per climate is crucial for
accurate analysis. To distinguish between meteorological conditions, the major types from
the Köppen-Geiger (KG) climate classification were employed [133]: tropical (A, blue), dry
(B, red), mild temperate (C, light green) and continental (D, magenta). The study excludes
the polar climate type due to the absence of PV system data in that region.

The arduous task of data gathering severely limited the accuracy of this work. Some of
the gathered data included very few meteorological measurements and limited system in-
formation. All PV systems needed to have the same meteorological and system information,
otherwise it could have affected the robustness of the results. Therefore, it was decided to
sacrifice some meteorological parameters in exchange for a higher number of systems that
would assure statistical robustness to the climatic trends.

Model inputs consist of hourly resolution clear-sky global irradiance, previous hour
measurements of global irradiance, temperature, and wind speed, power produced dur-
ing the three previous hours, and power produced one day before. No system character-
istics were included in the model since very limited data was known from some systems.
Since a limited number of descriptive meteorological parameters were available for all sys-
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tems, the PV power produced during previous instants of time was included as a feature
to provide additional information to the algorithm. The decision to select the power pro-
duced during the three previous hours and one day before was taken after looking at the
changes in performance (not shown here). Including three previous hours and one day
before yielded slightly lower errors than removing previous hours in most algorithms, al-
though some started showing the negative effects of cross-correlated features. The clear-sky
global irradiance was implemented using the pvlib Python library [178]. This variable rep-
resents the geographical dependency of the sites and irradiance patterns in time in a more
effective way than with features such as latitude, longitude, sun azimuth, or sun altitude.

For most systems, the meteorological data was gathered on-site and obtained from the
same source as the PV power. For the German open-source PV system, there was no onsite
weather data accessible, so an inverse interpolation method was applied to nearby meteo-
rological stations provided by the German Weather Service DWD [179].

4.2.2. DATA PREPARATION
After gathering the data, it needed preparation for the ML algorithms. Several cleaning steps
were therefore performed, consisting of:

• Standardizing the units of all measured data.

• Ensuring that variables were within limits: positive PV power, no irradiance at night,
ambient temperatures below 100°C, etc.

• Removing days with no measurements.

• Removing more than two consecutive absent measurements, while interpolating spo-
radic missing points.

• Removing outliers. For ambient temperature and wind speed, the interquartile range
(IQR) was employed. A different IQR constant (usually set to 1.5) was found exper-
imentally for each feature. This measure could not be employed for PV power and
irradiance due to their low average. For those variables, values that were 25% higher
than the 99% quantile were considered outliers.

Each system’s data was individually explored (not shown) to detect any abnormal be-
havior and ensure that the data-cleaning process was properly implemented. Since the data
availability was different for each system, after the cleaning process it was ensured that all
systems had at least 75% of a year of data and a maximum of two years of data.

The next step consisted of data normalization, an essential requirement for some ML
algorithms like Support Vector Regression that require a similar range for all features. All
inputs were scaled between zero and one considering the minimum and maximum of each
series. Finally, the data for each system was randomly split into 70% of the training set and
30% of the test set.

4.2.3. DATA EXPLORATION
Before diving into the methodology, exploring potential variations in behavior across differ-
ent climates was also insightful. The correlation of PV power with each of the model inputs
for each PV system was computed. Correlation is a value between -1 and 1 and indicates the
similarity between two vectors. The correlation results were grouped based on the climate
to find meaningful trends, as shown in Figure 4.1.
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Figure 4.1: Correlation of PV power with each input feature for all 48 systems. The systems have been colored
depending on the major KG climate that they are subjected to.

Irradiance is highly correlated with PV power, showing medians greater than 0.84 and
0.79 for clear-sky and global irradiance, respectively. In the case of systems located in dry
climates, these two variables are more highly correlated than for the rest: around 0.87 on
average for both variables as compared to 0.86 for mild, 0.84 for tropical, and 0.82 for con-
tinental systems. As clear-sky irradiance is computed analytically, there is no temporal dis-
crepancy with PV power. This makes it a highly explainable feature of PV power in clear-sky
days.

The other two measured variables, air temperature and wind speed, have lower impor-
tance for the ML algorithms. Wind speed has on average a correlation of 0.14 with PV power,
suggesting no importance for most systems. Seven systems even show a negative correla-
tion, five of which are in a dry climate, but it is so low (minimum of −0.05) that it indicates
no relationship between variables. Regarding air temperature, one can observe a high de-
pendency on climate, since the median correlation for tropical systems is 0.43, while in the
remaining climates, it drops to around 0.3.

The hourly previous instances of PV power show an expected correlation, dropping as
the temporal gap widens. Tropical systems show the lowest correlation of all climates, with
a value of around 0.87 while it increases to 0.9 for the other climates. This indicates that the
intraday weather variability in tropical areas is very high compared to other climates since
the PV power can be very different between hours. Looking now at the correlation with
power one day earlier, tropical climates also depict a low correlation (0.82), but continental
climates obtain an even lower one (0.78). Following the same reasoning as before, systems
in continental climates show a high daily weather variability.

4.3. METHODOLOGY

This section explains the algorithms employed for predicting the PV power (Subsection 4.3.1),
and how their parameters were optimized (hyperparameter tuning in Subsection 4.3.2).
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4.3.1. ALGORITHMS
This subsection briefly explains the working principle of the algorithms employed to predict
PV power in this work.

The persistence algorithm assumes that nothing changes between the current time step
and the following [180]. It is a simple algorithm usually employed as the benchmark to
compare the performance of other models. It is described by Equation 4.1, where P (t ) is
the PV power produced at time step t . This simple algorithm can achieve low errors when
forecasting PV power in the very short term [145].

P (t ) = P (t −1) (4.1)

The second algorithm is the high-order polynomial regression model. The relation be-
tween the independent variable (P (t ) in our case) and the features is modeled by a polyno-
mial of degree d . This statistical algorithm can be extended to machine learning by deter-
mining the parameters through the training data set.

One issue with regression algorithms is that they tend to overfit the data, as explained in
Appendix B. The model focuses too much on the training set and it is unable to generalize
to unseen data. To solve this issue, regularization techniques were developed which keep
the parameters low. For instance, ElasticNet penalizes the parameters through the 1-norm
(absolute value) and 2-norm (root squared). The user can choose the ratio between these
two penalization terms lr as well as the amount of penalization α.

Support Vector Machine (SVM) is an algorithm originally developed to solve classifica-
tion problems and extended for regression under the name of Support Vector Regression
(SVR). The objective of SVM in classification problems is to create a boundary between
groups with the highest possible margin. SVR follows the same principle of maximizing
the margin: it fits a hyperplane to the data with a margin of tolerance ϵ [181] (see Figure B.1
for a graphical explanation). Usually, a hyperplane does not properly describe the data. In
such cases, two simultaneous approaches are taken. First, a penalization term C is intro-
duced to the samples that are outside the hyperplane so that the minimization function has
the motivation to fit all points inside the hyperplane. The second approach is to map the
data to another feature space, where it may be easier to fit a hyperplane. This is done via
a kernel, a function that helps SVR to solve non-linear problems. The most common ker-
nel functions are polynomial, radial basis function, and sigmoid, expressed together with
its parameters in Table 4.1. In these equations, x is the real output while x ′ is the predicted
one.

Table 4.1: Possible kernels for SVR.

Kernel Expression Parameters

Polynomial (γ · 〈x, x ′〉+ r )d γ,r,d
Radial basis function exp(−γ · ||x −x ′||2) γ

Sigmoid t anh(γ · 〈x, x ′〉+ r ) γ,r

Random forest is a combination of decision trees. A decision tree is an algorithm that
recursively partitions the data space depending on its value and a simple prediction model
is then fitted within each partition [182]. To avoid overfitting, a random forest fits sev-
eral decision trees nest i mator s on various subsets of the dataset and then averages them.



4

46 4. EFFECT OF CLIMATE

Several characteristics of the built trees can be controlled, such as the maximum number
of divisions (depth) of each tree maxdepth , the number of features considered for each
split max f eatur es , the minimum number of samples required to be at a leaf (final) node
mi nsamples,l ea f , and the minimum number of samples required to make another division
mi nsamples,spl i t .

The last applied algorithm is Extreme Gradient Boosting or XGBoost. It also combines
several decision trees, but contrary to random forest, XGBoost combines the trees on the
go instead of at the end [183]. The first decision tree estimates an output that resembles
as much as possible the real one, based only on the input dataset. In the next iterations,
new decision trees are built by giving higher attention to large-error predictions. Several
parameters optimize this algorithm although we focused only on two: col sampleby tr ee and
α. The former adds randomness by determining the fraction of randomly selected inputs
employed to train each tree. α is a 1-norm regularization term, as in ElasticNet.

All these algorithms have been implemented in Python using the libraries sklearn [184]
and xgboost [183].

4.3.2. HYPERPARAMETER TUNING

To improve the predictions, a hyperparameter tuning process for each algorithm and PV
system has been performed. This process consists of finding the optimum set of param-
eters for each site. The parameters considered for each algorithm are the ones described
in the previous section. The range of each parameter tuned is depicted in Table 4.2. Each
algorithm was tuned using 5-fold cross-validation with randomized search.

The results of hyperparameter tuning were analyzed to identify climatic trends. How-
ever, no clear relationship between climate and optimum hyperparameters was found.

4.4. RESULTS
Subsection 4.4.1 explains the main results obtained which focus on finding climatic trends.
Subsection 4.4.2 explores how well a trained model can predict the PV power of a different
system. The robustness of these results is explored in Subsection 4.4.3 to increase credi-
bility. Finally, Subsection 4.4.4 categorizes the obtained results based on a more suitable
climate classification: the Köppen-Geiger-Photovoltaic climate classification [185].

4.4.1. CLIMATIC TRENDS

Once all algorithms were trained and optimized for each of the 48 PV systems, their perfor-
mance was evaluated in the test set. The results for each model in terms of NRMSE, NMAE,
and NMBE have been reported in Figure 4.2, color-coded based on climate.

Looking first at the models’ performance, their ranking is independent of climate and
metric. Persistence shows the highest NRMSE of 70.4% on average, followed by Elastic-
Net (57.6%) and SVR (51.6%), while polynomial regression, XGBoost, and random forest
show similar performance. The latter is selected as the best algorithm with a lower average
NRMSE of 46.2% compared to 48.4% and 47.4% for polynomial regression and XGBoost,
respectively. Similar conclusions can be reached by looking at the NMAE. The superiority
of polynomial regression over ElasticNet suggests that the amount of data is sufficient to
prevent overfitting. This is supported by hyperparameter tuning results (not shown), which
indicated that the ElasticNet parameterα, representing regularization, was close to zero for
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Table 4.2: Hyper-parameters tuned and their explored range for each ML algorithm implemented in this work.

Polynomial regression

d 1, 2, 3, 4

ElasticNet

α 0.01, 0.1, 0.3, 0.5, 0.7, 1
lr 0.01, 0.05, 0.1, 0.5, 0.9, 0.95, 0.99

SVR

ϵ 0.001, 0.1, 0.3, 0.5
C 0.01, 0.1, 1, 10
kernel polynomial, radial basis function, sigmoid
γ 0.01, 0.1, 1, 10
r 0, 0.2, 0.5, 0.8, 1
d 1, 2, 3

Random forest

nest i mator s 100, 500, 1000, 2000
maxdepth None, 5, 10, 20
max f eatur es auto, sqrt
mi nsamples,l ea f 1, 2, 4
mi nsamples,spl i t 2, 5, 10

XGBoost

col sampleby tr ee 0.3, 0.6, 1
α 0, 5, 10, 100

all sites.

In terms of NMBE, SVR depicts the worst results. This low performance can be due to the
cross-correlation of input features. Regarding climatic trends, tropical and mild systems are
more prone to being underestimated (median NMBE for all models of -0.21% and -0.42%,
respectively) as opposed to those in continental and dry ones (median NMBE of 0.38% and
0.35%, respectively).

Despite depicting the highest NRMSE, persistence can provide interesting information.
Low persistence errors indicate steady atmospheric conditions. Climates that show on aver-
age low persistence errors indicate low hourly variability in PV power. Continental systems
depict the lowest median NRMSE of 62.5% when using persistence, which was already ex-
pected considering that the systems in this climate have a high correlation of 0.92 with the
previous PV power value (Figure 4.1). Dry and mild systems also show a low median NRMSE
of 65.0%, again due to the 0.91 correlation of PV power with its previous value. On the other
hand, tropical systems show a high weather variability between hours, hence their high
median NRMSE of 74.5% and low correlation of 0.87. For instance, in Costa Rica, the hourly
and monthly rainfall patterns can be very fluctuating, without a defined pattern during the
diurnal period [186].
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Figure 4.2: Performance of the ML models (and persistence) in terms of NRMSE, NMAE, and NMBE for all 48 PV
sites. Each color represents a KG climate.

Looking now at climatic trends, on average systems located in dry areas are the ones
that report the lowest NRMSE (47.6% for all models), while those located in tropical areas
show the highest NRMSE (60.2%). Although both climates are characterized by high am-
bient temperatures and high irradiation, the higher humidity and precipitation of tropical
areas negatively affect not only the performance of the PV systems but also their prediction
[185]. Systems in mild and continental climates show similar average NRMSE of 51.6% and
54.5%, respectively.

These results may be due to the absence of climate-specific features in the model, such
as humidity, rainfall, snowfall, and dust. This hypothesis could not be confirmed due to
insufficient data, but existing literature can help support this notion.

By definition, dry climates are characterized by a lack of available water [187]. Variables
such as humidity, rainfall, and snowfall will therefore have a low impact on the prediction
of PV power. However, incorporating dust as a feature would likely reduce prediction errors
significantly, given its high explanatory power. This is supported by [66], where dust was
identified as a relevant feature with a correlation coefficient of -0.56 for a system in the arid
State of Qatar. Taking into account global dust accumulation [188], incorporating dust as
a variable would reduce errors for systems in tropical and dry climates, though its impact
would be minimal for mild and continental systems.

The addition of humidity would also have a positive impact on the prediction accuracy
for tropical systems. In [189], the correlation of ambient humidity with PV power for a tropi-
cal system was -0.43, which according to Figure 4.1 is higher than the median correlation (in
absolute value) with wind speed. Moreover, tropical places usually show seasonal weather
variations substantially different from other climates [162]. Finally, by definition tropical
climates have significant precipitation [187].

Regarding the two remaining climates, they are only distinguished from one another
by temperature [187]. The addition of humidity and precipitation would have a positive
effect on the prediction for both climates, although the magnitude of this effect would differ
depending on the location of each system. In [162], the variable importance ranking for
several systems depended on their location even when they were subjected to the same mild
or continental climate. The feature that could explain the lower prediction error of mild
systems compared to continental ones is snowfall. By definition, snowfall is more common
in continental climates than in mild ones. Awad et al. reported that R2 increased from 0.93
to 0.96 when including rain and snow in their predictive model for Canadian systems [190].
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Snowfall helped the ML algorithm learn the differences in fluctuating conditions between
the snow and non-snow seasons. Similarly, Böök et al. reported that, for the two Finnish
systems included in this study, the average R2 of their prediction during snow-free days was
0.995 while it dropped to 0.640 during snow cover periods, which represents roughly 13% of
the data points [191].

As a final reflection, the reported errors are quite high. Even when considering the
best algorithm, random forest achieves a median of 41.8% NRMSE and a median of 19.7%
NMAE. Comparing with the literature, Pujić et al. achieved an NMAE of 8.61% when using
random forest [192], while Ferlito et al. achieved an RMSE with random forest ranging be-
tween 46.5 W and 82.0 W, depending on the year, for a 1 kWp PV plant [64]. These results are
compared with those of system B3 with an NRMSE of 41.0%, close to the median, and a ca-
pacity of 6 kWp. Therefore, the representative RMSE is 94.8 W/kWp, while for Ferlito et al.,
this value was 46.5-82.0 W/kWp. There may be several reasons for this underperformance.
First, the shortage of descriptive information, as already suggested. The algorithms uti-
lized only a few general meteorological features without incorporating any system-specific
information. Additionally, the models were not tailored for each PV system, beyond the hy-
perparameter tuning and a generic cleaning process. A more powerful ML algorithm, such
as an ANN, may reduce the error. For instance, in [60] the average RMSE was reduced from
167 to 164 when using LSTM instead of random forest. However, the objective of this study
lies in the comparison between climates rather than in obtaining the lowest possible error
per system.

4.4.2. FLEXIBILITY TO OTHER CLIMATES

This subsection aims to measure the adaptability of machine learning models to different
climates. The goal is to determine the error increase when an ML algorithm, trained with
data from a system in one climate, predicts the power of a system in a different climate. The
intention is to observe hidden relations and similarities. By no means, it is our objective to
substitute this general model with the individual ones.

For this study, five new datasets were generated, and an ML algorithm was trained with
each. The first dataset comprises data from all 48 PV systems, forming the Universal model.
Subsequently, datasets were created for each climate, incorporating data from all 12 systems
within that climate. Each dataset underwent randomization and was limited to 5 years of
data due to computational constraints.

The selected algorithm for this study is random forest, given its results in the previous
subsection. Random forest parameters were first optimized for each set and then the algo-
rithm was trained with each of the five new datasets. The PV power was then predicted for
all 48 PV systems using the five newly trained models. Figure 4.3 shows the results, where
the colors and legend indicate the model used, while the vertical axis indicates to which
climate the test system belongs to. The performance of random forest, when trained with
the same PV system (the model used in the previous subsection), has also been added to
the graph for comparison purposes with the label of Self.

As expected, when the training and the test sets coincide (Self case, yellow color), the
performance is optimum (average NRMSE of 46.2%). The second-best performance is ob-
tained when the climate of the test and training sets coincide, which results in an average
NRMSE of 47.9%. The third best option is the universal model (grey color, NRMSE of 49.8%),
which includes data from all PV systems.
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Figure 4.3: Performance of the universal, climatic, and own models for all 48 PV systems.

Up to this point, all results are expected. The performance decreases as the similarity
degree of the training set with the test set decreases. Similarity degree is the percentage
of data belonging to the target system that is included in the training set. In the self case,
the similarity degree is the maximum, 100%. When the climate of the test and training sets
coincide, the similarity is around 8.3% (one over twelve). For the universal model, a fourth
of the PV systems are from the same climate as that of the test set, thus the similarity is
decreased to 2.1%. For the remaining conditions, the similarity degree is 0%.

Therefore, the real adaptability measure starts when testing a model trained with data
in one climate on a PV system located in a different climate. From the graph, one can note
that the continental model is the most flexible of all. In the case of the dry test set, the con-
tinental model obtains a mean NRMSE of 48.8%, lower than the mild or tropical models
(49.9% and 56.8%, respectively). This higher adaptability of the continental model could be
explained because it relies strongly on the PV power produced during the previous hour and
because continental systems are subjected to a diverse but stable type of days. With simi-
lar reasoning, the mild temperate model also achieves good results. In the case of the dry
model, since precipitation rarely occurs, it is not as accurate as continental or mild models
during rainy days. Lastly, the tropical climatic model is the one that generalizes worst due
to the challenging conditions in which it has been trained.

One could argue that this experiment is of no use since it was already expected that if the
training and test sets do not coincide, the accuracy will be lower. However, the main interest
is the quantification of this lower accuracy and guidelines for the choice of an alternative
training set in case the target PV system does not hold enough training data. Alternative
approaches could be employed, such as developing a physical model or using persistence
during the first months of operation, however, the aim is to quantify the consequences of
using a trained ML algorithm on a different test set.

The method to quantify this error increase is better illustrated with an example. Suppose
we aim to forecast the power output of a recently installed system in a tropical climate using
an ML model. However, there is not enough data available to train the algorithm and create
a new model. Instead, the only available data consists of two PV systems located in dry
and mild temperate climates. Based on the discussions in this subsection, lower errors are
expected when the model from the mild climate system is employed. In terms of NRMSE,
the additional error incurred when training with the mild system would be around 6.5%,
whereas with the dry system, the additional error would rise to 10.0%. This increase in
NRMSE for all possible combinations is shown in Table 4.3.

These numbers are averages, therefore the actual values in another situation can differ.
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Table 4.3: Increase in NRMSE [%] in each of the combinations compared to the performance of the self case.

System’s KG Own climate Univ. Trop. Dry Mild Cont.

Tropical 1.4 3.5 - 10.0 6.5 5.6
Dry 2.3 4.3 16.5 - 9.3 9.1

Mild 2.3 3.5 9.8 8.9 - 5.8
Continental 1.5 3.5 17.7 12.1 9.3 -

However, they indicate the expected increase error. Whether this increase is acceptable,
depends on the user and especially on the alternative. This path offers a way for PV power
prediction using ML techniques with only one day of system operation.

4.4.3. ROBUSTNESS

Although efforts were made to incorporate a diverse range of systems per climate, the results
may not be robust enough. Some of the systems are located nearby, and unfortunately, not
the same amount of data was available per system. This subsection, therefore, aims to show
the robustness of the reported results.

25% of the systems had two years of data available after cleaning, while 37.5% included
less than a year. Since the amount of training data can affect the performance of the ML al-
gorithms, the systems’ R2 was compared to the amount of data points per system. Figure 4.4
depicts the results for all 48 PV systems. No meaningful relation can be found between the
amount of data points and the accuracy of the prediction, hence the different data avail-
ability of systems had no effect in this study.

Figure 4.4: Coefficient of determination R2 as a function of number of years per system. The different colors
represent the KG climate that the system is subjected to.

In Subsection 4.4.2, there is some contamination in the created data sets. The system
used as the test set is included in the training set corresponding to its own climate, as well
as in the universal training set. This could potentially underestimate the prediction error.
Additional simulations were conducted to illustrate the impact of including or excluding
specific systems within the climate. The process is exemplified with the tropical system A1.
To test the robustness of the generalization study, two new data sets were created where A1
is excluded from the tropical and universal datasets. Random forest was trained using these
two data sets, and the two models were used to predict the PV power of A1. Metrics were
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computed, and later compared with the metrics obtained for system A1 using the procedure
explained in Subsection 4.4.2.

This procedure was repeated for two random systems per climate, adding up to a total of
8 PV systems. When comparing the metrics of this procedure with those obtained from the
generalization study, the results were best when the system was included, however, the dif-
ferences were small. In terms of R2, NMAE, and NRMSE, the relative difference between the
two conditions stays below 1.2%, 2.5%, and 3%, respectively, for the 8 systems. Therefore,
despite the existence of some contamination, the error is negligible.

The final aspect is the number of systems per climate. Despite all the data-gathering
efforts, 12 systems per climate might not be representative enough. To check this fact, a
new set of simulations was conducted, examining whether the trends in performance re-
mained consistent when fewer systems per climate were considered. In the first iteration,
instead of having 12 systems per climate, it is assumed that only 11 systems per climate
were available. 12 combinations per climate were therefore possible. The average NRMSE
per climate of each of these combinations was computed. When comparing the NRMSE of
12 systems with all possible NRMSE of the 11 systems, one can identify if one of the systems
is contaminating the results, or if the trends are robust.

This experiment was repeated considering down to 7 systems per climate. Figure 4.5
shows the evolution in NRMSE as a function of the number of systems. Due to the possi-
ble combinations when the number of systems was lower than 12, the results are expressed
with box plots. In most combinations, the trends reported in Subsection 4.4.1 are consis-
tent: systems in tropical climates show the highest errors while those in dry ones depict the
lowest ones. The error range in the box plots shows that increasing the number of systems
makes the results more precise but has almost no effect on the ranking.

Figure 4.5: Evolution of the NRMSE as a function of the number of PV systems considered per climate.

4.4.4. KÖPPEN-GEIGER-PHOTOVOLTAIC CLIMATE CLASSIFICATION

This study employs the major types of the KG classification to divide the PV systems based
on climate. This offers a simple classification into five categories, which is suitable for the
problem at hand. However, recently Ascencio-Vásquez et al. updated this classification
particularly for PV, creating the Köppen-Geiger-Photovoltaic (KGPV) climate classification
[185]. This new classification includes another letter that indicates the strength of the irra-
diation level received: K-Very High, H-High, M-Medium, and L-Low. It was also based on
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an update of the KG classification which includes six major types, not five: A-Tropical, B-
Desert, C-Steppe, D-Mild temperate, E-Continental, and F-Polar. Overall, this classification
consists of 12 categories after merging combinations.

Considering the nature of this new classification, it would have been more suitable to
employ these 12 categories. However, given the data-gathering limitations, it would not
have been possible to obtain enough number of systems per category to distinguish be-
tween trends.

However, now the results obtained in Figure 4.2 can be classified following the KGPV
classification, as in Figure 4.6. One has to be more critical of these new climatic trends
since the systems are unevenly distributed between these 12 categories. However, it can be
the first step for possible future work.

Figure 4.6: NRMSE as a function of the Köppen-Geiger photovoltaic climate classification. The colors represent
the KG classification employed so far.

From the graph, one can distinguish almost two perfect continental subgroups: EM and
EL. The PV systems under the EL climate are more likely covered during longer periods by
snow due to the lower irradiance. These are then harder to forecast since snowfall is not
included. Systems in the desert (BK) depict lower errors than those in steppe areas (CK,
CH). In general, the higher the irradiance, the lower the error of the PV system. These could
even override the previous trends, since from the graph, systems in the DH climate show
lower errors than those in the CH climate. This is opposed to the highest accuracy of dry
climates found so far in previous sections. Apart from the polar climate (F), which was
excluded from this study, there is one KGPV climate missing: BH. This is logical, given that
the dry climate has been subdivided into four categories, whereas the others have been
divided into two or three. Climates DL, EL, and CK are also highly unrepresented, which
hinders any conclusions extracted in this work.

4.5. CONCLUSIONS
This work studies the effect of climate on the performance of machine learning models
for PV power prediction. For this purpose, 48 systems, evenly distributed into 4 climates,
were selected and several algorithms were trained for each system. Results showed that
random forest is the best algorithm of all tested, with an average NRMSE of 46.2%. Cli-
matic trends depicted how higher errors are achieved for tropical systems (NRMSE aver-
age of 60.2% for several models), while lower ones are obtained for systems in dry climates
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(NRMSE of 47.6%). The adaptability to the climate of these models is also explored. Sys-
tems located in continental climates showed the lowest generalization error, which can be
as low as an additional NRMSE of 5.6%, while tropical ones showed the highest. Finally,
several robustness experiments were performed to increase the confidence in the obtained
results, and the recent Köppen-Geiger-Photovoltaic (KGPV) climate classification was used
to further identify more climatic trends.



5
NOWCASTING FOR

RESIDENTIAL-SCALE SYSTEMS

As seen in Chapter 2, most of the literature employs less than 5 PV systems during the train-
ing process of ML models, which does not ensure generalization to unseen systems. Regional
forecasts are the norm when in the presence of a large fleet. Nevertheless, none of these ap-
proaches are usable when monitoring residential PV systems. This work proposes a single ML
model using XGBoost to predict the individual power of a large fleet of 1102 PV systems. This
algorithm obtains an MAE of 0.877 kWh (considering an average system size of 4.44 kWp) and
a MAPE of 23% for hourly data aggregated to daily values. XGBoost predictions are two times
better than currently used commercial software on average. During the methodology devel-
opment, a discussion arose on the lack of a suitable loss function an metric for residential PV
yield forecasting.

This chapter has been adapted from the publication D. Grzebyk, A. Alcañiz, J.C. Donker, M. Zeman, H. Ziar, O.
Isabella, “Individual yield nowcasting for residential PV systems” Solar Energy, 251, 325-336 (2023) [193].
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5.1. INTRODUCTION
Most researchers motivate their PV power forecasting studies by contributing to improved
generator dispatch, power quality effects mitigation, and reducing secondary reserve ca-
pacity. However, if their results are not validated for multiple systems, they might not be
reliable enough to upscale. This problem of evaluation on small data sets was also identi-
fied by Yang and Theocharides et al. [47, 147]. Few studies employed data from more than 5
PV systems, and when they did, PV power was commonly aggregated to provide a regional
approach (check Subsection 2.4.2 for details). Although from a grid manager perspective
regional forecasts are preferred over individual ones [194], when it comes to monitoring
individual PV systems, a regional forecast is not suitable.

Exceptions found in the literature are Elsinga and Sark, which provided analysis for 202
rooftop PV systems [195], Gensler et al. who forecasted the power of 21 systems [89], and
the forecast of 71 systems from Lee et al. [65]. The approach in these cases consisted of cre-
ating an ML algorithm for each PV system, which can be computationally intensive during
the training procedure and can limit the application of the ML model until enough data is
available for a new PV system.

Unlike previous literature, this study aims to utilize a single ML algorithm to rapidly
and accurately forecast the performance of a large database of 1102 PV systems. The al-
gorithm improves its training process by learning from multiple systems while keeping the
ability to differentiate between systems based on their system information. The developed
methodology is applied in a solar software company to show an alternative to the currently
employed analytical model. Suggestions for developing a standard metric and a discussion
on loss functions are also given.

This chapter is structured as follows. Section 5.2 details the dataset employed, focusing
on the considered features, data preparation, and exploration. Section 5.3 describes the
methods employed, which include the feature selection strategy and the ML models. Two
important characteristics of the method, namely the loss functions and the metrics, are
also discussed to highlight their flaws and possible improvements. Results are explained
in Section 5.4 in terms of feature selection, model performance, learning curves, and error
analysis. Main conclusions are presented in Section 5.5.

5.2. DATASET

5.2.1. CONSIDERED FEATURES

The considered features for the machine learning model can be divided into weather and
system features and descriptive parameters. All features are available from July 1st 2018
until June 30th 2019 for 1102 PV systems located in the Netherlands and Belgium. The data
set contains more than 4 million points.

The weather parameters considered for the model are: global horizontal irradiance (GHI),
cloud coverage, wind speed, precipitation, and ambient temperature. This data was ob-
tained from the Royal Dutch Meteorological Institute with hourly resolution [196]. The sun
angles (altitude and azimuth) were included using the Python library pvlib [178].

The system parameters include size, age, type of panels, latitude, longitude, panel incli-
nation, orientation, decay per year, maximal inverter efficiency, and nominal operating cell
temperature. Descriptive parameters consist of the day of year and historical yield from 24,
48, 72, 96, and 120 hours before. The decision to use only five past days was based on [197],
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but a longer horizon could have been utilized as well. All system data has been provided by
the start-up Solar Monkey [198].

5.2.2. DATA PREPARATION
The data set was explored in search of quality issues. For instance, missing cloud cover-
age values were replaced with mean cloud coverage across all samples equal to 5.83 oktas.
Samples corresponding to night values were removed from the data set. Several issues were
found in the yield data obtained from inverters. Inverters log hourly yields via wi-fi which
might be discontinuous. In case of prolonged disconnection, the amount of data stored in
an inverter might exceed its memory capacity, and some information is lost leading to miss-
ing yield values. Other issues are constant or lagged yields. Constant yields might be caused
by unreported disconnection of the inverter. Examples of these data quality issues can be
seen in Figure 5.1 where low outliers are below 0.13 percentile and high outliers above 99.87
percentile of all yield values.

Figure 5.1: Examples of yield data quality issues.

Another step of data preprocessing is normalization used to obtain similar magnitudes
of all features. First, presented inputs were processed to contain only numerical features.
Then, each of the features was scaled to values between 0 and 1 using minimum and maxi-
mum values of all hourly data calculated for every feature.

5.2.3. DATA EXPLORATION
A brief exploration of the data was conducted as well. Nearly 79% of systems consist of
mono-crystalline silicon, 18% of poly-crystalline silicon, and around 3% of thin film mod-
ules. Systems of size between 2.5 kWp and 7.5 kWp dominate, but large systems up to 17.7
kWp are present. None of the analyzed systems was older than four years.

Regarding weather features, GHI is dominated by small values below 50 W/m2 and its
maximal values do not exceed 950 W/m2. Visualization of GHI against day of the year and
hour can be seen in Figure 5.2. According to cloud coverage data, the sky is almost com-
pletely overcast for the vast majority of the time (around 70%). Ambient temperatures re-
main between -9°C and 37°C. Rainfall is present in 13.4% of all samples and its maximal
value equals 21.6 mm per hour or 37.14 mm per day.
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Figure 5.2: Distribution of global horizontal irradiance values along the day and year.

Exploration continued by looking for correlations in the data. Features used as inputs
to ML models should not be correlated and should have possibly large variance [181]. The
correlation was investigated by plotting a heatmap of weather features visible in Figure 5.3.
GHI is positively correlated with sun altitude and negatively correlated with cloud coverage.
That is intuitive, as clouds cause shading and reduce the incident irradiance on flat surfaces
on the ground. Sun altitude has a strong positive correlation with ambient temperature, as
the higher the sun is in the sky, the more irradiance reaches Earth’s surface and the hotter
the air becomes. Ambient temperature is correlated with the day of the year since it incor-
porates weather seasonality.

Figure 5.3: Correlation heatmap of the weather variables using hourly resolution.



5.3. METHODOLOGY

5

59

5.3. METHODOLOGY
This section explains the methods for selecting the best subset of features (Subsection 5.3.1)
and the models (Subsection 5.3.2) predicting the PV power. It additionally provides a dis-
cussion on loss functions in Subsection 5.3.3 and metrics in Subsection 5.3.4, which are
pivotal parameters for machine learning algorithms.

5.3.1. FEATURE SELECTION
Given the high amount of features considered, it is important to determine which of them
are relevant for the ML models. Feature selection is a process of eliminating the inputs that
do not contribute to increasing the algorithm’s performance [128]. Amongst the sklearn
feature selection functions available, Recursive Feature Elimination (RFE) with 3-fold cross-
validation was selected. This technique was used to increase confidence that the selected
set of features is the best possible so that maximum performance could be achieved.

RFE eliminates features recursively given a certain metric and algorithm [199]. The
function computes feature importance, drops the feature with the lowest importance, and
recalculates the metric. The process is iterated until only a user-specific number of features
is left. The importance of each feature is calculated by the chosen algorithm [200]. Each
training process is repeated three times using different parts of the data to ensure the re-
sults are independent of shuffling. Once the best configuration is found, it is implemented
in the ML models and used for prediction.

The selected algorithm strongly influences the RFE results. In this case, the algorithm
used was XGBoost and the feature was Root Mean Squared Error (RMSE). Since XGBoost is
composed of a combination of decision trees, as explained in Subsection 4.3.1, computing
the importance of each feature is relatively straightforward. Importance indicates the utility
of each feature during the tree construction, determined by the improvement it brings in
each split, weighted by split observations, and averaged across all trees [201].

5.3.2. MODELS
This section briefly explains the working principle of Extreme Gradient Boosting (XGBoost),
the main model employed in this publication. This proposed model is compared with per-
sistence and Solar Monkey’s model. Persistence is a baseline model commonly employed to
compute the skill score (see Subsection 5.3.4) and presented in Subsection 4.3.1. Solar Mon-
key’s model is the commercial model employed by the start-up and used here as a reference
physics-based model.

The algorithm currently employed by Solar Monkey to compute the power produced
by a PV system is based on an analytical approach. It makes use of the skyline profile to
account for obstacles surrounding the modules and the sun’s movement. Details on the
framework can be found in [202].

When selecting the ML algorithm, the aim was to find one with proven performance and
capable of efficiently handling large datasets. Additionally, it needed to be low in complexity
and easy to optimize. Given these criteria, an algorithm from the ensemble family, known
for excelling in ML competitions [183, 203], appeared to be the most suitable option. For
instance, Gradient Boosting was employed in GEFCom competition when predicting solar
power by three out of five top participants [160]. Inside the ensemble family, the algorithm
of choice was extreme gradient boosting (XGBoost), which has already been employed for
solar yield forecasting [64, 109, 110]. Ferlito et al. employed XGBoost together with 10 other



5

60 5. NOWCASTING FOR RESIDENTIAL-SCALE SYSTEMS

prediction models to forecast the yield of a 1 kW grid-connected PV system. Their results
indicated that SVR was the best model out of the 11 investigated unless the dataset was lim-
ited to less than 60 days, in which case ensemble algorithms were the best alternatives [64].
In [110], a comparison of the performance of several ML models for PV power prediction
was performed across five different sites in Sweden. Their main conclusion was that ANNs
and Gradient Boosting Regression Trees performed best on average across all sites.

XGBoost starts by building a decision tree that finds a function f1(x) employing the input
dataset x, whose output ŷ1 resembles as much as possible the real output y [183]. In the next
iteration, a refined decision tree will fit the pseudo-residuals f2(x) from the first tree so that
the result ŷ2 approaches more to the output, as in Equation 5.1. This process is repeated for
a user-defined number of iterations M .

ŷ1 = f1(x)

ŷ2 = ŷ1 + f2(x)

...

ŷM = ŷM−1 + fM (x)

(5.1)

The new trees learn from previous trees’ mistakes by increasing the weight of data points
that were erroneously predicted. This way the algorithm gives higher attention to large-
error predictions. The error penalization is determined by a loss function, which should
match the problem at hand and is crucial for the model outcomes.

XGBoost has been implemented in Python using the library sklearn [184]. The model
was tuned for 20 rounds using RandomizedSearchCV with 3-fold cross-validation, also avail-
able in sklearn. Performing cross-validation on all available data would cause data leakage
[128, 181], which refers to evaluating model performance on samples that the model has
already seen, leading to over-optimistic results. To prevent it, all the reported results were
calculated on the test set being the remaining 20% of data. Cross-validation was there-
fore performed on 80% of all the systems, hence two-thirds of this value was the training
set (52.8% of all the data) and the remaining third (26.4% of all the data) was used as the
validation set. sklearn GroupShuffleSplit was employed to randomize the data so that the
algorithm would learn the solar annual patterns. Squared error loss function together with
RMSE as evaluation metric were used for model training. Outcome predictions were filtered
to make all negative values equal to zero.

5.3.3. LOSS FUNCTIONS
Contrary to utility-scale PV forecasting, residential nowcasting requires high-quality predic-
tions for all individual systems. For this task the required loss function should be i) twice
differentiable as required by XGBoost [183], ii) sensitive to outliers, and iii) relative to the
size of the system. Thorough research and analysis were performed in search of the most
suitable loss function for the problem at hand.

Square, log-cosh, and pseudo-Huber losses (see Figure 5.4) are the main options due
to their differentiability [204]. Amongst these, square loss is the most sensitive to outliers.
However, neither of the three is relative to the size of the system. A relative loss, such as the
absolute percentage loss would fulfill this condition, but it is not twice differentiable.

Several attempts were undertaken to develop a loss function that combines absolute
and relative errors, yet none proved successful. The main issue is that loss functions focus



5.3. METHODOLOGY

5

61

Figure 5.4: Loss functions considered during the search for the most suitable one. e is the error between predicted
ŷ and real y values.

by definition on large errors. Similar is the case for models utilizing MAPE as the training
evaluation metric. Tackling this issue could be a starting point for future studies. Develop-
ing individual models for all systems was also considered, but it would not solve this issue,
as the models would perform better in summer (higher yields) and worse in winter.

Overall, due to the failure of the aforementioned methods, the sub-optimal square loss
function was used.

5.3.4. METRICS

This section describes the metrics employed to evaluate the model performance while ex-
posing metric-related issues and presenting their impact on the quality of predictions.

An extensive overview of available metrics was provided by [34, 44, 150] who pursued
both statistical and economic approaches. They described interesting metrics such as skew,
kurtosis, Renyi entropy, and Kolmogorov−Smirnov Integral among others. However, the
most popular metrics for solar yield nowcasting and forecasting still are RMSE, MAE, and
MAPE (see Section 2.7).

For this analysis, a metric that does not increase with system size, such as MAPE, could
be the metric of choice. However, it has the drawback of taking high values for small values
of yield. Other metrics used for this task are mean bias error (MBE), maximal error (max
error), and skill score (SS). MBE allows negative and positive errors to cancel out, maximal
error provides no information about error distribution and skill score is RMSE dependent
hence influenced by the system size. Moreover, skill score informs about relative improve-
ment compared to the persistence model whose performance highly depends on the em-
ployed version of the model and data resolution, as mentioned previously. These character-
istics make the usage of skill score insufficient, even though it is promoted as a metric that
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allows comparison across projects [47].
An interesting approach was developed in Solar Monkey, where the absolute and relative

error were combined in one E-metric described by Equations 5.2 and 5.3.

Eϵ = 1

n

n∑
i=1

f (ŷi , yi ) ·100% (5.2)

f (ŷi , yi ) =
{

1 if |ŷi − yi | < ϵ
0 if |ŷi − yi | ≥ ϵ

(5.3)

ϵ stands for the threshold of absolute error. E10 gives a percentage of predictions with abso-
lute error below 10 Wh. Similarly E50 gives a percentage of predictions with absolute error
below 50 Wh and so on. The higher the E-metric is, the better the prediction. Its drawback
is that it requires different thresholds for different data resolutions.

Another issue is that most models are assessed on the entire test set without investigat-
ing into results for individual systems. While this approach may suffice for regional fore-
casts, it falls short for residential PV owners seeking to optimize their production and con-
sumption [205]. The owners could store solar energy and sell it to the grid during peak
hours to maximize their profits. Moreover, early anomaly detection requires precise and
accurate yield nowcasting for individual PV systems. The general metric calculation might
hide cases for which the model performs badly and does not include the fact that each sys-
tem usually belongs to a different entity. In the case of Solar Monkey, measuring overall
model performance is informative, but insufficient to determine whether all customers re-
ceive predictions of high quality. Therefore, each of the previously presented metrics was
calculated per system, and then the minimum, maximum, mean, and standard deviation
for each metric across the entire fleet of systems were computed. This approach facilitates
the identification of the poorest-performing systems, thereby narrowing the scope of error
analysis.

5.4. RESULTS
This section presents the main results of the study showing the features selected by RFE in
Subsection 5.4.1, the performance of the proposed model compared with other models in
Subsection 5.4.2, and the learning curves and error analysis of XGBoost in Subsection 5.4.3
and 5.4.4, respectively.

5.4.1. FEATURE SELECTION
Features selected by RFE with their corresponding weights assigned by the XGBoost algo-
rithm can be seen in Figure 5.5. The most influential feature is GHI followed by historical
yields, which coincides with similar results obtained in literature [55, 110]. System size, one
of the few system characteristics considered together with orientation, is also a relevant fea-
ture. Since the ML model was trained for data from multiple PV systems, system size may
be used as a scaling factor. Cloud coverage is considered but does not rank among the top
3 features. This aligns with the literature, which suggests that cloud coverage is particularly
important for forecasts less than 15 minutes ahead [33].

All weather and descriptive features were kept by RFE. Out of all PV system parameters,
only system size and orientation were selected, showing that most system characteristics
are not as influential as expected.
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Figure 5.5: Importance assigned by XGBoost to each of the features selected by RFE.

The non-measured features, namely the sun angles and day of the year, have low rele-
vance probably because the periodic information that they introduce is included in other
features such as irradiance. One surprising result is the low importance of ambient temper-
ature, which is usually amongst the chosen features [55, 69, 111]. Wind speed and precip-
itation are the two least relevant features, which coincide with previous results reported in
the literature [55, 69, 111].

5.4.2. MODELS PERFORMANCE
After performing feature selection and hyperparameter tuning for XGBoost, the algorithm
was trained. Since the objective is to monitor the residential PV systems, the lead time was
instantaneous. The produced PV power was compared with the predicted one at the same
instant of production to detect any malfunction. This occurred with an hourly resolution.

The performance of several ML algorithms and persistence is presented in Table 5.1 and
5.2. For information on these models, the reader is referred to Appendix B. These models
were selected for comparison as they could be appropriate alternatives for commercial ap-
plications because they are easy to apply, provide fast results, and can handle large amounts
of data. Deep learning methods may obtain lower errors but their lack of interpretability
and hard optimization would hinder their use in practice in the start-up.

XGBoost outperforms all other models considered in this analysis in most of the em-
ployed metrics. Random Forest has similar performance, with smaller maximum error and
MAPE, however, the higher RMSE implies that it makes predictions more often with large
error. This is confirmed by the E-metrics in Table 5.2 where Random Forest has higher E10,
E50, and E100, but lower E500. To increase trust in machine learning models, one must en-
sure the absence of significant errors. Therefore, E500 is the most important metric in this
table and is one of the reasons for choosing XGBoost over Random Forest.

Table 5.3 displays individual PV system metrics calculated for the analytical commer-
cial software and XGBoost. XGBoost exhibits individual system RMSE ranging from 0.4 to
4.6 kWh. While the minimal RMSE of XGBoost aligns with that of the analytical model, its



5

64 5. NOWCASTING FOR RESIDENTIAL-SCALE SYSTEMS

Table 5.1: Comparison of results calculated for all predictions together.

R2 MAE Max error RMSE MAPE SS
[%] [kWh] [kWh] [kWh] [-] [%]

Persistence 80 0.35 8.3 0.53 71 -
ElasticNet 83 0.30 32.2 0.47 11176 11
Polynomial
Regression

90 0.24 30.1 0.37 10504 29

Random
Forest

96 0.10 28.8 0.22 418 59

XGBoost 97 0.10 28.9 0.21 478 61

Table 5.2: E-metrics for hourly rough data set.

E10 E50 E100 E500

[%] [%] [%] [%]

Persistence 11.0 22.1 32.9 75.2
ElasticNet 3.2 15.9 30.5 82.1
Polynomial Regression 4.2 20.5 38.2 87.8
Random Forest 27.4 57.4 72.5 96.4
XGBoost 23.6 54.7 71.4 96.7

maximal RMSE is approximately half that of the analytical model. Additionally, the mean
per-system RMSE decreased by around one-third. Usage of the ML model caused a drop in
relative error (mean MAPE) from around 44% to 23% which is almost a two-fold improve-
ment.

Table 5.3: Comparison of metrics for XGBoost and the analytical commercial software

Individual system metrics Commercial software XGBoost

min RMSE [kWh] 0.4 0.4
max RMSE [kWh] 9.4 4.6
mean RMSE [kWh] 1.8 1.4
mean MAPE [%] 43.6 23.0

Distributions of per-system RMSE and per-system MAPE can be seen in Figure 5.6. The
distributions corresponding to the XGBoost model exhibit a leftward shift compared to the
analytical model which indicates the model’s superiority.

5.4.3. LEARNING CURVES
Next to XGBoost metrics, learning curves are presented to depict the error reduction as the
model learns patterns in an increasingly large dataset. Learning curves help in assessing the
bias-variance trade-off and making an informed decision about the next development step.
They also aid in estimating the amount of data needed to decrease the error by a certain
value and therefore are important in financial calculations. Additionally, they facilitate the
discovery of learning saturation, which is the point above which further training almost
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Figure 5.6: Distribution of RMSE (left) and MAPE (right) for individual systems comparing the performance of the
commercial software with that of XGBoost.

does not decrease the error.
The learning curve in Figure 5.7 was obtained using 3-fold cross-validation and deter-

mines whether full data set potential was utilized. Semi-transparent areas around the lines
in the figure correspond to standard deviations of results for all three folds. Standard devi-
ations are significant for small data sets and diminish with increasing training set size. This
trend is anticipated as for large data sets the particular shuffling of the training data is less
likely to skew the result. Therefore, cross-validation can be neglected for data sets larger
than 0.15% of the training set, that is exceeding 60,000 samples, as it significantly increases
computational cost and has almost no impact on the results. Until seeing 0.15% of the train-
ing set size, XGBoost validation error decreases exponentially and it seems to stabilize later
on. Drop in validation RMSE is only around 0.02 kWh for training set size between 40%
and 80%. XGBoost learning saturates around 40% of the training set, which is roughly 1.28
million samples.

Figure 5.7: XGBoost learning curve during and after the initial learning phase. Be aware of the change of scale in
both axes. The curve was plotted for custom training set sizes, with non-constant step values.

Given that each system in the dataset contains 4609 samples corresponding to non-zero
irradiance over a year, the XGBoost algorithm saturates with data from approximately 278
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PV systems. Further increase in training set size is likely to decrease error, but this small gain
is not justified considering the surge in required computational power and the associated
financial cost. Other operations, such as data cleaning, are likely to provide larger gains
in performance. The usage of fewer systems with larger time horizons is likely to provide
similar results, as long as the systems selected for training are representative of the test set.

5.4.4. ERROR ANALYSIS
This subsection focuses on finding the pattern in large XGBoost errors. Based on the liter-
ature, it is expected that the model works better under particular weather conditions, such
as clear days [103], seasons [101], or for certain systems [89].

Figure 5.8 depicts two graphs for each investigated parameter: distribution of absolute
percentage error (left-hand side graphs) and distribution of values (right-hand side graphs).
This informs whether the magnitude of the percentage error corresponds to the number of
training samples in each bin. XGBoost’s performance is independent of wind speed and am-
bient temperature but depends heavily on GHI and to some extent on cloud coverage. For
GHI and cloud coverage, the largest absolute percentage errors overlap with bins contain-
ing the largest number of samples. As presented in Figure 5.5, the model did not recognize
wind speed and ambient temperature as relevant, indicating their minimal impact on the
predictions.

The model’s performance as a function of cloud coverage is presented in Table 5.4. The
model performs around 50% better during clear sky conditions which supports that mod-
eling clouds’ influence is challenging. It also indicates that the utilized cloud coverage data
is insufficient to precisely capture real-life changes.

Table 5.4: XGBoost model performance for different cloud coverage ranges.

Metric Persistence XGBoost

Clear sky
(<1 okta)

MAE [kWh] 0.55 0.15
RMSE [kWh] 0.73 0.28
MAPE [%] 27 6
R2 [%] 69 95

Partly cloudy
(1-7 okta)

MAE [kWh] 0.58 0.24
RMSE [kWh] 0.77 0.38
MAPE [%] 28 11
R2 [%] 60 90

Completely
overcast
(>7 okta)

MAE [kWh] 0.57 0.23
RMSE [kWh] 0.76 0.37
MAPE [%] 32 12
R2 [%] 46 87

Next to the weather analysis, an error analysis was performed. As previously discussed,
the utilization of the squared error loss function favors large yields, that is large PV systems
and sunny hours. To further verify this hypothesis, observed yields were plotted against
their corresponding absolute percentage error (APE) in Figure 5.9. APE has values far ex-
ceeding 100% for yield values below 2 kWh which confirms the initial assumption. APE
against the hour of the day and month were plotted in Figure 5.10a and 5.10b, respectively.
The relative error is the largest just after sunrise and just before sunset, and in December
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Figure 5.8: Weather features as a function of absolute error.

and January. These time instants receive the least irradiance and therefore produce the
smallest yields.
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Figure 5.9: Absolute percentage error as a function of observed yield for all systems.

(a) (b)

Figure 5.10: Error analysis against (a) time of the day and (b) month of the year.

5.5. CONCLUSIONS
This work presents an effective strategy for monitoring residential PV systems using ML
techniques. XGBoost algorithm turned out to be the method of choice for the task of so-
lar yield nowcasting on hourly data surpassing persistence, ElasticNet, Polynomial Regres-
sion, Random Forest, and a commercially available analytical model. This work discussed
that the currently used metrics and loss functions are insufficient for the evaluation of solar
forecasting models, as they fail to combine relative and absolute error. Combining the two
is necessary for developing a single model able to learn individual system properties, inde-
pendently of their size, and to obtain high-quality residential scale solar yield predictions.
In this study, the usage of the squared error loss function caused the model to be signifi-
cantly mistaken for small values of yield occurring in winter, close to sunrise and sunset,
and for small PV systems. Attempts to tackle this issue through sample normalization and
using MAPE as a training metric have failed. Further research should focus on developing
new loss functions and evaluation metrics. Despite the presented issues, XGBoost exhibits
a twofold improvement compared to the commercially available analytical model.



6
FAULT DETECTION USING PEER

SYSTEMS

As seen in the previous chapter, approaches employing weather data for residential PV power
forecasting are unreliable due to the lack of on-site measurements. This chapter proposes
a methodology that uses instead data from similar PV systems. This work improves the so-
called performance-to-peer approach by adding system characteristics and optimizing with
ML techniques. The methodology has been tested in a fleet of more than 12,000 Dutch systems
with up to 7 years of data per system. The proposed model achieves an average R2 of 94.1%
and an NRMSE of 0.05, outperforming in terms of R2 the baseline model by 1.4 points, and
the analytical approach by 3.8. The proposed approach has also been assessed for fault de-
tection and categorization and excels in differentiating system mismatch from actual faults
and adapting to new situations through retraining.

This chapter has been adapted from the publication A. Alcañiz, M. M. Nikam, Y. Snow, O. Isabella, H. Ziar “Photo-
voltaic system monitoring and fault detection using peer systems” Progress in Photovoltaics: research and applica-
tions, 30(9), 1072-1086 (2022) [206].
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6.1. INTRODUCTION
The conventional approach employed in monitoring is to use design information along
with accurate weather data [34, 44, 207]. This is suitable for large or commercial solar
farms where expensive sensors can be installed on-site. However, for residential PV sys-
tems, extrapolated weather data has to be used. This rarely represents the local weather as
the weather stations are often far away from the actual site of PV system installation. Thus,
local phenomena like a cloud passing over the area cannot be accounted for in the calcula-
tion of expected energy generation. This problem was observed in the previous chapter.

To overcome the problem of weather data, an alternative approach was developed where
neighboring or peer systems are used to monitor each other. A peer system is a system simi-
lar to the monitored PV system. It could be physically nearby or have similar design param-
eters. This way, if a cloud passes over one PV system, it will also pass over a geographically
close peer system, and thus, their yields can be compared to detect any fault. Since the
approach is based on historical energy yields along with the peer predictions, it will also
overcome any monitoring error due to incorrect design information.

Several works can be found where the neighboring PV systems were employed to im-
prove the predictions on the residential scale. The studies [208, 209] employed neighboring
systems to determine the irradiance variations due to cloud motion and then forecasted en-
ergy production using analytical models. Golnas et al. predicted the output of a PV system
from a regional fleet by using data from other systems in the fleet based on historical per-
formance correlation between the systems [210]. Tsafarakis et al. developed a method for
fault detection considering that the power produced by a PV system is linearly related to the
power produced by neighboring systems [211]. Next, Popovic and Radovanovic presented
a methodology for inter-system comparison between correlated PV systems to estimate the
operation status of individual modules in urban surroundings [212].

The most relevant approach to using peer systems to monitor the PV power was pre-
sented by Leloux et al. They defined a novel performance indicator called Performance to
Peer (P2P) which was computed by comparing the energy production of several neighbor-
ing PV systems [213, 214]. They proposed it as an alternative to the Performance Ratio (PR),
commonly employed for monitoring and automatic fault detection. They showed that P2P
was more stable than PR when monitoring 6000 PV installations across Europe with energy
output data for approximately 7 years and a temporal resolution of 10 minutes. Stability
was interpreted by the authors as the ability to easily distinguish between the absence and
presence of a fault.

This chapter aims to extend the work performed in [213]. The database will be expanded
to more than 12000 PV residential systems located in the Netherlands, with diverse system
characteristics and installation ages. System information will be employed beyond just ge-
ographical closeness. In contrast to some research papers [195, 208, 209, 211, 212], weather
data is not employed for finding similar systems to avoid inaccuracies. Furthermore, in
line with the recommendations of [214], ML algorithms are used to optimize the model and
increase its accuracy. The application of the developed model for fault detection and cate-
gorization will also be demonstrated.

The structure of the work is as follows. Section 6.2 presents the employed models. The
data used is briefly described in Section 6.3. Main results are displayed in Section 6.4 where
the superior performance of the proposed algorithm is shown, together with its limits. The
main application of the proposed model is demonstrated in Section 6.5 by presenting the
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fault detection approach and showing the fault categorization performed. Finally, Sec-
tion 6.6 presents the main conclusions.

6.2. MODELS
This section explains the main models employed in this work. The first Subsection 6.2.1
describes the P2P model developed in [214]. With this approach as the base, several im-
provements are made yielding the proposed model in Subsection 6.2.2. Optimizations for
the latter approach are elucidated in Subsection 6.2.3. Finally, Subsection 6.2.4 presents a
series of models that will be used for comparison in later sections.

6.2.1. PERFORMANCE-TO-PEER MODEL

In the P2P model, the performance of one system is compared with its peers to monitor the
former system [214]. The system to be monitored is defined as the focus system, whereas all
other available systems are referred to as peer systems. The model is divided into two steps:
identifying the good peers in the fleet and calculating the expected yields by using the data
of the good peers.

The energy yield data is the only characteristic employed to find good peers for the focus
system. The yields are normalized relative to their total capacity resulting in the Capacity
Utilization Factor CU F as shown in Equation 6.1. In this equation, EPV is the energy out-
put of the PV system, P is the rated power of the PV system, and T is the time interval of
energy output measurement. With the normalized daily yields, the Capacity Utilization Ra-
tio CU R is calculated for each focus-to-peer system pair, according to Equation 6.2. Next,
the weighting factor is calculated by taking the inverse of the Median Absolute Deviation
(M AD) of CU R and raising it to fourth power (Equation 6.3). The exponent was determined
through a sensitivity analysis performed in [214]. This weighting factor is used to determine
whether the peer system is a good peer system or not. The higher the weighting factor, the
better the peer for the chosen focus system.

CU F = EPV

P ·T
(6.1)

CU R = CU F f ocus

CU Fpeer
(6.2)

wei g hti ng f actor = 1

[M AD(CU R)]4 (6.3)

The data of good peer systems is used to calculate the expected yields. Once the top 10
peers are chosen as good peers, a weighted median of the peer systems’ CU F based on their
weighting factors is calculated to give the reference CU Fr e f . CU Fr e f can be recognized as
the normalized expected yields for the focus system. Hence, the true expected yields can
be estimated by reverse calculation of CU F . Additionally, the model further calculates P2P
for each day by taking a ratio of the focus system CU F f ocus to reference CU Fr e f . This new
metric is proposed instead of the conventional Performance Ratio (PR) for the monitoring
of the focus system [214].
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6.2.2. PROPOSED MODEL
The proposed model is based on the above Performance-to-Peer model. The main differ-
ence between the two is the use of a higher amount of PV system data. Moreover, system
design information, daily yields, and system location are used to find good peers for the
chosen focus system, not only system yields. Just like P2P, the proposed model is divided
into two steps: distance calculation to identify the good peers and expected yield calcula-
tion using the data of the good peers.

DISTANCE CALCULATION

The proposed model starts by calculating the similarity between two PV systems. This sim-
ilarity is computed by using various distances, which indicate that the more alike two sys-
tems are, the lower their distance. Therefore, the distance should not be necessarily inter-
preted as the geographical distance between the two. Three distances are computed (one
for each characteristic), normalized, and later combined. Normal standardization was ap-
plied to all distances to ensure a fair comparison.

To begin with, the feature distance d f eat considers the system design information. This
includes the number of panels n, panel inclination θ, and panel orientation φ. These vari-
ables were chosen after a feature correlation analysis and experience-based selection. The
model calculates the Euclidean distance for each focus-to-peer system pair using Equa-
tion 6.4, where sub-index f represents the focus PV system and sub-index p represents the
peer PV system. When computing the Euclidean distance, each of these attributes has a
different weight w , representing the importance that the features have individually.

d f eat =
√

wn · (n f −np )2 +wθ · (θ f −θp )2 +wφ · (φ f −φp )2 (6.4)

Next, the yield distance dyi eld is calculated as in the P2P model. The daily yields are nor-
malized relative to the actual energy yield in the first year of installation of the system (for
systems older than one year) or to the estimated energy yield for the typical meteorological
year for the system (for systems less than a year old) to obtain the CU F . For each focus-
to-peer system pair, the CU R is calculated for each day according to Equation 6.2. Since a
single value is needed for the distance, the median absolute deviation is calculated from all
the daily CU R values.

The third and final distance is the geographical distance dg eo . It is the physical distance
between the latitude and longitude coordinates of each focus-to-peer system pair. Due to
the curvature of the Earth, haversine distance is used [215].

After the three distances are computed for each focus-to-peer system pair, they are com-
bined into a total distance dtot using the weighted sum of the distances according to Equa-
tion 6.5. A weighted sum is used to consider a different influence for each distance when
finding good peers. Once the total distance is known for each focus-to-peer pair, the pairs
with the lowest distances, i.e., the peer systems most similar to the focus system, are chosen
as good peers.

dtot = w f eat ·d f eat +wyi eld ·dyi eld +wg eo ·dg eo (6.5)

EXPECTED YIELDS CALCULATION

The expected yield of the focus system is calculated using the daily yields of the selected
peers. Each of these peer systems has a different level of influence on the expected yields.
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The higher the similarity of the peer system to the focus system, the higher its influence.
Since the total distance was a measure of the similarity, the weighting factor λp per peer
system is evaluated as the reciprocal of the corresponding total distance. This is expressed
in Equation 6.6, where Np is the number of selected peers.

λp = 1

dtot ,p
restricted to

Np∑
p=1

λp = 1 (6.6)

These weighting factors along with the CU F of good peer systems are used as a weighted
median to determine CU Fr e f . A weighted median is used over a weighted average as the
median is not influenced by an abnormal extreme value that may be present for one of the
good peers. This abnormal extreme value could be a fault in a peer system, so using the
median essentially helps to prevent that fault from being transferred in the predictions of
the focus system. The expected yield is estimated from CU Fr e f by reverse calculation of
CU F .

Figure 6.1 shows the procedure to obtain the expected yield of a focus system with the
proposed model. For each peer system, all the distances are computed, as just explained.
From the total distance, the weights can be determined, hence the peers can be selected.
The variables outside the boxes in this outline need to be determined via optimization, as
will be explained in the next subsection.

Figure 6.1: General outline of the proposed model for one focus system.

6.2.3. MODEL OPTIMIZATION

While explaining the proposed model in the previous section, several variables emerged
that require optimization to ensure the optimal performance of the model. The unknowns
are the weights w of each distance and of the individual PV system features, and the number
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of peers Np that need to be chosen for estimating the expected yields. The value of these
variables is determined by training the model using an optimization algorithm.

Given the complexity of the problem at hand, local optimization algorithms, such as
gradient descent [216] and Nelder-Mead methods [217], were stuck in local minima and
unable to find the global optimum. Global optimization algorithms were needed. Amongst
the tested global optimization algorithms, evolutionary algorithms gave the best results.
Inside this group, particle swarm optimization (PSO) and genetic algorithm (GA) were the
most promising ones. Both algorithms are relatively simple and easy to modify, and their
performance depends on the problem at hand because they traverse the candidate space
rather differently [218].

To select between the two, a literature search was done to find the best algorithm for
problems using peer-to-peer strategies. Abraham et al. used PSO and GA for neighbor selec-
tion in peer-to-peer networks, and reported that GA obtained better results [219]. Similarly,
Rehman et al. employed GA and PSO to optimize the peer-to-peer energy transactions in
a decentralized energy trading market and saw that GA results outperformed the PSO ones
[220]. GA was also combined with PSO for device-to-device (D2D) communication in ad-
vanced communication networks [221]. The authors claimed that PSO alone can be trapped
in local optima due to premature convergence, hence a hybrid PSO-GA algorithm was pro-
posed to find the optimum allocation of the D2D communication network’s resources and
avoid interference with the primary cellular network. Given the similarities of these prob-
lems with the one at hand, GA was finally chosen as the optimization algorithm.

Genetic algorithm is a global search engine inspired by natural evolution [222]. GA aims
to obtain the optimum value of a fitness or objective function, which represents the perfor-
mance of the problem. The higher the fitness value, the better the system’s performance.
In our case, the goal is to minimize the average Mean Absolute Error (MAE) between the
actual and expected yields of the focus systems. The optimum solution is found via a gen-
erational process that consists of fitness evaluation, selection, crossover or reproduction,
and mutation [223] as seen in Figure 6.2.

Figure 6.2: Overview of the steps of Genetic Algorithm: Initialization, Fitness Calculation, Selection, Crossover,
Mutation, and New Generation creation. The cycle ceases when a termination condition is reached.
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The problem is initialized by a set of randomly selected chromosomes, which are can-
didate solutions to the optimization problem. This whole set is called population. Each of
the variables to be optimized is named genes so that a set of genes forms a chromosome.
In the first step, the fitness function for each of these chromosomes is computed (fitness
evaluation), and the ones with the highest fitness value are chosen (selection). These se-
lected chromosomes will be combined in the reproduction step, generating the crossover
population. A mutation is incorporated into the algorithm to prevent the population from
stagnating at any local point. It consists of altering one or more genes in a chromosome
from its original state. The offspring together with the muted chromosomes will form the
next generation. The algorithm repeats the generational process until a termination condi-
tion has been reached.

There are several modifications to this GA method with more complex interactions [224,
225], however, here we employed the simplest one with the most popular operators [226]:
fitness proportionate selection method for parent selection and one-point crossover for the
reproduction step.

6.2.4. BASELINE MODELS
This subsection provides a brief explanation of the algorithms used for comparison with
the proposed model in sections 6.4 and 6.5. These are models currently developed at Solar
Monkey [198] for PV system monitoring and fault detection.

The current approach of PV system monitoring at Solar Monkey explained in Subsec-
tion 5.3.2 is referred to as analytical model. This approach is employed for fault detection
by using a fraction of the actual yield over the expected yield.

Based also on a physics-based approach, Solar Monkey developed a method for fault
detection which consisted of estimating the number of panels that would generate the ac-
tual energy yield: the sizing yields model. Comparing the estimated amount of panels with
the actual value, over and underestimations in the PV systems can be detected.

The third method for fault detection is based on historical yields, referred to as the year-
over-year model. For systems older than a year, the PV power produced is compared to that
one year earlier.

6.3. DATA
The data employed comes from the fleet of PV systems available at Solar Monkey [198]. It
consists of the daily energy yield and main characteristics of 12229 roof-top Dutch systems,
for a period ranging from 2 months to 7 years. While finer data resolution such as hourly
data can provide higher quality results, it was available only for a limited number of systems,
hence daily energy yields were employed.

Data cleaning was performed, consisting of removing systems with large amounts of
missing data, after which the total number of PV systems was reduced to 9480. A 10:1 system
split between the training and testing set was used to reduce the computational burden
while ensuring a sufficient number of systems for testing.

6.4. RESULTS
This section provides the results of the proposed algorithm. In Subsection 6.4.1, the main
outcomes of the optimization of the proposed model are explained. Then, the performance
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of the proposed model is compared to that of the other available PV system monitoring
algorithms, namely P2P and the analytical model, in Subsection 6.4.2. Finally, the limits of
the proposed model are found and discussed in Subsection 6.4.3.

6.4.1. OPTIMIZATION
Once the model was developed and the optimization algorithm was chosen, GA was trained
on a set of random 5000 systems with each having daily yields for up to one year. The whole
dataset was not used due to computational and memory limitations, although the peers
were found from the whole set of 9480 PV systems. The results of the optimization can be
found in Table 6.1.

Table 6.1: Parameters of the proposed model optimized by GA.

wn wθ wφ w f eat wyi eld wg eo Np

0.01 0.24 0.75 0.13 0.87 0 12-20

The first three weights correspond to the individual characteristics of the PV systems
employed to compute the feature distance. Amongst the three, the panel count has a very
low weight, probably due to the normalization of the PV system yields. Panel tilt and panel
azimuth have a 1:3 weight distribution. Regarding the weights of the three distances, yield
distance has the highest weight among all three, while geographical distance has negligible
weight.

The number of peers needed for accurate calculation of expected yields is in the range
of 12-20. Upon multiple simulations, it was observed that the fitness value of GA does not
change significantly within a given range of number of peers. One possible reason is that
the model uses a weighted median when calculating expected yields. Thus, within a certain
range, the value of the weighted median does not change the result by a significant amount.
This topic will be further discussed in Subsection 6.4.3.

The low weight of geographical distance seemed suspicious considering that location
was the only feature employed in previously published peer-to-peer PV monitoring mod-
els [227–229]. Thus, further exploration was required. The first hypothesis was that there
existed a high correlation between feature and yield distances. The Spearman correlation
coefficient [230] was therefore calculated, and resulted in a value of 0.53, which was not
significant enough. Despite this, the optimization model was run again without the yield
distance. Geographical distance still had a low weight of 0.07, while now most of the weight
was skewed towards feature distance. Another hypothesis considered was related to the
data itself. The PV systems available are only from the Netherlands, which is a flat and
small country. Geographical distance enables the peer systems to account for the changes
in very local weather like clouds near the focus system. This is important when dealing with
hourly or higher-frequency energy yields. However, for this project, daily energy yields are
used and it can be postulated that in the Netherlands, the day-to-day weather is very simi-
lar throughout the country. With this logic in mind, it is possible that when dealing with a
larger area or with non-uniform weather conditions in a different environment, geographi-
cal distance will have a higher impact.

In our case, this low weight of geographical distance indicates that peers are not neces-
sarily located close to each other. As can be seen in Figure 6.3, peers of a focus system can
be either closer to it or farther apart from the focus system. This new finding gives more



6.4. RESULTS

6

77

flexibility to P2P approaches, especially when there are not many systems around a certain
focus PV system.

Figure 6.3: Spatial plot of good peer systems for a random focus system. The focus system is indicated by a red
triangle, the good peer systems by blue squares, and all available systems by cyan circles.

6.4.2. MODELS COMPARISON

Once the proposed model was optimized and trained, its performance was assessed in the
testing dataset. This set was composed of 500 PV systems with data for up to 3 years.

To properly test its accuracy, the performance of the proposed model was compared to
that of the P2P and the analytical model using the NRMSE (normalized by the difference
between maximum and minimum actual values) and R2 score. Table 6.2 depicts the mean
value of these metrics for all systems in the testing set for the three models. Additionally, the
R2 score was reinterpreted as a new metric: Percentage of Good Systems (PGS). Considering
that an R2 score higher than 85% is a good fit, PGS is the percentage of PV systems with an
R2 score higher than 85%.

Table 6.2: Metrics of the three monitoring models on the testing set.

NRMSE [-] R2 [%] PGS [%]

Analytical 0.08 90.3 85.2
P2P 0.06 92.7 88.1

Proposed 0.05 94.1 92.5

All metrics show that the cooperative models have higher accuracy than the analytical
one. The analytical model underestimates the expected yields, while the P2P-based mod-
els are more accurate. This information is also represented in the error plot of Figure 6.4.
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Table 6.2 also depicts that the proposed model has better metrics than the previously pub-
lished P2P model [214]. Hence, the addition of PV system data and the optimization with
GA was an improvement.

Figure 6.4: Error plot showing the NRMSE for all the test systems for each monitoring model.

6.4.3. USE-CASE ANALYSIS
This subsection elaborates on the limits of the proposed model. Characteristics such as
the minimum data requirements for good performance, and the sensitivity to the number
of peers employed are explored. These would give a better perspective on the proposed
model and show its robustness.

The first experiment explores the minimum data requirements for the model, specifi-
cally the minimum number of systems and the minimum number of days of data per sys-
tem. 56 simulations were performed where both the amount of PV systems and the number
of days of each system were tuned. The trained systems still look for peers in the com-
plete dataset of 9480 PV systems. Since cross-validation was not possible due to the high
computational requirements, it was ensured that the training and testing sets had a simi-
lar distribution as the total dataset to have an accurate representation. The results of the
experiment can be seen in a heatmap in Figure 6.5.

The number of systems does not have a strong influence on the model performance.
However, if only a few months of data (<6 months) is available per system, the performance
degrades strongly. Thus, when it comes to training the model, the number of days per sys-
tem is important while the number of PV systems used for training is not as long as a mini-
mum of 100-250 are available.

Although the experiment gives an understanding of the minimum data requirement for
optimization, it was interesting to observe that even 100 PV systems might be fairly good
enough to train. Thus, the results of the experiment were portrayed differently as seen in
Figure 6.6.

In this graph, the x-axis shows the total number of years of data for each run. Thus,
for grid point (4000, 365) in the heatmap, the corresponding value on the x-axis would be
4000 years of data. A trend line was generated on the experiment results as a help to the
human eye. According to the trend line, data higher than 1700 years is more than sufficient
for training the model, i.e., achieving R2 score greater than 90%. This translates to 1700 PV
systems with one year of data each or 850 PV systems with two years of data each and so on.
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Figure 6.5: R2 score as a function of number of days and number of training systems for minimum data require-
ment. The higher the R2 score, hence the lighter the color, the better.

Figure 6.6: Minimum data required: R2 score as a function of the amount of data employed. The red dashed trend
line is a help to the eye, while the green continuous line indicates an R2 of 90%.

It is important to note that data lower than 1700 years can also lead to good performance,
although it is not as reliable. The trend line saturates around 4000 years of data, which is
about 25% of the total data available.

The second experiment conducted, also related to the previous one, was to determine
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the minimum data requirement when a new element is incorporated into the fleet. When
a new PV system is added, energy yield data for the first 30 days of operation is sufficient
to locate the good peers. These peers can be used for estimating the expected yields for the
next one to two months with fairly good accuracy (R2 ≈ 85%). After this time, good peers
need to be located again with the new information available. These new good peers can
be used accurately for another few months and so on. This process needs to be repeated
until a sufficient amount of yield data is available, at least 6-9 months. After one year of
active monitoring, the frequency needed for distance training is low as long as the system
parameters stay fairly constant.

The third and final experiment explored the best value for the number of peers. As
mentioned in Subsection 6.4.1, while the optimum value of the weights w does not usu-
ally change, the variable number of peers varies considerably over different simulations.
Thus a learning curve on the number of peers was plotted in Figure 6.7 to find the range of
the number of peers that gave high performance.

Figure 6.7: Learning curve of number of peers against R2 score.

The simulation has the highest R2 score when the number of peers varies between 12
and 20. Less than 12 peers cannot ensure an accurate prediction due to high dependence
on only a few systems. More than 20 peers also lead to lower accuracy in predictions most
likely due to additional noise resulting from not-so-adequate peers, although this effect is
highly mitigated thanks to the use of the median.

6.5. FAULT DETECTION
The main objective of this work was to develop a model for monitoring residential PV sys-
tems using a peer-to-peer approach. Monitoring PV systems consists of a two-step process:
calculating the expected yield for the PV system and comparing that yield with the actual
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one to find any faults in the system. Following the development of the proposed model, this
section centers on the second step: fault detection.

The typical approach for fault detection consists of first filtering out poorly perform-
ing systems, and then finding out the origin of the poor performance by inspecting the PV
system characteristics. The proposed model together with the analytical, system sizing, and
year-over-year ones explained in Subsection 6.2.4 are employed in this process. These mod-
els are mainly used to detect poorly performing systems and classify the type of fault. To do
the former, the performance factor (PF) is calculated for all the expected yields. This metric
computes the ratio of actual yield to expected yield, as shown in Equation 6.7. When the
PF is outside an experience-determined range, the system is considered faulty, hence it is
selected for further inspection.

PF = Actual Yield

Expected Yield
(6.7)

An essential step in this process is to distinguish between system design mismatch and
fault detection. In the case of a system design mismatch, the design should be simply up-
dated to match the actual installation. Comparatively, in the case of fault detection, there
is a drop in performance due to a problem with the system. In this latter case, the owner of
the PV system should be notified to solve the issue and act accordingly.

Using the above two-step process along with the expected yield and actual yield tempo-
ral plots, some PV systems were scrutinized to diagnose the most common faults. Based on
this analysis, a fault categorization framework was developed, whose details are provided in
Subsection 6.5.1. Higher focus is given to two of these faults in Subsection 6.5.2 where the
added value of using a collaborative approach is highlighted.

6.5.1. CATEGORIZATION
This section categorizes the most commonly encountered faults. 120 randomly chosen PV
systems were checked to gain insight into the occurrence and type of faults following the
flowchart from Figure 6.8. They were selected to ensure a good distribution of new and old
systems. Only the data for June 2021 was used for categorization, although the energy yields
for the entire lifetime of the PV system were looked at for inspection. June was selected as
in summer months PV systems are expected to produce the most energy yield in the year.
A malfunction in summer could lead to significantly larger energy and monetary loss for
the owner than a malfunction in winter. Furthermore, fault detection in winter becomes
relatively harder due to very low energy yields.

Four criteria were used to separate the systems into groups. The criteria are the expected
yields of the analytical model, proposed model, year-over-year, and sizing yields. The fault
categories were no fault, missing data, under-performance, over-performance, and false
positive as usual ones, and additionally peer-to-peer failure. Each of these categories can
have multiple combinations of the four criteria and they may or may not lead to a different
fault diagnosis. The occurrence share of each of these faults can be seen in Figure 6.9. An
additional category is included in the pie chart for systems whose fault was detected but its
origin could not be determined.

To begin with, a baseline of no-fault would be when all four criteria are within an ac-
ceptable range, here when PF is between 93% and 120%. Most of the systems (62.5%) fell
within this category. There is also a small possibility for false negatives but amongst the
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Figure 6.8: Flowchart depicting the main process of fault categorization, where ’an’ is analytical model, ’pr’ is
proposed model, ’YOY’ is year-over-year, and ’SY’ is sizing yield.

Figure 6.9: Occurrence of faults when categorization tested on 120 PV systems.

120 PV systems considered, none presented a clear case. The case of missing data was the
most occurring fault, present in 16.7% of the systems, although it is easy to detect due to
automatic notice from the inverter.

In the case of under- (5.8% of systems) and over-performance (0.8% of systems), if the
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fault occurred within the last year, it was reflected in all criteria. Yet if the fault persisted
for longer than one year, year-over-year yields failed to flag the fault. Depending on the
magnitude of under-performance, the diagnosis could either be a small, temporary prob-
lem or else it could be due to broken panels or strings. In the case of broken panels, the
magnitude of PF should drop by an equivalent amount. Similarly, on the rare occasion of
over-performance, depending on the magnitude of the increase in actual yields, it could be
a case of system size change. This should always be verified with the latest satellite images.

The fifth category is a false positive when some of the models detect a fault that does
not exist. This fault was detected in about 7.5% of the analyzed systems. It usually occurs
when there is a mismatch between the actual installation and the system design details
in the company database. The analytical and sizing yield models would be more easily
fooled in this case due to their high dependence on the system design parameters. On the
other hand, since both the year-over-year and proposed models depend more on historical
yields, they are more robust against incorrect system data. Another case of false positives is
when all except the year-over-year yields are within the acceptable range. Here, the possible
diagnosis is that due to, for example, unusually sunny or cloudy days, the actual yields are
higher or lower than last year. Since both analytical and sizing yields depend on weather
data, they adjust accordingly to the unusual irradiance. Similarly, the unusual weather is
experienced by most peer systems thus the proposed model does not flag either.

The final category and the one checked with caution was the case of peer-to-peer fail-
ure. In this case, only the proposed model detected a failure. This occurred mainly due to
poor distance training related to poor quality or low availability of data. Another cause of
failure occurred for systems older than 5 years with degradation in the performance. Since
the distance training was done in the early years of the PV system, the model does not ad-
just to the performance degradation over the years and thus, detects it as a fault. Compared
to that, both analytical and sizing yields include system decay, while year-over-year yield
experiences degradation in a controlled manner. The occurrence of this fault was not very
high, only 3.3%, and it can generally be solved by distance retraining of the systems to en-
sure proper expected yields.

It was expected to find some examples of inverter-limited systems among the 120 checked.
The inverter capacity for a few systems was lower than the total system watt-peak, yet none
of them seemed to have an energy generation high enough to be limited by the inverter.
Note that while these systems represent the total dataset, the statistics should be taken with
a grain of salt. Moreover, hourly yield data would have been more appropriate to properly
detect inverter clipping.

6.5.2. KEY EXAMPLES

This subsection presents some examples of PV systems with certain faults. Examining these
PV systems will help in understanding how the collaborative approach fits into the catego-
rization framework and can be a useful addition to fault detection. The proposed model
plays a key role in the detection of over-performance and false positives, thus examples of
PV systems with these faults are presented in this subsection.

COMMON FAULT

This first example serves as a baseline to show how all the models can detect a common
fault such as broken strings or panels. The example PV system has 58 panels, formed by
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separate sets of 31 panels and 27 panels which differ in both type and orientation.

Table 6.3: Performance factor according to each model for a PV system with broken strings or panels.

Analytical Year-over-Year Sizing Proposed

PF 37.0% 47.0% 40.1% 46.9%

Figure 6.10: Temporal yield plots: example of a PV system with broken strings or panels.

Amongst the models described in Subsection 6.2.4, all the fault detection checks give a
red flag, suggesting that the system has been under-performing to around 40% as seen in
Table 6.3. There is a sudden drop in the actual daily yield around September 2020 as seen
in the yield plots in Figure 6.10. As the fault occurred within the last year, the year-over-year
model can flag the issue. In case this fault persists beyond September 2021, year-over-year
yields will not be able to flag the fault anymore.

While all these checks simply suggest that the system is under-performing, the fact that
under-performance has been consistent, or in other words the performance factor being
consistently around 40%, suggests that only a part of the PV system has developed a fault.
The sizing yields estimate the system size as 25 panels instead of the 58 that were installed,
indicating that part of the system has likely broken down.

OVER-PERFORMANCE

Due to the capital-intensive nature of PV systems, it can be preferred for residential owners
to install their systems in steps on their roofs. Thus, a few years after a PV system has been
installed, the owner could decide to increase its capacity. This is usually not reported back
to the monitoring company which leads to system over-performing. Considering the fault
detection checks for this particular example as seen in the first row of Table 6.4, all models
except for year-over-year flag the system as over-performing. When the yield plots in Fig-
ure 6.11 are checked, it is clear why this is the case. This system has been over-performing
since April 2019 by 140% which, looking at the system specifications, is equivalent to a size
of 11 panels instead of 8. This was verified when the design image in Figure 6.12a is com-
pared with the latest satellite image in Figure 6.12b.
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Table 6.4: Performance factor according to each model for an over-performing PV system before and after retrain-
ing.

Analytical Year-over-Year Sizing Proposed

Before retraining 143.0% 106.9% 136.2% 139.3%
After retraining 143.0% 106.9% 136.2% 99.5%

Figure 6.11: Temporal yield plots: example of over-performing PV system due to an increase in system size.

(a) (b)

Figure 6.12: Images of a PV system (a) during the design phase with 8 PV panels, and (b) from the satellite showing
11 panels.

A particular advantage that the proposed model has in such a scenario is that it can be
tweaked by changing the period over which the distance training is done. In the above case,
distance training was done before the system change. Since system size change is not a mal-
function in the system, this system can be retrained with the new PV system size to absorb
this change in the system. Hence, distance training can be done after the system change, to
find different peer systems that indicate this focus system is performing as expected. The
results of retraining can be seen in Figure 6.13, and in the second row of Table 6.4. While the
analytical and sizing yields still suggest that the system is over-performing, the proposed
model does not flag any faults. This distance retraining is especially important if a true fault
occurs after repowering since it will be flagged by the proposed model while the analytical
one might suggest only a lesser over-performance.
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Figure 6.13: Temporal yield plots: over-performing PV system after retraining to absorb the increase in system size.

FALSE POSITIVE

One of the strengths of using peer-to-peer yields for fault detection is the ability to detect
false positives. A false positive occurs when the analytical model suggests an issue with
the system despite the system not having any particular malfunctions. As an illustrative
example, the chosen PV system has 14 panels according to the database. From the fault
detection checks in Table 6.5, most models suggest that the system is underperforming.
When these three checks give a red flag, the first conclusion would be that there might be
a few broken panels. However, the proposed model suggests that the system is performing
perfectly fine with a 97% performance factor. To make sense of this discrepancy, the yield
plots are inspected.

Table 6.5: Performance factor according to each model for a PV system when a false positive is detected.

Analytical Year-over-Year Sizing Proposed

PF 53.7% 82.0% 55.8% 97.0%

Figure 6.14 indicates that the system has been under-performing since the installation
day. Since the proposed model was trained during this alleged underperformance, it does
not consider this to be any fault. From the yield plot, one can deduce a mismatch be-
tween the system design details and the actual installation. This suggests that the under-
performance flag by the analytical models is a false positive as the system has been perform-
ing as historically expected according to the proposed model and there is no malfunction
in the system that might degrade its performance.

This kind of mismatch fault is the cause of many persistently under-performing sys-
tems. These systems are time-sink monitoring companies and thus it is key to simplify the
diagnosis. The proposed approach can be highly advantageous in such scenarios.

The categorization framework and the examples given are based on theory, discussions,
and experience. Unfortunately, there was no possibility to validate the results as this would
entail physically visiting 120 installation sites all over the country or contacting the corre-
sponding homeowners. Nonetheless, the objective for undertaking fault detection was to
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Figure 6.14: Temporal yield plots: example of false positive PV system.

show how the proposed approach can be used for fault detection.

6.6. CONCLUSIONS
This chapter has developed a model based on comparisons between neighboring and sim-
ilar installations for PV system monitoring and fault detection. The model was based on
a previously developed performance-to-peer approach, which has been improved by the
addition of PV system parameters and the use of machine learning techniques.

The viability of the proposed model has been demonstrated in the fleet of Solar Mon-
key consisting of more than 12000 residential PV systems with up to 7 years of data per
system. The developed model showed an average R2 score of 94.1% and normalized root
mean squared error of 0.05 on all tested PV systems. This implied an improvement in terms
of R2 score of 1.4 percentage points compared to the baseline performance-to-peer model
and of 3.8 points compared to the analytical one. This superiority over analytical models
stemmed from its independence from inaccurate weather data and reduced dependence
on PV system parameters. A use-case analysis was also performed to find the limits of the
proposed model. It was discovered that 1700 years of data were required for proper model
training, with a minimum of 6 months of data per system and 100 PV systems.

The usage of the developed model for fault detection and categorization has also been
demonstrated. This model has the strength of distinguishing between incorrect PV system
information and actual faults. Moreover, distance and peer retraining provide the flexibility
to adapt the model to changes occurring in the PV systems. Although validation of these
faults was not possible, the proposed model has proven to be a valuable tool when com-
bined with other developed models for fault detection and diagnosis.

PERSPECTIVE: FURTHER DEVELOPMENTS WITHIN TRUST-PV
The developments of this chapter were continued by Solar Monkey within the Trust-PV
project [231]. They explored the limits of the methodology applied in a real-world scenario
and extended its application to systems outside the Netherlands.

The first limit they found was the unreliability of PV system characteristics data, es-
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pecially regarding the number of modules and the inclination angles. Therefore, they dis-
carded the feature distance when selecting the peers. They also implemented an alternative
normalization method to estimate the relationship between peer and focus yields more ac-
curately. Another limitation was the high computational requirements when finding good
peers, with the calculation of the yield distance being the limiting process. They solved it by
considering only the 500 geographically closest systems as potential peers.

With data from outside of the Netherlands, they reported that accurate results can be
obtained only if more than 100 potential peers within 100 km are available. Peers at dis-
tances larger than 500 km are unreliable.

Regarding the fault detection procedure, they improved the underperformance detec-
tion. To avoid setting a threshold, they generated probabilistic forecasts using confidence
intervals derived from the yields of the good peers.

Finally, they explored deeper into the false negatives flagged by P2P and reported three
main issues limiting the methodology. The first one is that P2P cannot detect mistakes dur-
ing installation. If a system is underperforming from day one, the training period will in-
clude that fault. The second one is if there is an outlier during training, which can jeopar-
dize the proper selection of peers. The third one is if there are no peers of quality within the
fleet, for instance, due to significant geographical or system characteristics differences.







7
INTRODUCING THE PVMD

TOOLBOX

This chapter introduces the PVMD toolbox, a novel simulation tool developed at Delft Uni-
versity of Technology by the Photovoltaic Materials and Devices (PVMD) Group. The tool can
calculate the energy yield of a PV system based on its fundamental material properties and
using self-consistent models. Thus, this simulation model can operate without measurements
of a PV device. As a case study, the toolbox is tested using data from 15 residential systems.
The results were disappointing, with NRMSE ranging from 42.2% to 109.5% and NMAE from
16.3% to 41.3%, varying by system and study period. Two other analytical frameworks pro-
duced even worse results, suggesting that the issue lies with the quality of the input data.
Further analysis indicated that interpolated irradiance data was a significant contributor to
the error, potentially accounting for up to 53.3% of the NRMSE.

As a collaborative framework, many people have contributed to the PVMD toolbox. My main contributions were:
adding the horizon reconstruction ability; code refactoring, commenting, and testing of the in-plane irradiance
computation, cell temperature calculation, and DC to AC conversion steps; and providing tools for better coding.
These contributed to the paper written by M.R. Vogt in [232] which has been slightly adapted as Section 7.2. The
remaining sections were partly published in the Trust-PV reports I.T. Horvath, A. Alcañiz, F. Segata, J. Lemmens, T.
Hall, W. Vanheusden, “Automated PV digital twin-based yield simulation framework” (2022) [233] and A. Alcañiz,
J.C. Ortiz Lizcano, H. Ziar, M. Dallapiccola, Y. Snow, I. Kaaya, “Residential-scale integrated energy yield simulation
and reliability modelling framework” (2023) [234] .
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7.1. INTRODUCTION
The previous block of chapters has explored different methodologies to predict PV power
using machine learning approaches. However, these approaches have limitations, the main
one being their high data requirements. An ML model cannot be properly trained without
enough data. This is limiting for instance when predictions are required from the first day of
installation, or during the project development for financial assessments. Additionally, ML
is not explainable, and a deep understanding of the processes occurring during solar energy
conversion and how the weather parameters can affect the power output are needed to find
the optimal conditions for installation.

For this reason, several institutions have developed energy yield modeling software pro-
grams based on analytical models. Some of these programs are for internal use only but
others are commercialized. These software tools aim to create a digital twin used for moni-
toring PV plants.

Each software tool has different objectives regarding the target system, intended audi-
ence, usage requirements, and computational limitations, among others. Depending on
the objective of the simulation, the priorities may include accuracy, ease of use, or compu-
tational time; the focus is placed on existing or theoretical modules; and different aspects of
a PV system are optimized. Each simulation framework is designed with specific objectives
in mind, and their excellence lies in addressing the particular tasks they aim to achieve.
This implies that the software tools have different levels of detail for each step involved in
calculating the energy yield modeling. These steps can be divided into:

1. Optical properties: Determine the optical response of the layers of materials com-
posing the PV cell.

2. System surroundings: Determine the surroundings of the PV system for the shading
calculations.

3. In-plane irradiance: Calculate the plane-of-array (POA) irradiance incident on each
cell or module of the PV system.

4. Module temperature: Determine the temperature of the modules at the cell or mod-
ule level.

5. DC power: Compute the DC power output produced by the system at module, string,
and/or system level.

6. AC conversion: Convert the DC power into AC power considering the inverter char-
acteristics and the system architecture.

A level of detail (LoD) can be assigned to each of these steps measuring their complexity
(and hence accuracy and requirements). The following explains what each level of detail
signifies, using module temperature as an example.

• LoD 0: The step is not modeled. A fixed value is assigned independently of the con-
ditions. A module temperature fixed to the Nominal Operating Cell Temperature
(NOCT) is a LoD 0.

Tmod = TNOC T
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• LoD 1: A simple model is considered for the step, where simple is defined as being
representable by a single equation. Faiman’s temperature model [235] would be an
example of LoD 1.

Tmod = Tamb +
GPO A

U0 +U1 ·w s

• LoD 2: Achieving LoD 2 involves employing a complex model, defined here as repre-
sented by a system of equations. Fuentes’ fluid dynamic model [236] is an example of
LoD 2. 

f1(Tmod ) = 0
f2(Tmod ) = 0
...
fn(Tmod ) = 0

• LoD 3: An accurate (usually 3D) system representation is employed to consider all the
phenomena impacting the step. It can be considered to be the ultimate digital twin.
Achieving a LoD 3 for the module temperature would entail modeling the whole PV
system and its surroundings in 3D to study the air movement and consequent thermal
flows and conductive properties of each material.

Considering these 6 steps and 4 LoD levels, several commercial software solutions have
been compared in Table 7.1. The optoelectrical modeling of the PV modules is generally
simple since most software tools focus on existent modules, hence the datasheet provides
enough optoelectrical information. A LoD 3 is only achieved by some software tools when
modeling the system surroundings. For this step, only the deterministic sun position is
required after the 3D modeling of the surroundings is obtained. For the remaining steps,
achieving such a high level of detail would be too costly in terms of both time and resources
compared to the gain in accuracy. Despite the significant impact of module temperature
on power output and the challenges in accurately predicting it, many software tools opt for
simple models. This is because the accuracy gained by using more complex models is often
marginal.

In terms of accuracy, the PVMD toolbox stands out by surpassing or matching the LoD
of other software tools. Its determination of optical and semiconductor behavior makes
it unique. The toolbox can simulate the AC energy yield of a non-fabricated module. This
allows for the energy yield prediction of, for example, tandem devices, a topic that is growing
in interest amongst the research community.

The toolbox has been extensively validated across several studies during its develop-
ment [237–243]. This chapter aims to evaluate the toolbox’s capabilities in a real-world
scenario by predicting the power output of residential-scale PV systems. The goal is not
to validate the framework but to identify potential areas for improvement.
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Table 7.1: Level of detail of several simulation frameworks for each step in the energy yield modeling
process.
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Sisifo1[244] 0 0 1 1 1 1
PVWatts1[245] 0 0 1 1 1 1
Solar PathFinder1[246] 0 0 1 1 1 1
pvDesign1[247] 0 1 1 1 1 1
Solar Monkey [198] 0 3 2 1 2 1
Dutch PV portal [248] 0 0 2 2 1 1
Plant Predict1[249] 0 1 2 1 2 2
System Advisor Model1[250] 0 1 2 1 2 2
PV*Sol1[251] 0 2 2 1 2 1
pvlib python1[178] 0 1 2 2 2 2
BIM Solar1[252] 0 2 2 1 2 2
Solar Farmer1[253] 0 2 2 1 2 2
Eurac research [254] 0 3 2 1 2 0
Archelios Pro1[255] 0 3 2 1 2 2
Helioscope1[256] 0 3 2 1 2 2
PVSyst1[257] 0 3 2 1 2 2
Imec [258], pvCase [259] 1 3 2 2 2 2
PVMD Toolbox (this work) 2 3 2 2 2 2
1 These LoDs have been assumed from the information provided by the organiza-

tions about their software tools.

Several distinctive challenges arise when monitoring residential PV systems compared
to utility-scale ones. One major issue is the lack of on-site weather data, as installing me-
teorological sensors near residential PV systems is typically not cost-effective. Additionally,
there are often greater discrepancies between the planned and actual installations due to
less thorough site assessments, which can lead to deviations in the final setup, caused, for
instance, by unexpected obstacles on rooftops. Consequently, information about these sys-
tems is often limited and inaccurate. Furthermore, the shading environment is more com-
plex in urban settings, where numerous obstacles can impact the system’s performance.

This chapter presents the toolbox in detail in Section 7.2. The toolbox is composed of
several blocks, each independently and collectively validated. Section 7.3 exemplifies such
a process by focusing on the validation of the horizon reconstruction. Next, the case study
begins by presenting the system and weather data in Section 7.4. Section 7.5 dives into the
results, which highlight the sensitivity of the framework to the input irradiance. Finally,
Section 7.6 concludes this chapter.
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7.2. SIMULATION MODEL
The flowchart of the simulation model for energy yield calculation in the PVMD Toolbox is
shown in Figure 7.1, with the main models in blue, the information flow and intermediate
results in green, and the inputs in black.

Figure 7.1: Flowchart of PVMD Toolbox describing the simulation methodology. The input data is indicated in
black. The main models and (intermediated) results are in blue and green, respectively.

The PVMD toolbox starts by considering ray and wave optics in the module layer stack
described by the materials’ complex refractive indices. It calculates spectral, depth, and
angle-dependent absorption for each layer in the cell. This generation profile serves as an
input for the advanced semiconductor analysis software, which is used to calculate the cell
IV curves at different irradiances and temperatures. An equivalent circuit model of the so-
lar cell is then fit to match all the IV curves, resulting in a calibrated lumped-element model
with temperature and illumination-dependent parameters. This initial block is what sets
the PVMD toolbox apart from other software tools. The system surroundings are then con-
sidered using a system-level ray tracing, which simulates the PV module mounting condi-
tions and setting allowing for shading and albedo effects to be considered, resulting in a
sensitivity map of the PV system.

The first time-resolved step is the creation of a distribution of the radiance across the sky
based on the Perez model and SMARTS to add spectral information. Afterward, integrating
the sensitivity and sky maps results in the irradiance absorbed by the module and the cell
photocurrents. The former is used to calculate the temperature of each cell in the module
together with ambient temperature, wind speed, convective heat loss, and emissivity. Next,
a lumped-element model is used to simulate the module interconnection in combination
with the calibrated lumped-element model parameters and the resulting module IV-curve
for all hours of the year considering the temperature and implied photocurrent for each
cell at each simulated timestep. Finally, the DC power is converted to AC considering the
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voltage and current-dependent efficiency of the inverter for each timestep.
Each of these steps is explained in detail in the following subsections.
Two additional blocks, not present in the flowchart, were recently added to the toolbox.

The first one considers the yearly degradation of the PV modules. This block is based on
a degradation model that considers three precursors: hydrolysis, photodegradation, and
thermomechanical degradation [260]. The second block is that of the economic analysis
which is based on the levelized cost of electricity (LCoE). This concept refers to the cost of
generating 1 kWh of electricity from a power generation facility [261].

7.2.1. OPTICAL AND ELECTRICAL PROPERTIES

The solar modules’ optical properties are simulated using the GENPRO4 software [262].
GENPRO4 implements the net radiation method [263] and further extended versions of
that [264, 265]. The original net radiation method approximates the cell structure as a 1-
D multilayer stack along the depth axis of the cell. The thickness and complex refractive
index of every layer are input parameters. The extended models allow for interference and
scattering effects to be considered. Random surface textures are simulated using the scalar
scattering model developed by Jäger et al. [266], which utilizes a 3D scan by an atomic force
microscope to model a realistic texture.

GENPRO4 calculates spectral and angle-resolved reflection as well as absorption which
is also depth-resolved for each layer in the module including the cell with all its layers. In the
case of bifacial structures, this calculation is performed for front as well as rear irradiation.
This approach has demonstrated very good agreement with measurements [262, 264–266].

The resulting outcomes for each material are input variables for the optoelectronic sim-
ulator program ASA [267, 268]. The Advanced Semiconductor Analysis (ASA) solves the
semiconductor equations in one dimension, specifically the Poisson equation and two con-
tinuity equations for electrons and holes. The physical background is based on the drift-
diffusion model consistently coupled with recombination and tunneling models. ASA ac-
counts for semiconductor electronic properties such as bandgap, electron affinity, density
of states, mobility, doping profiles, and trapped charges in the localized states within the
band gap to simulate one-dimensional devices under various illumination or dark condi-
tions, all as a function of temperature. Figure 7.2a shows an example of resulting band
diagrams for a perovskite top and Figure 7.2b a silicon heterojunction bottom cell.

ASA is used to calculate the cell IV curves at different irradiances and temperatures. To
save computational effort, an equivalent circuit model of the solar cell is then fit to match
all the IV curves. This way a calibrated lumped-element model (CLEM) is obtained with
temperature and illumination-dependent parameters of the one-diode model for the solar
cell. Figure 7.2 shows the comparisons between ASA and CLEM. The one-diode model pa-
rameters for the top and bottom cells are extracted separately and then later combined in
an equivalent circuit model for each tandem solar cell. These are later combined in series
connection or independent operation depending on the number of terminals of the cell.

The toolbox offers the flexibility to avoid this block if a commercial PV module is to be
modeled. In that case, the datasheet parameters are employed as input to the model.

7.2.2. SYSTEM SURROUNDINGS

The in-house developed forward Monte-Carlo ray tracing software LUX is used to simulate
the PV module mounting conditions and surroundings, allowing for shading and albedo ef-
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(a) (b)

(c) (d)

(e) (f)

Figure 7.2: The perovskite top cell is always shown on the left, while the silicon heterojunction bottom cell is
always shown on the right. Band diagrams as simulated by ASA for both cells are shown in the top row. Irradiance
dependence of the IV curves for both ASA and CLEM are shown in the middle row. Temperature dependence of
the IV curves for both ASA and CLEM are shown in the bottom row.

fects to be considered. The ray-tracing method was chosen for its flexibility as it can treat
complex illumination situations, including shading and light scattering from nearby ob-
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jects. The optical properties of these nearby objects, such as spectral reflectance and dif-
fuseness of reflection, can be chosen freely, to closely mimic the real-world situation. Note
that commonly used methods based on view factors require less computation time but are
based on the assumption that surfaces reflect light in a perfectly diffuse way.

The simulation domain is shown in Figure 7.3a. It simulates a single PV module with
periodic boundary conditions on four sides representing a module in a large plant. The
module is modeled considering the size of each cell, the tilt, the mounting height, the frame,
the distance between cells and the frame, and the distance to other modules. The reflection
and absorption properties of the PV module are based on the simulation as described in the
previous subsection.

(a) Periodic simulation domain for ray tracing. (b) Sensitivity map for one cell.

Figure 7.3: Periodic domain and resulting sensitivity map for one of the cells.

The haze and diffuse exponent of the ground reflection are adjusted in the model, which
results in sensitivity maps [269] as shown in Figure 7.3b. Typically, one sensitivity map is
calculated for each junction material as a basis to calculate their current and another one
for the whole module to derive the input for the module temperature model.

To consider elements casting shadows on the modules such as mountains or large build-
ings, the shape of the terrain and characteristics of the surface can be obtained via LIDAR
data. LIDAR (Light Detection and Ranging) uses a pulsed laser that scans the Earth’s surface
to provide a digital height map that includes both the built environment and vegetation
[270].

With the height data, the skyline profile is extracted, which is a 2D projection of the
surrounding landscape. To extract it from the height map, an observer is placed in the lo-
cation of the PV module which finds, for each azimuth step, the highest altitude angle [271,
272]. By sweeping all possible azimuth values, a skyline can be obtained such as the one in
Figure 7.4.

Once the skyline profile is obtained, the sky view factor (SVF) and shading factor can
be computed. The SVF is a constant value ranging from 0 to 1 and indicates the portion
of visible sky considering both the tilt of the PV module and the horizon [273]. The shad-
ing factor depends on time and indicates where there is an obstacle blocking the sun. This
is included in the next step of the methodology as a factor multiplying the direct normal
irradiance (DNI) with zero when the sun is behind the horizon. This is however an approxi-
mation because when the sun is blocked, not only the direct component is affected but also
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Figure 7.4: Raised horizon of a PV module placed in the center of the Markt of Delft, the Netherlands.

the diffuse one, due to the anisotropic nature of the latter.

This methodology was initially integrated into the toolbox with all PV modules sharing
the same skyline. However, nearby objects like chimneys were not adequately considered.
To address this, the framework was adapted to offer two options: a different skyline per PV
module or a 3D reconstruction of the system’s roof or environment. Users can choose be-
tween the two options based on accuracy and time constraints. The impact of these options
on the accuracy of the predictions is discussed in Section 7.5.

7.2.3. IN-PLANE IRRADIANCE

The first time-resolved calculation step is the creation of a distribution of the irradiance
across the sky in the time domain based on the Perez model [274]. Figure 7.5 shows an
example of such an irradiance map. Then, SMARTS [236, 275] adds the spectral composition
of the incoming data.

Figure 7.5: Irradiance map showing the irradiance distribution across the sky for a one-time instance.

Afterward, the sensitivity and irradiance maps are integrated over all wavelengths, zenith,
and azimuth angles. This outputs the irradiance absorbed by the module block enveloping
each cell including half of the inter-cell gap, and the implied cell photo-generated currents
for each cell, time instance, and junction. The former is an input variable for the module
temperature calculation, while the latter is an input variable in the electrical model.
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7.2.4. CELL TEMPERATURE
The PVMD Toolbox uses a fluid dynamic model [236] to calculate the temperature of each
cell in the module. It considers natural as well as forced convection and radiative heat trans-
fer for all time instances. The model outputs the temperature of each cell in the module at
each time instance. This fluid dynamic model relies only on non-empirical parameters and
is thus able to directly include the impact of a different efficiency or other property on the
operating temperature whereas previous works are based on empirical temperature models
[250, 256, 257]. This allows for simulations in which the empirical temperature parameters
are not known.

7.2.5. MODULE ELECTRICAL INTERCONNECTION MODEL
Next, the PVMD Toolbox uses a lumped-element model to simulate the module intercon-
nection with bypass diodes to calculate the resulting module IV curves for all hours of the
year. The first step is calculating the time-resolved IV curves for each cell. Using the Lam-
bert W-function [276], the simulation process is speeded up to 100,000 IV curves per minute.
The inputs are the implied cell photo-generated currents, the cell temperature, and the
temperature- and illumination-dependent parameters of the one-diode model.

To simulate a 60-cell module for one year in hourly resolution, several hundred thou-
sand IV curves need to be calculated, even after excluding night times with zero irradiance.
However, as shown in Figure 7.6, many solar cell operating conditions in terms of cell tem-
perature and implied photo-generated current are repeated several hundred times. Thus,
the operating conditions are organized in discrete cell temperature steps of 0.3 K and im-
plied photo-generated current steps of 0.4 A/m2, and those discrete condition steps are only
simulated once if they appear in the climate.

Figure 7.6: Frequency of solar cell operating conditions as a function of cell temperature and photogenerated
current for one year in hourly resolution in Delft. The colored rectangles show the organization of these operating
conditions. For illustration purposes, these rectangles are 33.3 times larger than the ones typically used.

For simulating one year in Delft in hourly resolution, this strategy reduces the number of
simulated IV curves for a 60-cell module by 86% and the simulation time to about 2 min on
a desktop PC (3 GHz, 8 GB RAM). The specific reduction depends on the climate conditions
at the location and the number of cells in the module. The computational effort reduc-
tion scales extremely well with higher time resolution or longer periods of the climate data,
as the number of unique operating condition steps hardly increases, only the frequency
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in each step. In this example, this discretization creates an overestimation of the yearly
module yield of 0.23%. This is due to a slight reduction in current mismatch losses. The
overestimation scales with step size as larger step sizes decrease current mismatch losses,
thus there is always a trade-off between speed and accuracy when using this approach of
organizing operating conditions in discrete steps.

7.2.6. INVERTER MODEL
The DC power is converted to AC considering the voltage- and current-dependent efficiency
of the inverter for each time step. The input variables are the DC current and voltage of the
module for each time step from the previous calculation. The input parameters are the
number of modules in series and parallel connection, and the DC and AC cable and in-
verter properties. The PVMD Toolbox can simulate PV systems with central inverters, string
inverters, microinverters, and power optimizers. For the three inverter types, conversion
efficiencies are calculated based on the SNL model [277]. For power optimizers, our own
model is applied based on efficiencies measured as a function of input power at different
input voltage levels [242].

7.3. VALIDATION OF THE HORIZON RECONSTRUCTION
Subsection 7.2.2 has detailed the process of obtaining a skyline profile from LIDAR data.
This methodology offers the clear advantage of process automation, but its accuracy needs
to be assessed. The skylines obtained with LIDAR data can be compared with those ob-
tained by a HoriCatcher for this purpose.

A HoriCatcher is a tool that digitalizes the local horizon of a certain location [278]. It
accurately measures the skyline profile at the placed location. The instrument consists of a
camera attached to a tripod pointing down to a horizon mirror. The result of HoriCatcher
measurements is a fisheye image which can be converted into a rectangular 360° panorama
image, with the y-axis representing the elevation. This can be directly compared with the
skyline obtained with LIDAR data [272].

Figure 7.7 compares the skyline measured by the HoriCatcher to that obtained via LI-
DAR data at 7 considered locations. Locations 1 to 5 are several points on the campus of
Delft University of Technology and were considered in a previous publication [272]. They
are surrounded by tall buildings which considerably decrease the horizon. The last two
measurements are taken on residential roofs, which are more representative of the horizon
that PV modules are subjected to.

Several discrepancies are detected between the measured and simulated skylines. One
of the largest appears at Location 4, where the effect of an inaccurate skyline has been trans-
lated to DC power output difference. For a hypothetical PV system at this location, the an-
nual DC power was 60% higher with the simulated skyline than with the measured one.

These discrepancies are evident even on residential roofs with no tall buildings nearby.
For instance, in the skylines of Roof 1 from Figure 7.7, the simulations show a large flat
object at around 330° that does not appear in the HoriCatcher measurement. The charac-
teristics of that element were explored in the height data, and it was identified as a chimney.
That chimney appeared in the HoriCatcher image but it was overrepresented in the simu-
lated horizon, similar to the effect of the tall building at Location 4.

The origin of these discrepancies was deviations in the location. If the coordinates at
which the HoriCatcher measurements are not accurately determined, a considerable dis-
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Figure 7.7: Measured and simulated skylines for seven selected locations.

crepancy can arise between simulated and measured skylines. This effect is shown in Fig-
ure 7.8, which plots 4 skylines shifted by 1 meter to each cardinal direction relative to the
location of Roof 1. The skylines are quite similar in the 5 graphs, except for the chimney. It
disappears when moving to the East (also due to a higher roof height) and it considerably
widens when taking one step to the West. Depending on the location and the proximity of
the objects, they appear at different positions in the skyline. The object positioned around
110° depicts this phenomenon.

Figure 7.8: Skylines resulting from the sensitivity analysis on the location obtained by displacing the simulated
point by one meter in each cardinal direction. The title of each subplot indicates the shift in direction.
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The resolution of the employed height data also introduces errors in representing small
obstacles on the roof. The smoothing conducted to generate the digital surface model
removes noise, but this could potentially hide actual obstacles, especially in the case of
chimneys with longer tubes. Higher resolution data would be needed to properly represent
nearby obstacles.

To conclude, using LIDAR data is the recommended method due to its higher feasibil-
ity and availability. Remote reconstruction, low permission requisites, and the possibility
of updating are the main advantages of the methodology. Amongst the pitfalls, one can
highlight the lower accuracy compared to HoriCatcher measurements, the dependence on
external sources, and the limited resolution.

7.4. DATA CHARACTERISTICS

7.4.1. SYSTEM DATA

In this case study, we aim to predict the performance of 15 residential-scale Dutch PV sys-
tems provided by Solar Monkey to identify potential improvements to the simulation soft-
ware. Solar Monkey has a large database of more than 11000 residential systems. Out of
those, they selected 15 high-quality systems, meaning that they did not show large periods
of unavailability or abnormal behavior. These systems employed SolarEdge power optimiz-
ers thus obtaining yield data with a 15-minute resolution. They are also systems of different
sizes and technologies so that different flaws can be tracked in the simulation framework.

Each system is identified by a system number which will be used throughout the report.
The systems’ location with their numbers can be observed in Figure 7.9. The system size is
around 4 kW, except for system 182210 which has an installed capacity of 44.25 kW. The SVF
of these systems lies in the 66.8% to 94.9%, mostly caused by obstacles in the surrounding
city environment.

Figure 7.9: Location of the residential systems provided by Solar Monkey.
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The initial challenge for the validation was the limited availability of data. The PVMD
toolbox requires detailed system information starting from the cell level. However, most of
that information is not accessible by Solar Monkey. The main limitations are listed below to
motivate future developments.

• Limited cell types. The PVMD toolbox only has a few default solar cell technolo-
gies constructed for the cell module. PV systems using poly-cSi cells were too time-
consuming to create, therefore they were discarded.

• Unknown information. Several parameters were not available from the datasheet or
the data provided by Solar Monkey, therefore, approximated values were taken.

• Time-consuming process. Gathering all the necessary information and formatting it
appropriately was a time-consuming process.

• Memory issues. Some sections of the simulation framework were not properly op-
timized, leading to memory issues. Simulating the data for the whole year with a
15-minute resolution was not possible so the results were run per season and merged
afterward.

• Lack of automation. Some steps of the PVMD toolbox required user interaction which
impeded the automation and increased the possibility of error.

These limitations hindered the simulation of all 15 systems for the whole period, so the
study was limited to only 6 systems.

7.4.2. WEATHER DATA
System data consisted of yields and information, so weather data was sourced from the
open database of KNMI, the Royal Dutch Meteorological Institute [196]. This weather fore-
casting service offers measurements from several meteorological stations spread all over the
Netherlands over a wide range of years. The KNMI data, available at a 10-minute resolution,
was interpolated to match the time format of the yield data.

Since the measurements were not taken on-site, the inverse distance methodology was
employed to create more accurate inputs. The weather at the location of the system of inter-
est was calculated with a weighted average of the measurements recorded by each station
within a 50 km radius. The weights of each station were proportional to the inverse of the
distance to the PV system, so that the closer a meteorological station was, the higher the
importance it had [279].

The PVMD toolbox requires the three irradiance components, wind speed, and ambi-
ent temperature. The two latter weather variables were recorded in most meteorological
stations, however, only the global horizontal irradiance (GHI) was measured in some sta-
tions. The BRL decomposition model [280], the best model for the Dutch weather [279],
was employed to obtain the diffuse and direct components from the global irradiance.

7.5. RESULTS
To describe the results of the use case analysis, three metrics will be employed: the normal-
ized root mean squared error (NRMSE), the normalized mean absolute error (NMAE), and
the normalized mean bias error (NMBE). Table C.1 provides the definition of these metrics
as well as the importance of using them appropriately.
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7.5.1. 6 SYSTEMS ANALYSIS

The PV power of six systems was predicted for the first three months of 2021 with a reso-
lution of 15 minutes. The winter period was chosen specifically to capture the occurrence
of higher errors. Table 7.2 displays the real and predicted yields as well as the error metrics
for all six systems, identified with their system number. The PV power is underestimated
for all systems and the error metrics are considerable. Figure 7.10 shows the instantaneous
errors normalized by system size in a boxplot. The normalized error ranges from –0.2 to
0.2 kWh/kWp, which indicates that for a system of e.g. 5 kWp of capacity, the prediction
deviates up to –1 kWh and 1 kWh from the real yield.

Table 7.2: Real and predicted yield, and error metrics for six Solar Monkey systems using 15-minute resolution data
for the first three months of 2021.

System number 2150 151973 13400 2080 61928 4050

Real [kWh] 731.2 348.6 726.2 550.5 479.7 350.2
Predicted [kWh] 722.0 317.1 616.3 492.0 355.9 297.2
NRMSE [%] 42.2 80.8 86.0 108.4 109.5 86.6
NMAE [%] 16.3 30.7 33.1 39.3 41.3 33.4
NMBE [%] -1.3 -9.1 -15.1 -10.6 -25.8 -15.1

Figure 7.10: Instantaneous errors boxplots normalized by system size for the six Solar Monkey systems explored.

The skyline was identified as one of the contributing factors to the high errors in some
systems. Initially, a single skyline per system, representing the most characteristic module,
was used to account for long-distance obstacles. However, for some of these residential
systems, the skylines varied significantly between PV modules.

To overcome this, the code was adapted to consider a skyline matrix instead of a single
skyline. This matrix considers all skylines, assigning each point on the horizon a value be-
tween 0 and 1, representing the percentage of modules with a skyline at that specific point.
The metrics were generally improved after considering the skyline matrix (see Figure 7.11),
although the results depend on the considered system.

In pursuit of identifying the source of error in some systems, we examined various as-
pects:

• The correlation between system characteristics and error was explored. For instance,
older systems may depict higher errors than young ones, but nothing was found.
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Figure 7.11: Difference in NMAE and NMBE when using the most representative skyline of the system or the skyline
matrix.

• The correlation between weather characteristics and error was also performed. Larger
errors were present during higher irradiance periods, but that is expected. No corre-
lation was found for temperature or wind speed.

• The distance to the weather stations and the number of stations employed were also
analyzed. Since the weather parameters were computed using inverse distance inter-
polation, we hypothesized that systems that relied on meteorological stations located
closer would depict lower errors. However, the results did not support this hypothesis.

7.5.2. SINGLE SYSTEM ANALYSIS

A detailed investigation of system 13400 for the year 2020 was conducted to identify the
error source. The most representative skyline was chosen as it yielded slightly improved
results compared to using the skyline matrix.

The annual metrics were NRMSE = 66.0%, NMAE = 29.9%, and NMBE = -20.7%. As
a comparison, the metrics obtained during the first three months of 2021 were NRMSE =
94.3%, NMAE = 36.3%, and NMBE = -21.0%. In winter, the average error is slightly higher,
and larger outliers occur than during the rest of the year. However, these outliers are not re-
sponsible for the underestimation of the results since this underestimation occurs through-
out the year.

In some instances of time, the prediction error was almost as high as the actual yield. A
deeper exploration into these values shows that the top five instances of time when the error
is the highest occur on days when the irradiance is high and intermittent. These days, the
irradiance as well as the PV power production, have sudden drops and rises that are not well
modeled. That is probably because the fast movement of clouds is not well represented by
the interpolated weather irradiance. However, because of the compensation, the daily error
on those days is very low. The days that show the highest daily error are days with high
irradiance but not very intermittent. The predicted curve follows the shape of the real one
but is considerably lowered. However, those are not the days with the highest relative daily
error. Those days occur during winter when the irradiance and PV production are low, but
the predicted PV power is even lower. Figure 7.12 exemplifies the power production and the
irradiance components during these three situations.
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Figure 7.12: PV production and prediction (top row) and irradiance components (bottom row) on days where the
highest errors were reported. Each column displays a different type of error.

COMPARISON WITH OTHER FRAMEWORKS

To identify whether the errors stemmed from the simulation framework, the results were
compared with Solar Monkey and PVSyst estimations. PVSyst is a simulation software used
to model PV systems, from small residential size up to large utility-scale [257]. It allows to
inclusion of horizon shading as well as user input data, so it has the flexibility required for
the comparison.

Both of these simulation frameworks employ hourly resolution, so the real yield and the
predicted one by TUD were resampled to match the resolutions. Table 7.3 shows the results
for the three simulation frameworks. For completeness, the yield produced by the system is
4883.8 kWh.

Table 7.3: Comparison of yields predicted by TU Delft’s, Solar Monkey’s, and PVSyst’s simulation frameworks.

Framework Predicted [kWh] NRMSE [%] NMAE [-] NMBE [-]

PVMD Toolbox 3875.2 66.0 29.9 -20.7
Solar Monkey 3574.8 110.1 51.3 -26.8
PVSyst 3355.6 103.7 52.0 -31.3

The errors made by PVSyst are more spread: while the PVMD toolbox under-predicts
quite steadily, the error performed by PVSyst has a higher deviation and considerably over-
predicts during some hours. Solar Monkey and PVSyst depict similar errors, being Solar
Monkey slightly better. The monthly energy graph of Figure 7.13 shows that PVSyst generally
performs worse than TU Delft’s and Solar Monkey’s frameworks throughout the year.

7.5.3. SENSITIVITY TO INPUT IRRADIANCE
Given the reported results, we suspected that the issue with these simulations might stem
from the input data, particularly the interpolation of weather data. The decomposition of
global irradiance, a typically inaccurate step, could further contribute to the error.

To test the first hypothesis, we estimated the error caused due to the interpolation of
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Figure 7.13: Real and estimated monthly energy yield by the PVMD toolbox, PVSyst, and Solar Monkey (labeled as
SoMo).

the weather parameters. We located a hypothetical PV system right next to a meteorological
station. First, the yield of that hypothetical system was estimated using the data from the
weather station. Then, the yield of that same system was estimated by assuming that there
is no meteorological station in that location. By comparing the difference in yield between
the two situations, one can estimate the error due to the interpolated weather data. The
characteristics of system 2150, which shows the lowest error, were the ones considered for
the hypothetical system. Three scenarios were considered depending on the location and
number of meteorological stations surrounding the target meteorological station:

• Best-case scenario: the meteorological station with 6 stations within 50 km, the most
surrounded KNMI station, being the closest station at less than 1 km.

• Close-by scenario: the meteorological station is the closest to PV system 2150, the
target PV system. It is surrounded by two other stations within 50 km at distances
around 24 and 34 km.

• Mean dist. scenario: the meteorological station is surrounded by two equally-distanced
stations within 50 km, each at an average distance of 25 km.

The results are reported in Table 7.4. The errors exclusively due to interpolated weather
conditions are high. Even in the best-case scenario, the NRMSE is almost 23%. Looking at
these values, and considering that the NRMSE for system 2150 is 41.7%, it is highly probable
that the origin of most of the error is the input data.

Table 7.4: Metrics comparison for the three different made-up scenarios.

Best-case Close-by Mean dist.

NRMSE [%] 22.9 53.3 52.6
NMAE [%] 5.6 20.2 19.6
NMBE [%] -2.7 -3.9 -4.2
Measured [kWh] 4319.6 4803.7 4684.0
Interpolated [kWh] 4202.4 4618.0 4488.9
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To test the second hypothesis, that the error is caused by the global irradiance decom-
position, a similar approach is followed. A hypothetical PV system is located next to a me-
teorological station. Using the measured weather data, the yield is computed, which is con-
sidered the real one. Next, we artificially alter each irradiance component (GHI, DHI, DNI)
in the range of -5% to 5%, achieving 30 scenarios. This new weather data is used to estimate
the PV power and compare it with the baseline scenario, the assumed real yield. The error
made in each of these 30 scenarios can be seen in Figure 7.14:

Figure 7.14: Error metrics as a function of the variation of each of the three irradiance components.

The variation in GHI is the one that propagates the most due to the decomposition step.
A 5% variation in GHI can increase the NRMSE to 12%. Even a small GHI variation of 1%
translates to around 5% in PV power. The NRMSE in power when modifying the other irra-
diances is only slightly higher than the artificially added irradiance error, but lower in terms
of the other two metrics. Therefore, errors in DNI or DHI are not highly propagated in terms
of PV power.

7.6. CONCLUSIONS
This chapter introduced the PVMD Toolbox, the first simulation framework capable of mod-
eling the AC energy yield of PV systems using fundamental material parameters without
requiring input from fabricated devices. The toolbox achieves this by integrating state-of-
the-art models into a modular framework, ensuring the flexibility to incorporate the latest
advancements and continuously improve the tool. As a case study, we validated one aspect
by reconstructing the horizon using LiDAR images, which is crucial for residential-scale PV
systems. During this process, we discovered that accurate geo-location of the PV modules
is essential for correctly representing the surrounding horizon.

The toolbox abilities for power prediction were tested with residential system data. The
analysis revealed significant errors, with NRMSE ranging from 42.2% to 109.5% and NMAE
from 16.3% to 41.3%. A primary cause of the high error rates was insufficient and inaccurate
input data. This is a limitation common to all analytical simulation frameworks, as both
Solar Monkey and PVSyst recorded even higher errors than the PVMD toolbox. Notably,
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interpolated irradiance data emerged as a major source of error, contributing up to 53.3%
of the NRMSE, which could account for a significant portion of the reported discrepancies.
These findings underscore the critical importance of accurate irradiance data for reliable
PV power predictions and the need to identify alternative irradiance sources.

PERSPECTIVE: HOW MACHINE LEARNING COULD HELP
This chapter has shown that interpolated irradiance data from meteorological stations is an
unreliable input for PV power predictions. Alternative sources of irradiance should be con-
sidered. To achieve this, one could make use of the machine learning knowledge acquired
in the previous block of research.

Using machine learning techniques, one can extract the value of irradiance from satel-
lite images. Previous research has been successful in this task [103, 281–286] with convolu-
tional neural network (CNN) being the key algorithm. Combining CNN for image analysis
with an algorithm for temporal analysis such as Long Short Term Memory (LSTM), one can
even predict the irradiance. Integrating deep learning-forecasted irradiance as input into
the toolbox would merge the strengths of machine learning with analytical methods, com-
bining the best of both worlds.

Inspired by these previous works, we contributed to creating a forecast of irradiance
maps for the Netherlands in the coming half hour with higher spatial and temporal resolu-
tion than currently available with meteorological stations [287]. Specifically, we aimed for
a spatial resolution of 1 km2 and a temporal resolution of 5 minutes. First, preprocessing
techniques were applied to the satellite images to separate clouds from the ground. Then,
the CNN-LSTM algorithm aimed at predicting the satellite images for the coming half an
hour. These predicted images were converted to irradiance maps by using an Artificial Neu-
ral Network (ANN) model. Irradiance measurements of meteorological stations were used
as ground truth for the latter model.

Visual inspection is an essential tool to assess the accuracy of this kind of methodol-
ogy. Figure 7.15 exemplifies the method for a specific instant of time. The top left shows
a satellite capture, while the bottom left displays the predicted outcome. Comparing the
prediction with the actual images reveals that the predicted images are blurred out. More-
over, small clouds are often clustered together or ignored. The images on the right show the
irradiance maps obtained from the real and the forecasted satellite images. The irradiance
map on the bottom right is the overall outcome of the model.

In terms of metrics, the first methodology, the CNN-LSTM algorithm, achieved MSE,
MAE, and MBE of 0.0257, 0.0905, and -0.0176, respectively. These values correspond to
normalized pixel intensities between 0 and 1 and indicate how much, on average, the fore-
casted pixels differ from the actual values. The second model, the ANN, achieved a MAE of
119.4 W/m2 and MBE of −2.6×10−2 W/m2. The accuracy of the overall model could not be
assessed due to the lack of an irradiance map for the Netherlands.

An additional issue was that the background of the Netherlands was considered a cloud
in many of the captures, highly reducing the accuracy of the method. This suggests that
the simple preprocessing methods applied did not completely fulfill their objectives. Us-
ing another CNN for the preprocessing would likely yield a better outcome. Additionally,
the methodology could not predict the creation and disappearance of clouds. This could
be included by integrating more meteorological variables into the forecasting process. Fur-
ther work is needed before this irradiance map can substitute the interpolated irradiance,
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Figure 7.15: Example of the methodology to obtain irradiance maps from satellite images. The top row consists of
a true preprocessed satellite image (left) and an irradiance map (right) created by converting each pixel intensity
to an irradiance value. The bottom row contains a forecasted satellite image (left) and the converted irradiance
map (right). All images are from 14:00 on May 28th 2021.

although it is a promising first step.





8
IRRADIANCE SENSOR ALLOCATION IN

PV FARMS

Solar farm installers generally struggle with the allocation of irradiance sensors throughout
the plant area, which are essential for monitoring purposes. Despite the International Elec-
trotechnical Commission guidelines for PV plant monitoring, no specific guidance is pro-
vided when it comes to allocating sensors. This can be especially problematic for solar farms
in hilly terrain. In this work, a software tool is built to allocate horizontal and in-plane ir-
radiance sensors. Additionally, advice on the optimum number of sensors and the prevented
error is provided based on the layout of the farm. The software has been applied to two case
studies of existing solar farms in hilly areas in Greece and Germany, showing its applicability
for real case scenarios in different climates and geological landscapes.

This chapter has been adapted from the publication A. Alcañiz, M. I. van Kouwen, O. Isabella, and H. Ziar “Wide-
area sky view factor analysis and Fourier-based decomposition model for optimizing irradiance sensors allocation
in European solar photovoltaic farms: a software tool” Solar Energy, 286, 113139 (2025) [288].
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8.1. INTRODUCTION
The previous chapter has stressed the importance of employing accurate irradiance data
when predicting the PV power output. This problem is presented for residential systems,
which are generally not equipped with irradiance sensors. Since the power production of
these systems is relatively small, one could claim that their monitoring is not essential. That
is not the case, however, for large power producers like PV farms, which typically measure
the irradiance onsite.

The purpose of these measurements depends on the type of irradiance measured and
the time resolution [289–291]. One can distinguish between global horizontal irradiance
(GHI) and plane-of-array (POA) irradiance GPO A measurements. While the former is placed
horizontally, the latter is at the same inclination as the PV modules. Horizontal sensors are
employed to connect with satellite data or for forecasting purposes when measuring at high
temporal resolutions. Forecasting can also be performed with high-resolution POA sensors,
which are also employed for power loss analysis (PLA) on less than a daily basis and perfor-
mance ratio (PR) calculations on an annual basis. This latter variable can be significantly
affected by irradiance deviations [292], highlighting the need for highly accurate irradiance
measurements.

To reduce the uncertainty, the standard 61724-1:2021 from the International Electrotech-
nical Commission (IEC) “serves as guidance for monitoring system choices” [293]. This
standard requires class A pyranometer measurements of in-plane irradiance and GHI through-
out the plant. The standard also provides the number of sensors that should be placed
horizontally and in-plane depending on the PV plant layout. Guidelines are also provided
regarding the location of these pyranometers:

• The location shall be chosen as representative.

• Shading on the sensor shall be avoided. If it occurs, it may only be within a half hour
from sunrise and sunset and it shall be documented.

• GHI sensors should be leveled to within 0.5°. GPO A sensors should be aligned with
the intended plane within 0.5° tilt and 1° azimuth angles.

These IEC guidelines can be however confusing due to the absence of clarification on
what constitutes a representative location. A meticulous allocation approach is crucial when
planning the monitoring infrastructure, especially in PV farms with spatial differences in
irradiance due to altitude variations or horizon obstructions [294]. The usage of few sensors
or incorrectly allocated sensors can lead to, among others, incorrect evaluations and fault
assessments [289, 290, 295].

In the literature, some methods for sensor allocation have already been proposed. In
[294], an optimization algorithm was presented based on minimizing the error induced by
different cloud conditions. However, the proposed method was developed only for a flat
rectangular PV plant with an unobstructed horizon. The results reported in [296], show that
the optimal sensor placement is away from the edges of the PV farm and at roughly 25%
and/or 75% across the module. These results, however, were obtained for an unobstructed
tracked bifacial PV farm. Another allocation algorithm used an interpolated irradiance map
[297] which was obtained from the sensor data using the Kriging interpolation technique
[298]. However, the methodology requires sensor data information hence it cannot be used
before the sensors are installed.
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A workaround would be using satellite data, making ground-based irradiance measure-
ments redundant. However, satellite irradiance data currently offers low spatial resolution
and is less accurate than ground-based measurements [299, 300]. Therefore, most PV power
plant commissioners prefer using on-site irradiance sensors [301]. In conclusion, no uni-
versal and scalable algorithms exist for irradiance sensor allocation.

This work aims to fill this gap by developing a software tool that provides the optimal
sensor allocation for PV farms considering their elevation profile. The irradiance is calcu-
lated at all the possible sensor locations of the PV farm, and the most representative location
is proposed based on an error minimization process. The error definition depends on the
purpose of irradiance measurement. Additionally, advice on the optimal number of sensors
is provided based on the layout of the farm.

This work is structured as follows. The methodology of the software is explained in detail
in Section 8.2. The databases required for the software are presented in Section 8.3. The
main results consisting of the software overview and its application to two case studies are
presented in Section 8.4. These outcomes are discussed in Section 8.5 before concluding in
Section 8.6.

8.2. METHODOLOGY
This section explains the methodology employed to determine the optimal sensor alloca-
tion. It assumes that the user knows the location and layout of the future PV plant. The user
can or cannot know how the sensors will be used and the number of sensors to be placed.

So far, this methodology has been developed for monofacial fixed-tilted PV farms. Nev-
ertheless, a similar framework applies to the increasingly widespread bifacial and/or track-
ing PV installations.

The strategy of the methodology consists of calculating the irradiance at each point of
the PV plant area and selecting the most representative points as those with values closest to
the average. In particular, it consists of the following steps, which are graphically presented
in Figure 8.1:

1. Determine the sensor distribution amongst groups and planes.

2. Import Digital Surface Model (DSM) data.

3. Perform Sky View Factor (SVF) calculations for relevant plane-of-arrays and interpo-
late grid.

4. Import GHI and albedo α.

5. Generate a GPO A map for the relevant plane-of-arrays using an improved Boland-
Ridley-Lauret (BRL) decomposition model and the Perez transposition model [302].

6. Determine the reference irradiance Gr e f and calculate the error map for every sensor.

7. Suggest the best sensor locations.

8. Create output report including figures and tables.

In the following, each of these steps is thoroughly explained. However, before diving in,
some assumptions need to be taken:
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Figure 8.1: Flowchart of the methodology followed in this work. The trapezoids are user inputs, the cylinders
denote imported data, the rectangles are predefined algorithms, and the parallelograms denote (intermediate)
outputs.

• Pyranometers are placed within the PV plant area, defined here as the terrain to which
the PV farm operator has access. Within that terrain, all obstacles such as trees or
water streams are disregarded.

• POA sensors are always placed maximally 10 m away from the PV group for which they
measure. This step expands the boundaries of the PV group to increase accessibility
with the assumption that no significant alterations occur in this additional terrain.

PV group is defined here as a cluster of modules with the same characteristics. To en-
sure that the sensors capture all the variability across the farm, the user-defined PV
groups should be selected by grouping modules that are expected to perform simi-
larly. For instance, by separating modules that could be subjected to different shading
levels or that are connected to different inverters.

The difference between PV group and PV plant area is visible in Figure 8.14 for one of
the case studies (marked with blue and red dots and labeled as plant area and panel
area, respectively).

• PV modules are evenly distributed within user-input PV groups.

• GHI and its decomposed components are spatially constant in the whole PV plant
(justified by the use of hourly averaged data).

• For computational efficiency, the SVF calculations for the PV panels and the pyra-
nometers are done at 1.5 m height, approximately the middle point of modules from
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the ground [295].

• Albedo is spatially constant but temporally variant.

Subsection 8.2.1 starts by specifying the required inputs. The creation of sky view factor
and irradiance maps is explained in Subsection 8.2.2 and 8.2.3, respectively. The core of
the methodology, the error-based minimization problem, is presented in Subsection 8.2.4.
Subsection 8.2.5 elaborates on the tactic to find the optimal number of sensors for each PV
farm. Finally, outputs and performance indicators are described in Subsection 8.2.6.

8.2.1. INPUTS
The user inputs are:

1. Purpose of the irradiance sensors, which influences the sensor type and its optimal
spatial distribution. The defined purposes are [289–291]:

(a) PR: Yearly calculation of performance ratio using GPO A .

(b) PLA, daily: Daily power loss analysis with GPO A .

(c) PLA, real: Power loss analysis in real-time (hourly) with GPO A .

(d) POA, for: Forecasting models using hourly GPO A .

(e) Hor, for: Forecasting models using hourly Ghor .

(f ) Sat: Connection with satellite data via GHI.

where Ghor is the horizontal irradiance considering horizon obstructions, that is the
irradiance measured by horizontally placed pyranometers. It is different from satel-
lite readings of GHI that are based on a free horizon.
When selecting multiple data usages, the user is prompted to rank them so the soft-
ware tool prioritizes purposes in case of conflicts.

2. PV farm location.

3. Location, tilt, and azimuth of modules, clustered into groups of equal inclination.

4. PV plant capacity.

5. Number of sensors, if known.

8.2.2. SKY VIEW FACTOR
After defining the inputs, the sky view factor (SVF) is computed, a parameter necessary to
estimate the incident irradiance. The SVF is defined as the portion of the sky visible from
the PV module. It ranges from 0 to 1 and is affected by the inclination of the module and al-
titude differences in the terrain or horizon obstructions. Digital Surface Model (DSM) data
is employed to consider these terrain differences. This data provides the height for equidis-
tant points across an area. The spatial resolution of the SVF map is therefore determined by
that of the DSM data. Linear interpolation can be employed to increase the spatial resolu-
tion and with it the number of possible sensor locations. The SVF is computed for the entire
PV plant area obtaining an SVF map.

The calculation of the SVF is based on the work of Keijzer [271] and further implemented
in the work of de Jong [303]. The sky hemisphere is divided into altitude bands and azimuth
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slices. The maximum obstructed altitude angle is determined for every azimuth slice. Only
DSM grid points at a distance lower than a certain radius of evaluation are considered.

The number of altitude bands is already optimized in [271] to be 90, but the azimuth
slices and radius of evaluation are optimized here by using data from the 3797 European
solar parks that are registered in the Global Power Plant Database (GPPD) [304] (see Fig-
ure 8.2a). Figure 8.2 shows part of the results of the optimization process as a trade-off
between accuracy and computational resources. 30m-resolution DSM data from Sentinel
Hub is employed in this analysis [305].

(a)

(b) (c)

Figure 8.2: Optimization of SVF parameters for a horizontal plane for the GPPD European PV farms. a) Location of
the GPPD solar farms in cyan and of the Baseline Surface Radiation Network (BSRN) meteorological stations in red
squares with the corresponding labels. b) Effect of increasing the azimuth slices. Each colored line corresponds to
a PV farm of the matching color as depicted on the map. c) Mean change in SVF for increasing radii of evaluation
compared to the SVF obtained with a radius of 250 m.

The incremental increase in SVF is plotted against the number of azimuth slices for all
locations in Figure 8.2b. The results in the figure are in line with what is expected: a higher
amount of azimuth slices leads to a more accurate and higher SVF. In this figure, one can
also observe how most existing solar plants are in areas without large local height differ-
ences since most PV plants have an SVF of 0.97 or higher, and the mean SVF is close to
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0.999. 1080 azimuth slices are selected as optimal, given that the SVF barely changes after
this point. This corresponds to an azimuth resolution of 0.3°.

Using this optimized value, the SVF was computed for varying radii of evaluation on
four planes with different tilts. Figure 8.2c illustrates the mean change in SVF compared to
the value at 250 m for the horizontal plane. As expected, the SVF reduces with increased
radius. A too-small radius overestimates the SVF due to the underestimation of horizon ob-
struction. The SVF decreases the most in the 500 m to 750 m range, as most PV plants have
few obstructions in their direct surroundings. At large radii, only large hills, mountains, or
high-rise buildings will significantly impact the SVF. Similar behaviors were observed for all
tilted planes and orientations. Based on this analysis, an optimum value of 2000 m was se-
lected. It should be noted that these results are obtained for the imported DSM data thus
they may not apply to data with different resolution.

8.2.3. IRRADIANCE MAPS

Once the SVF is available, the POA irradiance (GPO A) can be calculated. This represents
the irradiance received by the modules. Several inputs are required, including GHI, Dif-
fuse Horizontal Irradiance (DHI), Direct Normal Irradiance (DNI), the ground albedoα, the
PV module angles, and the solar angles. For definitions of these parameters, the reader is
referred to [261].

At every time step, the solar angles are calculated from the plant location [261]. The
albedo and the GHI are imported as explained in Subsection 8.3.3 and 8.3.2, but obtaining
DHI and DNI measurements is challenging due to the need for costly equipment. However,
decomposition models can be employed to calculate DHI from GHI. Subsequently, DNI can
be derived using the closure equation [306].

The decomposition step is typically the main source of uncertainty in GPO A evaluation
[307]. Therefore, insight into the best-performing decomposition models is valuable. De-
spite the several comparisons between decomposition models in Europe available in the
literature [279, 308–315], no model stands out.

Therefore, a comparison of the most common decomposition models is performed in
Appendix D. Among all the models tested, BRL proves to be the overall best performer,
exhibiting superior results in terms of normalized root mean squared error (nRMSE) and
an average bias. The bias exhibits a seasonal pattern consistent across all models, with
an overprediction of the diffuse component in autumn and an underprediction in spring.
This seasonal normalized mean bias error (nMBE) trend is mitigated in this work for the
BRL model through a Fourier-mediated adjustment, resulting in the BRL-MvK model, a BRL
tailored for European climates.

Once GHI, DHI, and DNI are obtained, GPO A can be computed. This irradiance com-
prises three components: diffuse, direct, and ground-reflected. Whereas the latter two are
calculated deterministically using equations 18.18, 18.20, and 18.22 from [261], the diffuse
component is determined by a diffuse transposition factor Rd [306]. Different sky diffuse
models exist for calculating this diffuse fraction. Comparison studies based in Europe [311,
316–325] show that the Perez model [302, 326] is superior most often.

The time-varying GPO A(t ) is calculated for each location of the plant over two years.
Since only two years are selected, the influence of solar cycles, which have an 11-year peri-
odicity, is not considered. Nevertheless, their impact on yearly incident irradiance is minor
and can be disregarded. Since the GPO A(t ) depends on the PV module angles, this process
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is performed for every PV group or plane. When horizontal sensors are to be placed, the
process is repeated considering a 0° tilt.

8.2.4. ERROR-BASED MINIMIZATION PROBLEM
Once the irradiance maps are ready, the pyranometers can be allocated. As mentioned in
the introduction, the objective is to find the most representative location. At that location,
the irradiance time series reflects the irradiance incident on the group of PV modules to
which the sensor is assigned. A representative time series can be defined as a series in which
the values are close to the reference time series at each instant. Since each module in the
group is subjected to a different irradiance profile and all modules have the same weight,
the reference time series is defined as the mean irradiance.

Using the time-dependent irradiance map, the reference irradiance Gr e f (t ) is constructed
by averaging the irradiance for each PV group at every instant. That value is then compared
to the calculated GPO A(t ) for every potential pyranometer location l in the PV plant area
l ∈ L. L is the number of possible locations in which a sensor can be placed. GPO A,l is the
POA irradiance at a location l . The location with the minimal error is chosen as the most
representative one. The error ϵp,l is calculated as the sum of the absolute differences for
every time instant, see Equation 8.1. p ∈ [h,d , y] as the error can be calculated on an hourly,
daily, or yearly basis. The time resolution of the error is determined by the monitoring pur-
pose, as the minimization problem is defined by the period t ∈ T over which no bias should
occur.

argmin
l∈L

(
ϵp,l

)= argmin
l∈L

(∑
t∈T

|GPO A,l (t )−Gr e f (t )|
)

(8.1)

Gr e f varies depending on the sensor orientation and PV plant distribution. The follow-
ing subsections explain the procedure for each possibility.

SINGLE GROUP

First, the objective is to place an in-plane pyranometer representative of a group of PV mod-
ules that reside in a single area with identical tilt and orientation (same plane). Assuming
equal distribution across the PV group, Gr e f is the average across all irradiance time series
within the PV group, Equation 8.2.

Gr e f (t ) = 1

L

L∑
l=1

GPO A,l (t ) (8.2)

MULTIPLE GROUPS, SAME PLANE

In this second case, all PV modules have identical tilt and orientation (same plane), but they
are not clustered, therefore belonging to multiple groups of modules. Gr e f is defined as the
average of the irradiance of each group weighted by the number of modules in each group.
Equation 8.3 expresses this weighted average, where Ng p are the number of groups in the
PV farm, Nn are the number of modules in each group n, and Ln is the number of locations
in which a sensor can be placed in group n.

Gr e f (t ) = 1∑Ng p

n=1 Nn ·∑Ng p

n=1 Ln

Ng p∑
n=1

Ln∑
l=1

GPO A,l (t ) ·Nn (8.3)
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Since the spatial resolution of the imported data may not coincide with the distance be-
tween PV modules, the possible sensor locations Ln need to be considered. The schematic
in Figure 8.3 can help understand this. A PV plant is represented by three groups of mod-
ules (Ng p = 3), all with the same orientation. Sensor locations are marked by colored dots:
red for group 1, orange for group 2, purple for group 3, and black for boundaries. Consid-
ering this, N1 = 9, N2 = 5, and N3 = 12, but L1 = 4, L2 = 3, and L3 = 8. In the software tool,
some of these boundaries would also be considered as pyranometer locations (as long as
they are within 10 m of a PV module) but they are discarded for ease of understanding in
this example.

Figure 8.3: Example of a PV farm sketch with 3 groups of PV modules and matrix of sensors’ locations to help
understand the calculation of Gr e f .

HORIZONTAL SENSORS

For the horizontal sensors, the following adaptations occur in the minimization procedure:

• The SVF grid covers the whole plant area.

• GPO A is replaced by Ghor for a forecasting sensor and GHI for a satellite connection
sensor. This distinction is because local differences should be included only for fore-
casting purposes.

• The hourly bias is always minimized.

MULTIPLE SENSORS

When multiple sensors within the same plane and group are to be placed, the minimization
procedure changes:

1. The grid points that are within the lowest 10% of the error map are identified.

2. Using k-means clustering [327], k clusters are formed, where k is equal to the number
of to-be-placed pyranometers.

3. The minimization is performed for each cluster.

If simply the k best locations are chosen, all locations will be next to or near the global
minimum and thus spatially very close. k-means clustering ensures that the pyranometer
locations are spatially spread.
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8.2.5. NUMBER OF SENSORS
If the user indicates no number of sensors, advice is generated by the software consider-
ing no (financial) limitations. The rules are that when at least one in-plane data usage is
chosen, a sensor is advised for every plane and an additional sensor per PV group. One sen-
sor is advised for each use of horizontal irradiance measurements. Figure 8.4 graphically
summarizes this decision process.

Figure 8.4: Flowchart illustrating how the advice for the number of horizontal and in-plane sensors follows from
the foreseen data collection purposes as input by the user. The trapezoids denote binary variables that indicate
whether a certain data purpose is entered by the user. The subscripts in the figure denote the six data-gathering
purposes.

The number of sensors advised by the software tool is from now on referred to as the
ideal number of sensors. The eventual distribution of the ideal number of sensors Ns when
all future purposes are chosen is:

• Ns,PO A,pl = Npl

• Ns,PO A,g p = Ng p

• Ns,h f or = 1

• Ns,sat = 1

where Npl stands for the number of planes in the PV plant (defined as the unique combi-
nations of tilt and orientation), Ns,h f or denotes the number of horizontal sensors for fore-
casting, and Ns,sat denotes the sensor for satellite connection.

When the user inputs a number of sensors that deviate from the ideal, the following
rules, implemented via nested if-else loops, ensure the optimal distribution:

1. When Ns = 1, and both in-plane and horizontal sensors are required based on the
data purposes, the in-plane sensor gets priority if Npl = 1. Otherwise, Ns,h f or = 1.

2. When Ns = 2, and more in-plane and horizontal sensors are required to accomplish
all intended data purposes, Ns,PO A = 1 and Ns,h f or = 1, as long as it does not violate
another rule.

3. When Ns > 2 and one or two horizontal sensors are to be placed: Ns,h f or > 0.

4. Distribution of in-plane sensors follows:

• Ns,PO A,pl = Npl or 0 (all planes or no planes have a sensor).
• Ns,PO A,g p = Ns,PO A −Ns,PO A,pl .
• In-plane group sensors are distributed based on the group size.

5. When conflicts occur, the user-input priorities determine how the pyranometers will
be placed.
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8.2.6. PERFORMANCE INDICATORS
Next to providing allocation advice, the software tool intends to show the benefits of its use
via performance indicators. The main used performance indicator is the prevented mea-
surement deviation (PMD) ∆ϵp (see Equation 8.4). It indicates the accuracy improvement
of the allocated sensor compared to the worst-case location, thus it can be interpreted as
the prevented error made. It can be defined for every time resolution, with p ∈ [y,d ,h].

∆ϵp = ϵp,lw −ϵp,lb
(8.4)

Where lw and lb are the worst-case and the advised sensor location, respectively. These
values are directly retrievable from the error map.

Another performance indicator is the relative PMD:

r P MDp = H ·∆ϵp

H ′ ·∑H
h=1 Gr e f (h)

·100% (8.5)

With H ′ = 8760 and H the number of hourly time steps employed, as the methodology is
commonly performed for two years of data.

8.3. DATABASES
This section presents the databases needed for the software tool. Subsection 8.3.1 justifies
the selection of the digital surface model data. Subsection 8.3.2 briefly presents the retrieval
of the GHI satellite data, and Subsection 8.3.3 explains the choice and preparation for the
time-dependent albedo data.

8.3.1. DIGITAL SURFACE MODEL
The digital surface model (DSM) data is used in this work to calculate the SVF. To access
DSM data in the entirety of Europe and to prevent bulk downloads of the height data, an
online tool is chosen that combines globally available DSM data: Sentinel Hub [305]. Sen-
tinel Hub is a big data satellite imagery service. Users can quickly and easily access satellite
data from complete archives using an application programming interface (API). The Sen-
tinel Hub service offers at least 30m resolution DSM data for Europe.

8.3.2. GLOBAL HORIZONTAL IRRADIANCE
Since the possibility of using an API and having a high resolution was a priority in this work,
the PV-GIS database was selected for importing historical measurements of GHI [328]. Us-
ing the BSRN ground-based measurements [329], the PV-GIS imported satellite-based mea-
surements are validated for the year 2016. The RMSE is in the range of 90 to 140 W/m2 for
all stations. The source of this inaccuracy likely arises from the cumulative error propaga-
tion throughout all the modeling steps. For this work, however, ensuring unbiased data is
more crucial than historical accuracy. The average absolute nMBE is only 3% and that is
considered good enough.

8.3.3. TIME-DEPENDENT ALBEDO
The effective ground albedoα fluctuates during the day due to the reflectivity of the ground
being dependent on the incident angle of radiation [330, 331], and throughout the year due
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to vegetation changes, snow coverage, and other factors [331, 332]. When albedometers are
unavailable, satellite data can be used to determine the ground albedo [333, 334]. Never-
theless, the spatial resolution of this data is too low to be used on a local scale. The available
albedo databases with a spatial resolution of up to 1 km sacrifice temporal resolution, but
their spatial resolution is still insufficient for local-scale applications [335].

Considering this, satellite data is used as a source of time-dependent ground albedo. A
resolution of one hour is needed, as the data will be combined with the hourly GHI. The
only database with hourly albedo in Europe is the NASA POWER database [336]. The spatial
resolution of these albedo measurements is only 1° × 1°, which is around 110 km × 110 km.
Although this is not a high spatial resolution, using a spatially inaccurate time-dependent
albedo is considered closer to reality than assuming a constant albedo.

Many stochastic climatic processes induce a high variability in the yearly albedo pat-
tern. Therefore, as recommended by the literature [337, 338], hourly albedo data from 2017
until 2021 are averaged to create one sample year of data.

8.4. RESULTS
The developed methodology was implemented in MATLAB in the form of a software tool.
The software is presented in Appendix E. Its application in two case studies is explored
in Subsection 8.4.1. A simplification of the current version of the software is explained in
Subsection 8.4.2.

8.4.1. CASE STUDIES

This section presents the use of the tool on two existing PV plants located in hilly terrain
as case studies. For each of them, the resulting pyranometer allocations are presented, to-
gether with all preliminary results that have led to an informed decision on the most repre-
sentative locations.

The 6 MWp solar park in Kolindros, Greece, is situated close to the mountain range
where the mountain Olympos is. As seen in Figure 8.5a, it is a solar park with only two
groups of PV modules, oriented south. The tilt is estimated to be 30° which is the optimal
tilt for south-oriented panels at that location [339].

(a) (b)

Figure 8.5: Satellite images of the solar park a) in Kolindros (Greece) and b) in Eisleben (Germany) used as case
studies. Images from [340].
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The Solar Park Krughütte is a 29.1 MWp plant in Eisleben, Germany. It consists of small
groups of PV modules south- and southeast-oriented, as seen in Figure 8.5b. The tilt is
estimated to be 33°, which is optimal for that location [339].

SOLAR PARK IN KOLINDROS

The tool starts by calculating the SVF for all grid points within the possible sensor alloca-
tion area. Since the SVF depends on the tilt and orientation, SVF maps are created for the
horizontal plane and the 30°-inclined and south-oriented plane. The results are shown in
Figure 8.6. The SVF for horizontal planes and tilted planes decreases towards the southern
part of the PV plant. This is a direct result of the local height differences in the PV plant,
as the altitude is relatively low in the south compared to the northwest corner. The tilted
SVF is lower than the horizontal one, as seen by the range of values of the color bars. For
horizontal planes, the SVF ranges between 0.98 and 0.995, while for tilted planes, it varies
from 0.895 to 0.93. The maximum difference in SVF across the PV plant for the tilted plane
is 0.035. Although a small number, it can lead to noticeable GPO A differences over the year.

(a) (b)

Figure 8.6: Surface plots of the SVF map for the horizontal (a) and in-plane (b) sensors of the Kolindros case study.
Please note that the gradient scales are tuned for each subfigure.
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Using the SVF maps, GPO A maps are determined with the imported GHI time series for
the years 2018-2019. For every grid point, the error is calculated. The error definition and
time resolution depend on the intended data usage, as explained in Subsection 8.2.4. Fig-
ure 8.7 displays the hourly error maps for horizontal sensors for forecasting and connection
with satellite purposes.

(a) (b)

Figure 8.7: Surface plots of the hourly error map for the horizontal sensors to be placed for a) forecasting purposes
and b) satellite connection purposes in the Kolindros case study. The red dashed line in (a) is included to help the
eye identifying the band of points with minimal error.

As seen in Figure 8.7a, the error for the sensor used for horizontal forecasting is minimal
at a band of grid points that crosses diagonally the PV plant (indicated by the red dashed
line in the figure). Thus, the most representative locations are clustered around this line.
Figure 8.7b shows the error map for sensors that will measure close to GHI. Therefore, the
optimal point is found at locations where the horizontal SVF is closest to unity.

Moving on now to the error map for in-plane sensors in Figure 8.8, the lowest error val-
ues are once again concentrated within a band that diagonally traverses the PV plant from
northwest to southeast. The group sensors are placed using error maps for all separate
groups, created using the reference irradiance of that group.

Figure 8.8: Surface plots of the daily error map for in-plane sensors in the Kolindros PV plant.

The software tool was tested for the Kolindros case without inputting a predetermined
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number of sensors. The data usage input by the user was prioritized as follows:

1. Daily power loss analysis

2. Forecasting using GPO A

3. Forecasting using Ghor

4. Connection to satellite data

The resulting monitoring infrastructure, therefore, needed in-plane sensors, a horizon-
tal sensor for measuring Ghor , and a horizontal sensor for measuring GHI. Three in-plane
sensors were advised because there are two groups and one plane in the PV plant. In con-
clusion: Ns = 5. The in-plane sensors were optimized using the yearly error since PR calcu-
lations have the highest priority amongst the GPO A uses. Figure 8.9 shows the sensors loca-
tions. These results align with the information on the error and SVF maps. For instance, the
horizontal satellite sensor is positioned where neighboring obstacles are minimal (highest
SVF) while the horizontal forecasting sensor is allocated in the middle of the farm, where
SVF is a good representative of the whole farm.

Figure 8.9: Allocation of five sensors as advised by the software tool for the Kolindros case study.

The hourly measurement deviations of the sensors (Equation 8.4) are 0.2 Wh/m2y for
the Ghor sensor, 3.2 Wh/m2y and 4.5e-4 Wh/m2y for the group sensors, and 0.1 Wh/m2y
for the plane sensor. This is a negligible measurement deviation which demonstrates the
efficacy of the allocation algorithm for these sensors. For the GHI sensor, the measurement
deviation is 1.1 kWh/m2y. This is higher than for the other sensors because the SVF at that
location is not exactly unity, leading to a deviation of GHI. This measurement deviation,
however, is still small compared to the annual incident irradiance of 3.2 MWh/m2y, which
is the irradiance measured by a hypothetical horizontal sensor placed on top of the PV farm
with no horizon obstacles. The average relative measurement deviation over all allocated
sensors is 0.8%. Although the measurement errors throughout the year are small, the in-
stantaneous relative measurement error can be up to three times larger. The largest errors
occur at hours with large DHI and low albedo.

When a predefined number of sensors lower than five was input, the same locations for
a part of the sensors in Figure 8.9 were found:

• Ns = 4: same results without the left group sensor (due to this group being the small-
est).
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• Ns = 3: same results without the group sensors.

• Ns = 2: in-plane sensor and forecasting sensor (based on priority).

• Ns = 1: only the in-plane sensor (based on priority).

For Ns > 5, the additional sensors are used as extra group sensors, distributed amongst
the two groups. The largest group always has an equal or larger number of sensors than
the smaller group. In Figure 8.10, Ns = 8 was used to observe the effect of the k-means
clustering. As expected, the group sensors are well distributed over the module area. The
fact that all minima in the error map are clustered around a line leads to all cluster minima,
and thus group sensors, are positioned around that line as well.

Figure 8.10: Map of the allocation of eight sensors for the Kolindros case study.

SOLAR PARK KRUGHÜTTE IN EISLEBEN

For the second case study, since there are two distinct PV module orientations, the SVF
maps for the southeast- and south-oriented planes are shown separately in Figure 8.11. The
SVF pattern results directly from the DSM. The western (left) part of the PV plant is on a hill,
up to 50m higher than the eastern part. This is reflected by a high SVF in the west and a low
SVF in the east. The maximum SVF differences seen within planes are 0.02, significantly
lower than at the Kolindros plant.

The resulting hourly error maps for horizontal sensors in the Eisleben plant are seen
in Figure 8.12. The maximum measurement deviation is 8 to 10 kWh/m2y, over two times
lower than in the Kolindros case. This results from the lower SVF difference.

The error maps for allocating the southeast- and south-oriented in-plane sensors at the
Solar Park Krughütte are shown in Figure 8.13. One can observe a high correlation with the
SVF maps shown in Figure 8.11.

The assumed user input for prioritized data purposes is:

1. Real-time fault detection

2. Forecasting using GPO A

3. Forecasting using Ghor

4. Connection to satellite data
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(a) (b)

Figure 8.11: Surface plots of the SVF map for the a) southeast-oriented and b) south-oriented planes of the solar
park Krughütte.

(a) (b)

Figure 8.12: Surface plots of the hourly error map for horizontal sensors to be placed for a) forecasting purposes
and b) satellite connection purposes in the Eisleben PV plant.

Due to these data purposes, the resulting monitoring infrastructure needed in-plane
sensors, a horizontal sensor for Ghor , and a horizontal sensor measuring GHI. Fourteen in-
plane sensors were advised since there are twelve groups and two planes in the PV plant.
Overall, Ns = 16. To have sixteen pyranometers in the PV plant might be unnecessary and
too expensive. Some groups can easily be combined into one larger group with only one
in-plane sensor. However, the software tool is currently only capable of using panel groups
as defined by the user. The in-plane sensors are optimized using the hourly error since the
real-time PLA has the highest priority amongst the GPO A uses.

In Figure 8.14, the advised sensor allocation in Eisleben is visualized. The horizontal
satellite sensor is at the maximum SVF location, the far west of the solar park. The horizon-
tal forecasting sensor is in the middle of the plant as expected from Figure 8.12b, and the
plane sensors are also in line with the error maps in Figure 8.13. Two group sensors appear
as one due to the close proximity of their group perimeters.

The average relative prevented measurement bias of in-plane sensors for this case study
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(a) (b)

Figure 8.13: Surface plots of the hourly error map for in-plane sensors of the a) southeast-oriented and b) south-
oriented planes in the Eisleben PV plant.

Figure 8.14: Allocation of sixteen sensors as advised by the software tool for the Eisleben case study.

is 0.3%. This is lower than the Kolindros case, as expected from the smaller local SVF differ-
ences in the Eisleben case.

After analyzing the two case studies, one can compare the results with the IEC 61724 rec-
ommendations. Considering the size of the PV farms, their guidelines suggest at least two
horizontal irradiance sensors and two in-plane ones. This recommendation is followed for
the farm in Kolindros, where the software suggests 5 sensors, but not for the Krughütte farm
where the software suggests 16 sensors. As already mentioned, 16 sensors may be unneces-
sary and financially unfeasible. However, having only 4 may be inaccurate considering that
two distinct orientations are present. That can lead to inaccuracies affecting the operations
of the PV farm.

8.4.2. SIMPLIFICATION

The sensor allocation was found to have a high dependency on the SVF map. The horizontal
satellite sensor is allocated at the point with the highest SVF, and the other sensors are all
allocated at the contour lines of the SVF.

It has been proven mathematically in Appendix F, by exploring the definition of the
terms involved, that the minimization problem of all the error functions reduces to Equa-
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tion 8.6. In the equation,

(

SV F is the average SVF weighted by the number of modules per
group. Thus when the measurement deviations are minimized over all the locations, the
difference between the SVF of locations and the weighed SVF is minimized. This equality
means that the software tool does not have to distinguish between the time resolution of the
errors when minimizing. This explains that all minimum errors are located along a contour
line with the value of the weighted average SVF on the map.

argmin
l∈L

(
ϵh,l

)= argmin
l∈L

(
ϵd ,l

)= argmin
l∈L

(
ϵy,l

)= min
l∈L

|∆SV Fl |

∆SV Fl = SV Fl −

(

SV F
(8.6)

Therefore, the whole allocation algorithm can be done based on solely the SVF maps.

For all planes and groups,

(

SV F can be calculated, and the location at which the SVF is clos-
est to this value is the most representative. Since the horizontal sensor used for connection
to satellite data is placed at the highest SVF, the SVF map is also sufficient here.

These simplifications are based on the assumptions that the GHI, DHI, and DNI time
series are location-independent, at least within the geographical scope of the installation.
Additionally, the found simplification is based on the assumption that the albedo is spatially
constant. This is valid for the current input possibilities of the software tool. Moreover, the
simplification is valid only when the angle of incidence amongst all modules is constant.
That is true because, in the current version of the software tool, all modules in a group are
bound to be equally tilted and oriented. When discontinuously tilted groups are included as
input options, the simplification no longer holds, and the GPO A and error maps should be
included again. Finally, the behind-the-horizon effect is neglected in the current algorithm.
This implies that the solar radiation when the sun is below the horizon is ignored, such as
during sunrise or sunset. If this is included in the software tool, an extra location-dependent
variable is added, making the simplification invalid.

8.5. DISCUSSION
The reported average relative prevented measurement bias for the two presented case stud-
ies is below 1%. This value is lower than the uncertainty of pyranometers, which can be 1.3
to 1.7% in economically relevant hours of the day [296, 341]. Therefore, one could ques-
tion the significance of this work. However, one also needs to consider that the accuracy of
the employed data, especially the DSM data, can underestimate the bias. If more accurate
terrain data was obtained, for instance from a scanning drone [233], the height differences
could be more precisely captured and the detailed shading profiles could be included in the
code. The former may also impact the variation in tilt due to the terrain of the modules,
assumed to be constant in the case studies. The latter could be used to distinguish between
the irradiance profiles of the modules located at the edges of the plant compared to those
at the center. All of these aspects would impact the prevented error.

The geographical scope of this work has been limited to Europe. However, most of the
methodology can be extended to other geographical regions by employing databases cov-
ering those regions. The only point that requires special attention is the choice of the irra-
diance decomposition model. Considering the importance of this step in the methodology,
an analysis similar to the one performed in Appendix D should be undertaken before ex-
tending the software tool to new regions.
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Related to this latter point, the accuracy of the newly presented BRL-MvK model should
be tested for other locations. It would be interesting to observe whether the seasonal varia-
tion of the bias reported in this work is present in regions outside of Europe.

Finally, the software tool should be upgraded to cover the increasingly common bifacial
and tracked PV systems. To achieve this, special attention should be given to the estimation
of the irradiance.

Out of the two, tracked PV systems may be the simplest to implement. The yearly energy
yield should be calculated considering the angles of the tracker instead of the irradiance on
a fixed plane. If the tracking mechanism is analytically implemented, this extension can be
relatively straightforward. More consideration is required for trackers that adjust the angles
in real-time to maximize the overall irradiance harvesting.

Bifacial systems may require an additional sensor to measure the rear irradiance, there-
fore a sensor facing the ground. The guidelines provided in the IEC 61724 [293] could be
used as a starting point when adding this feature to the tool. Additionally, an accurate mod-
eling of the albedo should be included, that is not only time-dependent but also location-
dependent. However, the lack of available albedo data may currently hinder this implemen-
tation. Efforts in the literature to estimate the albedo from satellite data may help overcome
this limitation [342]. If the albedo is finally made location-dependent throughout the farm,
the algorithm simplification presented in Subsection 8.4.2 would no longer hold.

8.6. CONCLUSIONS
In this work, an irradiance sensor allocation algorithm for Europe has been proposed and
implemented in the form of a software tool. The strategy consists of finding representative
sensor locations following IEC guidelines. Additionally, the software proposes the optimum
number of sensors in a PV farm based on the IEC guidelines and the purpose of data usage
and provides metrics to show the benefits of using the developed software. In the process
of the software tool creation, several steps were optimized. By employing data from existing
farms, the optimum parameters for the sky view factor calculations using digital surface el-
evation data are found to be a radius of 2 km and an azimuth resolution of 0.3°. Considering
the high bias of the irradiance decomposition models of the literature, a custom model has
been proposed which is based on the Perez model. The software was applied to two case
studies of existing PV farms in hilly terrain. Although the method has been currently devel-
oped for PV farms composed of monofacial fixed PV modules with similar orientation (i.e.
no East-West configuration), the methodology can be extended to bifacial and/or tracking
PV installations.
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INTRODUCTION TO FLOATING PV

The expansion of photovoltaic energy often requires land to be occupied, creating competi-
tion with other activities such as agriculture and residency. To address this challenge, solar
PV is increasingly expanding to alternative environments, such as water bodies. The elec-
trical performance of photovoltaic systems on water can differ from that on land due to the
distinct environmental conditions. This chapter investigates the impact of various factors on
the performance of a floating photovoltaic (FPV) system situated on a French quarry lake.
The study examines the effect of water level fluctuations, dust accumulation, and proximity
to water on module temperature during the winter months. The analysis revealed that water
fluctuations and dust accumulation had a minimal impact on the system’s power output over
the study period. Furthermore, contrary to some claims in the literature, no significant ther-
mal benefits were observed from the system’s proximity to water when comparing the module
temperatures of the FPV system to those of a land-based system. These findings suggest that,
for certain FPV systems, the aquatic environment may have little to no impact on power per-
formance, which could facilitate their broader adoption.

Parts of this chapter have been published in the Trust-PV reports S. Tonnel, M. Ikhennicheu, R. Le Failler, A. Alcañiz
and H. Ziar “Guidelines for design, procurement and O&M friendly concepts for floating PV” (2023) [343] and S.
Tonnel, F. Huntingford, M. Ikhennicheu, R. Le Failler, F. Gorintin, A. Alcañiz and H. Ziar “Demonstration of solution
and challenges on floating systems” (2024) [344].
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9.1. WHY PLACE PV MODULES ON WATER?
The previous chapters have mostly focused on predicting the power of residential-scale PV
systems. Placing PV systems on the ground is the most intuitive approach as the electricity
will be generated close to where it is consumed. However, these solar installations occupy a
large area creating competition for land between the photovoltaic market and other essen-
tial needs such as agriculture or accommodation [345].

In this scenario, PV technology may expand to a relatively new environment: water. The
application on water bodies has enormous potential [346]. If only 10% of all land-based
water reservoirs were covered by PV, they would generate electricity equivalent to almost
23% of all global electricity consumption from 2019 [347].

Beyond the strong reduction of land occupancy, systems located on the water have a
generally lower operating temperature due to the increased wind speed and the sea act-
ing as a heat sink [348]. Researchers from the Indian Institute of Technology reported that
an FPV module was on average 6°C cooler than a land-based one during a reported mea-
surement period of 17 months [349]. However, the cooling effect depends on the reference
system and the climate, and the effect is relatively minor in mild temperate countries like
the Netherlands [350].

Other benefits of FPV are the lack of obstacles and the low influence of the systems on
the radiation balance [351, 352]. The latter refers to the modification of the albedo by land-
based photovoltaic (LPV) systems, which influences the local temperature. The albedo is
the part of solar radiation reflected from the ground and depends on the environment’s re-
flectivity [261]. The water albedo of about 6% [353] is very similar to that of the PV modules,

Figure 9.1: Benefits and challenges of floating PV. Figure from [347].
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so a floating installation does not impact the albedo notably. However, this albedo value
fluctuates depending on the weather conditions, the surrounding geometry, the position of
the sun, the wavelength of light, wind speed, and turbidity [348, 354] increasing the model-
ing complexity.

Despite the benefits, several challenges restrain the growth of FPV. FPV systems are more
difficult to maintain given their higher inaccessibility [351]. Although water is available for
cleaning, it has to be actively employed to be effective. Moreover, the humid conditions that
the modules and balance of system components need to work under increase the degrada-
tion rate of the system [349, 351]. Additionally, the need for floats, anchoring, and mooring
increases the cost of inland FPV systems by around 4-8% compared to that of LPV ones
[355]. Fluctuations of the water surface may also negatively impact the performance and
stability of the systems [352].

Since this technology is still in its developmental stage, these challenges have yet to
be thoroughly addressed. This chapter aims to enhance the existing literature by exam-
ining three different aspects of an inland floating PV system situated on a lake in France,
as outlined in Section 9.2. The aspects explored are the impact of water level fluctuations
on the performance of the FPV system (Section 9.3), dust accumulation on the system (Sec-
tion 9.4), and module temperature, compared to a similar land-based PV system (Section 9.5).
Section 9.6 wraps up with the main chapter’s conclusions.

9.2. TEST SYSTEM DESCRIPTION
The test system examined in this chapter is an inland floating PV farm located on a quarry
lake in Peyssies, in the South of France. This lake has a small fetch, which limits wave gen-
eration, and is primarily surrounded by forests, with no large cities or industrial complexes
nearby.

The plant has an installed capacity of approximately 6 MW and is operated by Urbasolar.
It consists of polycrystalline silicon half-cell modules mounted on floaters. Commissioned
in June 2022, the facility was mechanically and electrically instrumented from early Febru-
ary 2024 to early April 2024, although this report focuses solely on the power production
aspect. Supporting the instrumentation data of the system, water temperature is obtained
via on-site measurements performed by CNRS for the Solake project [356].

9.3. WATER FLUCTUATIONS
In a floating PV system, waves can modify the inclination and orientation of the modules
deviating them from the installation angles [357]. The magnitude of the oscillations de-
pends not only on the height of the waves but also on the type of floating structure that the
modules are mounted on. Considering the typically limited movement in water basins, the
impact of these fluctuations is anticipated to be minimal, unlike what would be observed
in an offshore system. However, since this effect depends on the specific water basin, it is
worthwhile to examine the case under study.

To study the effect of water fluctuations on the performance of the floating PV sys-
tem, three inclinometers were placed aside from three different PV modules along the same
string. These sensors measure the pitchψ (rotation along the x-axis) and the rollφ (rotation
along the y-axis). The combination of the two determines the tilt θ and azimuth AM , which
are commonly used angles in the PV field. Equation 9.1 shows the relation between these
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angles.

tanψ= tanθ

cos AM
tanφ=− tanθ

sin AM
(9.1)

The plots in Figure 9.2a show the time series of the roll and the pitch for the three incli-
nometers for the whole period of study. The variation of the angles is not large. The daily
standard deviation of the angles is below 0.1° for all three sensors. The only visible variation
in the trends occurs on March 25th when the pitch of the first inclinometer drops by around
0.5° caused by the cleaning of the sensors (more about it in Section 9.4). Another insight
from this figure is the variance in installation angles among the three modules. This devi-
ation most likely occurred during the PV farm deployment and can cause a loss in power if
the modules are connected in series.

(a) (b)

Figure 9.2: Roll φ and pitch ψ for the three inclinometers (a) throughout the whole measurement period and (b)
for the windiest day together with the wind speed.

Even on the windiest day, the variation in angles is negligible, as seen in Figure 9.2b. The
deviation is maximum 2° for the pitch and 1.5° for the roll. Only the roll of the second sensor
seems to be slightly affected, but that is unlikely to be translated into any significant power
loss. Therefore, the conclusion is that the oscillations experienced by this FPV system do
not affect the performance.

The reason for such low oscillations is probably twofold. First, water oscillations in lakes
are generally created by either wind or an atmospheric pressure gradient [358]. That wind
needs to be persistent to result in gravity waves. Since in the lake under study the wind is
not persistent, most oscillations will be capillary waves. These are regular, small, uniformly
developed waves that appear as a ruffling of the surface and create minor oscillations [358].
Second, the FPV system impacts these oscillations. On the one hand, the waves need to
cause oscillations not only in the PV modules but also in the platform supporting them,
thereby increasing the force required to shake the modules. On the other hand, the wind’s
interaction with the water surface is significantly reduced, as a large portion of the lake is
covered by the modules.
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9.4. DUST ACCUMULATION
After analyzing the water fluctuations, this section aims to evaluate the dust accumulation
on the FPV modules and its impact on irradiance. Soiling is the second most significant fac-
tor affecting PV yield [359]. However, the impact of soiling depends strongly on the location
of the PV system, being it more impactful in arid regions. In the case of a floating PV system
in a Mediterranean climate, the suspended particle density will be low. However, in high
humidity conditions, cementation of soiling particles is intensified [359].

The literature suggests the higher the dust accumulated, the lower the irradiance re-
ceived by the module [360]. For instance, in Málaga, a Southern Spanish city, the mean of
the daily loss of irradiance due to dust was 4.4% [361]. For these types of studies, the gen-
eral approach is to compare the irradiance output of an uncleaned sensor to one that is
regularly cleaned [359, 361, 362]. However, that was not possible for the plant under study,
so the benchmark of a clean module was lacking. Two methodologies were considered to
overcome this issue. During them, extra care is needed to ensure that the difference in ir-
radiance is due to the accumulation of dust and not other phenomena since the impact of
dust on irradiance is expected to be small.

The first alternative was based on the fact that dust tends to collect at the base of the
PV installations [363]. Therefore, three reference cells were placed aside the same PV mod-
ule at different heights: on the top, the middle, and the bottom of the module. There were
however two problems with this methodology. The first one is that reference cells are indi-
vidual units. More dust accumulates on the bottom of the module than on the top because
dust glides down the module due to gravity. However, since the reference cells are separated
units, the dust of the top cell cannot glide to the bottom one.

The second problem was deviations in the installation angles of the reference cells,
which hindered their comparison. Although small and with no significant power loss, these
deviations add noise to the dust accumulation study as seen in the previous section. An
attempt was made to find the actual installation angles and overcome this issue but it was
unsuccessful.

The second alternative to estimate the effect of dust accumulation consisted of using
rain as a cleaning agent. Literature suggests that dust accumulates until it rains [363, 364].
Therefore, the irradiance received by the sensors after the rain would be higher than that
before it. This approach entails its difficulties as the cleaning power of rain depends not
only on its intensity but also on the accumulated dust [363]. Hence the first step consisted
of obtaining dust and precipitation data. The dust deposited hourly on a horizontal surface
at the location of study is obtained from MERRA2 [365]. Precipitation data is next gathered
from [366]. Rainfall is used to categorize the data into dry periods (no rain in the last 24
hours), light rain periods (0 to 10 mm of rain in the last 24 hours), and moderate rain peri-
ods (10 to 25 mm of rain in the last 24 hours) following [360]. Rain higher than 25 mm in
24 hours has not been registered in the period under study. The literature rarely provides
clear results on how much rain is needed to clean the sensors, hence both light and mod-
erate periods are considered for comparison. With these data, one can estimate the dust
accumulated over time since the last light or moderate rain period, as seen in Figure 9.3a.
This is a simplification since rain is not 100% efficient in cleaning the modules [363] and the
dust accumulated on a tilted surface is not the same as on a horizontal one [360]. However,
it can provide a fair estimate.

Once having estimated the dust accumulated on the sensors, one can compare the ir-
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radiance on days with different accumulated dust. Special care needs to be taken for this
comparison since the irradiance depends on the amount of clouds, the hour of the day,
and the day of the year. The reduction of irradiance by dust also depends on the irradiance
intensity and the angle of incidence [361]. To overcome this, only clear-sky days are con-
sidered. The time dependency of the measured irradiance can be removed by dividing it by
the clear-sky irradiance. Overall, the scatter plot in Figure 9.3b shows the ratio of incident
GPO A to clear-sky Gcs irradiances as a function of the dust accumulated considering the two
different rain periods for the seven clear-sky days of the measurement period.

(a) (b)

Figure 9.3: (a) Accumulated dust on a horizontal surface in the PV farm until light or moderate rain cleans it com-
pletely. (b) Ratio of incident irradiance to clear-sky irradiance as a function of dust accumulated until light or
moderate rain period.

The expected trend of Figure 9.3b should be the higher the dust, the lower the GPO A to
Gcs ratio. However, that is not visible. All values are within the same range independent of
the amount of dust. It is not possible either with this figure to assess whether moderate rain
cleans more than light. The problem with these inconclusive results may be that the data
is not enough or clear-sky irradiance is not a good control variable. Alternative irradiance
sources were considered but they all entailed issues. The irradiance from a nearby pyra-
nometer would also be subjected to dust. The error of irradiance obtained from satellite
images would add noise to the estimation. The physical distance to the controlled pyra-
nometer with periodic cleaning would also add noise.

This study was supported by a technical visit to the PV farm in which the three irradiance
sensors were cleaned. Figure 9.4a shows the sensors before being cleaned, while Figure 9.4b
shows them right after. No significant dust accumulation is observed in Figure 9.4a, which
is in line with the obtained results. However, higher dirtiness is visible at the bottom of the
PV module and of each reference cell. This shows the cementing phenomena discussed in
[363].

The clean sensors can be now a benchmark for the dust accumulation study. Therefore,
to assess whether the dust visible in the photographs affects the incident irradiance, the ir-
radiance incident on the clean sensor will be compared to that of an uncleaned one located
beside a nearby PV module. For distinction purposes, the uncleaned sensor is labeled sen-
sor B while the clean one is labeled sensor A. We will analyze the ratio of irradiance incident
on sensor A G A to that on sensor B GB during the week preceding and the week following
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(a) (b)

Figure 9.4: Reference cells before (a) and after (b) being cleaned by the plant operator.

the cleaning event. Figure 9.5 plots the results.

Figure 9.5: Irradiance difference between the middle and bottom sensors as a function of the irradiance incident
on the middle sensor for the days before and after the sensors were cleaned.

The irradiance incident on sensor A is expected to be higher than that on sensor B after
the cleaning event. Therefore, the ratio of irradiances should be higher after the cleaning
event than before it. However, the daily boxplots do not show this trend. The median irra-
diance ratio is constant throughout the days. This indicates that dust for this plant has no
apparent effect in the duration of observation, which is in line with the inconclusive results
obtained previously.
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9.5. MODULE TEMPERATURE
The operating temperature of FPV systems is one of the aspects more studied by researchers
due to their potential benefits. Higher wind speeds and the effect of water as a heat sink in
the summer months reduce the module temperature of floating systems. In mild temper-
ate climates like the Netherlands, the irradiance-weighted temperature difference of float-
ing PV is around 3.2°C [350]. However, this value depends on the climate, and the same
researchers reported that in Singapore this difference is generally 14.5°C lower than similar
modules mounted on rooftops. This can lead to an increase in the energy yield of 11% [367]
or 20% [368] for inland FPV systems, and of 18% for offshore ones [357] compared to LPV
systems. On the same line, Liu et al. reported that FPV systems in Singapore achieved a 5 to
10% higher PR (Performance Ratio) in 2018 than rooftop ones [348].

However, achieving the previously claimed increases in electricity production has not
been consistently observed. Oliveira-Pinto and Stokkermans highlighted that the actual
increase in production falls within the range of 0.31% to 2.59% [369]. The authors attribute
this discrepancy to the lack of a comprehensive simulation tool, particularly in terms of
addressing thermal modeling, which makes it challenging to estimate the exact electricity
output accurately.

Thus, while the cooling effect of water on solar cells in FPV systems does enhance per-
formance, the precise extent of the increase in electricity generation remains a topic of on-
going research and debate, with various factors such as location, environmental conditions,
and modeling tools influencing the observed outcomes [357, 368, 369]. This section intends
to contribute to this discussion by comparing the module temperature of the FPV system
under study with that of a nearby LPV system. However, before performing that compari-
son, the data is analyzed in search for trends.

The initial analysis examines the correlation between module temperature and relevant
weather variables. As opposed to what is generally expected [261], the wind speed showed
a low yet positive correlation with module temperature (0.02 during daylight and 0.36 at
night). The wind speed was very low in the studied period, which could explain its limited
effect. Additionally, when an influence was observed during the night, it was not of cooling
the modules but of warming them, as the air temperature was generally higher than the
module one.

Water temperature also showed a low correlation with module temperature (0.23 during
the day and 0.56 at night). Since the PV modules were mounted at an angle on top of the
floaters instead of in direct contact with the fluid, the cooling effect of water was limited.
Therefore, although the effect of water temperature was probably positive, it was also highly
limited. When compared with the incident irradiance, the module temperature increases
at almost the same rate, but then it decreases more slowly. This results from the thermal
inertia of the modules. This inertia is also observed when a cloud causes a sudden drop in
irradiance which is smoothed out in the module temperature.

Several models have been proposed to estimate the module temperature of FPV sys-
tems. The review by Micheli provides a good overview of them [370]. In the following, the
accuracy of some of these temperature models for LPV systems will be computed for the
case at hand. The considered models are: Fluid-dynamics (FD) [236], Duffie-Beckman (DB)
[371], Faiman (Fai) [235], Tina et al.-derived Faiman for FPV (Fai-Tin) [372], Kjeldstad et al.-
derived Faiman for FPV (Fai-Kje) [373], Liu et al.-derived Faiman for FPV (Fai-Liu) [348],
Dörenkämper et al.-derived Faiman for FPV (Fai-Dor) [350], Sandia (San) [374], Charles
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(a) (b)

Figure 9.6: (a) Root Mean Squared Error (RMSE) of all the tested temperature models. (b) Performance comparison
of the models with the lowest RMSE.

Lawrence Kamuyu et al. first empirical equation (Kam1) [375], and Charles Lawrence Ka-
muyu et al. second empirical equation (Kam2) [375]. Figure 9.6a shows the Root Mean
Squared Error (RMSE) of each temperature model for two months. The performance of
the five models with the lowest error is shown in Figure 9.6b.

Most models perform equally except for the two models proposed by Charles Lawrence
Kamuyu et al., the fluid-dynamics model, and Sandia’s model. The models proposed by
Charles Lawrence Kamuyu et al. were empirically found to match the module temperature
of a Korean system. Such tailored models are usually hard to generalize. The difference
between the first and the second proposed model is the inclusion of water temperature in
the second one. As the authors experienced, including that variable negatively impacted
the temperature estimation. In our case, it resulted in a significant RMSE increase from 3.8
to 165.0°C. The fluid-dynamics model can be highly accurate, however it is also complex,
which complicates its usage. Its low accuracy (RMSE of 4.8°C) most likely stems from errors
in the estimation of its parameters. Finally, the comparatively high RMSE of 3.4°C in the
Sandia model could be because that model is derived for LPV systems. However, the Duffie-
Beckman and Faiman models are also intended for LPV systems but they achieve a similar
error compared to the adapted models. In fact, the Liu et al.-derived Faiman model for FPV
systems performs around 0.1°C worse than the original model aimed at LPV systems.

The reason why some of the adapted models perform better than others could lie in
the similarity between the FPV system under study and the system for which the model was
adapted. However, that does not seem to be always the case. For instance, one would expect
that the Kjeldstad et al.-derived Faiman model would perform badly since its parameters are
obtained for a system on a floating membrane. However, it performs very similarly to the
best model. On the other hand, the FPV system studied by Liu et al. matches more closely
the case at hand, but its performance is worse. It is also interesting how all the adapted
Faiman models perform similarly (in the range of 2.98 to 3.13°C), while the difference in
error between the original and adapted Sandia models is 0.37°C.

In Figure 9.6b, one can observe that all the models perform very similarly hence they are
not able to grab the thermal dynamics of the system. Due to the thermal inertia observed
in this system, none of the literature models are satisfactory when predicting the module
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temperature. They do not properly represent the dynamics of the problem at hand, which
is something already defended in the literature, still under discussion, and with many re-
searchers devoting time to the topic.

Finally, the temperature of the FPV system was compared to that of an LPV system.
Firstly, the mean and standard deviation were explored. Looking at all the values, the av-
erage temperature of the FPV system is 8.4°C, while that of the LPV one is slightly higher,
8.5°C. The standard deviation is also higher for the LPV system (7.7 and 7.0°C). When look-
ing separately at day and night, the difference in average temperatures is higher. While the
FPV system is at 13.1°C, the LPV one is 0.3°C higher. However, at night, the FPV system is
slightly warmer (4.8°C) than the LPV one (4.7°C). Water is likely acting as a heat sink, which
cools the modules during the day and warms them at night. The lower standard deviation
can also be explained by this phenomenon. However, that effect is on average highly limited
and not likely to have a significant impact on the performance.

Moreover, when comparing the module temperatures over time, the FPV system is not
consistently cooler than the LPV one. A random day is presented in Figure 9.7 to show this
trend, but it was present in more days of the dataset. This is in line with previous findings
[351].

Figure 9.7: Module temperature of the FPV and LPV systems for one random day with relevant weather parameters:
ambient temperature, wind speed, and incident irradiance.

The main reason for the similar temperature in both systems stems from their compara-
ble heat transfer balance with the environment. When modules lie horizontally on a floater,
which is in thermal contact with water, a conductive heat transfer mechanism occurs be-
tween the water and the back of the module. When the modules are at an angle on top
of a floater, the only thermal contact with water occurs through the contact points of the
mounting structure. That area is relatively small and its contribution is neglected even in
detailed thermal models [261]. Therefore, the heat transfer mechanisms in the tilted FPV
system under study do not differ considerably from those of a tilted LPV system as long as
they experience a similar wind profile that drives the convection cooling.
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9.6. CONCLUSIONS
This chapter introduced the topic of floating photovoltaics by examining three key factors
influencing the performance of a floating PV system in a quarry lake. Our analysis revealed
a limited impact of water level fluctuations and dust accumulation on power production
for the system during the study period. Moreover, the thermal benefits often attributed
to floating PV systems due to their proximity to water were not observed when compar-
ing the module temperatures of the floating system with those of an inland system. While
more definitive results could likely be achieved with a longer study period during warmer
months, this was beyond the scope of our current research. In the following chapters, the
focus shifts to offshore floating systems, where we will explore similar phenomena in a more
challenging maritime environment.





10
EFFECT OF SEA WAVES ON THE YIELD

OF OFPV SYSTEMS

The previous chapter examined the challenges of placing PV modules on water and analyzed
some of them for a floating system in a quarry lake. This chapter shifts to a harsher environ-
ment by evaluating the power output of an offshore FPV system in the North Sea. A validated
3D mechanical movement model is developed to analyze the impact of waves of performance
and how floater dimensions affect fluctuation size. The study finds that a heavy, wide floater
aligned with prevailing winds reduces angle variations. DC power simulations show that sea
fluctuations slightly reduce PV power production by 0.1% annually. However, an optimally-
tilted water-based system could still generate 14.6% more DC power than the floating one.
On the AC side, laboratory tests reveal that rough sea conditions decrease inverter efficiency
by over 2 percentage points compared to a still system.

This chapter has been adapted from the publication A. Alcañiz, N. Monaco, O. Isabella, H. Ziar, “Offshore floating
PV–DC and AC yield analysis considering wave effects” Energy Conversion and Management, 300 117897 (2024)
[376].
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10.1. INTRODUCTION
The previous chapter examined various factors influencing the performance of an FPV sys-
tem on a quarry lake. However, the sea offers a significantly larger area for renewable energy
installations. Offshore floating PV (OFPV) has an immense potential, with the capacity to
cover the energy needs of over 11 billion people if only the most favorable locations are
employed [346]. In contrast to the well-established offshore wind technology [377], OFPV
remains an emerging technology, with the first pilot OFPV farm deployed in 2019 [378]. This
slow development is because freshwater installations cannot simply be transferred to ma-
rine environments [379].

Offshore FPV (OFPV) has additional drawbacks compared to FPV, such as the effect of
sea salt on the corrosion rate of the elements in the PV system, the difficulty of maintenance,
the limited mechanical stability, and the fluctuating PV power [362, 380–383].

An accurate yield prediction of OFPV systems is needed to assess the economical feasi-
bility of the floating projects and investigate the technical aspects of these systems. One can
find in the literature several works focusing on thermal predictions [370, 373, 384, 385], but
the literature on yield modeling does not seem that extensive. Table 10.1 shows the most
recent studies in which the yield performance of a floating system has been modeled. The
approach developed in this work has also been included for comparison purposes.

Table 10.1: Previous works that estimate the yield produced by floating PV systems.

Study Water body Waves model Optoelectrical model

Goswami, 2019 [386] Dam None PVSyst [257]
Suh, 2019 [387] Dam None SAM [250]
Golroodbari, 2020 [357] Sea 2D linear

wave theory
Physics-based
equations

Sukarso, 2020 [388] Lake None SAM
Tina, 2021 [372] Artificial basin None PVSyst, SAM
Ziar, 2021 [238] Pond None In-house software [232]
Ghigo, 2022 [389] Sea WEC-Sim [390] Fixed efficiency
Kumar, 2022 [391] Reservoir None PVSyst, SAM,

HelioScope [256]
Ravichandran, 2022 [392] Sea and lake None HelioScope
Rahaman, 2023 [384] Lake None Physics-based

equations
This work Sea 3D linear

wave theory
In-house software [232]

The studies in the literature that compared the performance of land-based and FPV sys-
tems report a higher energy yield of FPV systems. Choi compared the normalized perfor-
mance of a 100 kW FPV system with a nearby 1 MW land-based PV system in South Korea
[393]. Assuming that the irradiation and ambient temperature were the same in both loca-
tions, their results showed an 11% higher average efficiency of the FPV system. Similarly,
the study performed in Singapore reported that the FPV system had a performance ratio of
FPV around 10% above that of the rooftop system [348].

Most literature focuses on land-based water reservoirs in which the effect of waves is
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negligible due to their low height. Other researchers have explored the dynamic response
and robustness of OFPV platforms due to wind and waves but have not studied how that
movement affects the energy yield of the systems [394–397]. The only exception is the work
performed by Golroodbari and Sark [357]. They modeled the performance of a PV system on
land and at sea considering the effect of sea waves, wind speed, and relative humidity. They
reported an almost 13% increase in the relative annual average output DC yield of offshore
systems compared to land-based ones. Although a good starting point, several aspects can
be put forward in their modeling approach and have been applied in this work. For in-
stance, Golroodbari and Sark considered only one axis of rotation for the offshore floating
PV, which may underestimate the effect of wave movement. In this work, the rotation of the
floating structure is modeled along two axes. Moreover, the developed mechanical model
has been validated with data from a real OFPV system. These two aspects allowed the cre-
ation of guidelines for optimal floater dimensions that minimize angle fluctuations.

In Table 10.1, one can also observe that most of the electrical modeling has been con-
ducted using commercial software tools. In this work, we employ a highly accurate in-house
developed toolbox presented in Chapter 7 that has already been applied to floating systems
[238]. This does not allow, as often done in the literature, to easily adapt the simple ther-
mal models for the floating case [370]. However, the fluid dynamics-based thermal model
employed in this work tends to outperform simpler thermal models [232].

Finally, it was not possible to find in the literature any study regarding the losses in
DC/AC conversion due to the fluctuating power produced by PV modules.

Overall, this work pursues the quantification of the power output of an offshore floating
PV system considering the effect of waves on the tilt and azimuth of the modules. The wave
movement will be modeled to estimate the interaction between water and the system. A
mechanical model is developed and validated with real data to obtain the inclination of the
system along the two axes. These inclinations will be input into a simulation framework to
estimate the DC yield, comparing several cases. Moreover, this work aims to experimentally
investigate the conversion losses due to this fluctuating DC output. Therefore, laboratory
experiments will be performed to study the effect of waves on inverter efficiency. Overall
the contributions of this work are as follows:

• 3D mechanical model of sea waves which results in two axes of rotation for the float-
ing body

• Validation of the developed mechanical model using data from an OFPV system

• Development of guidelines for the optimal dimensions of a floater that decrease the
angle fluctuations

• Accurate optoelectrical model using an in-house developed toolbox

• Estimation of inverter conversion losses via hardware-in-the-loop laboratory experi-
ments

This work is organized as follows. Section 10.2 explains the methodology followed through
the document. Section 10.3 determines the inputs chosen in this study. The results will be
presented and discussed in Section 10.4, before concluding in Section 10.5.
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10.2. METHODOLOGY
Figure 10.1 provides an overview of the methodology followed in this work. The blocks have
been colored according to the subsection to which they belong. Therefore, the first three
blocks correspond to the waves model (Subsection 10.2.1), orange blocks to the mechan-
ical one (Subsection 10.2.2), the green blocks deal with the DC yield estimation (Subsec-
tion 10.2.3), and the last two blocks deal with the AC conversion (Subsection 10.2.4).

Figure 10.1: Flowchart of the simulation process conducted in this work. Each color represents a different subsec-
tion.

10.2.1. WAVES MODEL
The first step of this model consisted of deciding the type of waves to simulate. Depend-
ing on the originating mechanisms and characteristics, one can identify several wave types
[398]1. The criterion used for selection was the impact of fluctuations on the floating body.
The oscillation level of a floating body is linked to the wavelength of the oscillations. There-
fore, only waves with wavelengths of the same order of magnitude as the dimension of the
floating body will cause a significant disturbance [399]. Amongst all options, gravity waves
were selected for the modeling. Gravity waves are generated by winds that have been con-
sistently blowing over a substantial distance [398]. They have high specific energy content
[400], which facilitates wave energy modeling. Moreover, they have wavelengths between
1.5 and 900 meters, which are of the same order of magnitude as the floaters in OFPV sys-
tems.

Once the type of wave is selected, its elevation and energy content need to be computed
to model the interaction with the OFPV system. The interaction of sea undulations and
floating bodies is highly challenging and non-linear. However, this problem can be simpli-
fied through the linear water wave theory, whose assumptions are as follows [399]:

• The floating body is smaller than the wavelength. Large floating structures reflect and
scatter waves. Nonetheless, if the wavelength is longer than the object dimensions,
the wavefield is only slightly modified and wave diffraction is negligible. The object is
then passively driven by the oscillations, and its presence does not notably affect the
waves.

• Water is incompressible.

1Capillary waves, infragravity waves, gravity waves, long-period waves, and tidal waves.
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• Viscosity is negligible, so there is no energy loss due to water’s resistance to move-
ment.

• Coriolis force is ignored.

• The floater is at a location where deep water conditions apply.

Using the linear water wave theory, the ocean surface can be relatively simply described,
while considering that the sea surface is composed of random waves of various lengths and
periods. To factor in this randomness, a sea spectrum is employed to describe waves with
different heights, durations, and shapes with limited predictability [401].

The idea of a spectrum is based on Fourier’s theory that any function can be represented
as the sum of an infinite series of sine and cosine functions with harmonic wave frequen-
cies [402]. Several spectra have been suggested to represent the ocean surface, which can
depend on the location. Therefore, the location of the OFPV system needs to be set. No
recommended practice was found in the literature on the suitable location for an offshore
floating farm. Hence, the first offshore pilot PV farm in the world was taken as a reference,
which is placed on the North Sea [378]. Considering this location, the Joint North Sea Wave
Observation Project (JONSWAP) spectrum was employed to model the ocean surface [403].

The system of equations explained in [404] was implemented to obtain the spectra as
a function of wind speed. Figure 10.2 shows the curves obtained at this step as a function
of wind speed with a unique direction. The intensity of the peaks decreases with the wind
speed, following a hyperbolic behaviour, typical of these spectra.

Figure 10.2: JONSWAP spectra for different wind speeds.

From the spectra, one can obtain the surface elevation. Recalling Fourier, the sea sur-
face is the superposition of waves of different wavelengths and amplitudes at certain times.
However, this model is developed for infinite values, which need to be discretized in order
to implement it numerically. Therefore, the approach by Tucker et al. is employed, in which
the amplitude components are random variables [405], as seen in Equation 10.1 [406].

η(x, t ) =
N /2∑
n=1

(an ·cos(kn · x −ωn · t )+bn · sin(kn · x −ωn · t ))

an = r nan ·σS

bn = r nbn ·σS

(10.1)
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Here, η(x, t ) is the surface elevation [m] at point x and time t , ωn is the angular fre-
quency [Hz] of wave n, related to the wave number kn [m−1] through the dispersion relation
for deep water conditions, Equation 10.2.

ω2
n = g ·kn (10.2)

Where g is the acceleration of gravity equal to 9.81 m/s2. an and bn represent the Fourier
amplitudes [m]. They are equal to the product between normally distributed random vari-
ables with zero mean r nan and r nbn , and the standard deviation of the spectrum σS . N
represents the discretization of the integral and is the number of angular frequencies con-
sidered, 800 in this work, from 0.01 to 8 Hz with a 0.01 Hz step.

For a more structured analysis, a sea state classification based on the surface elevation
is employed. This allows to explore the effect that different sea states have on the system
yield and to quantify this influence over the year. The sea will be classified based on the
Douglas scale for the sea state [407]. The original scale employs 10 categories. However,
this classification was too itemized for this research, so only three categories are included:
calm, moderate, and rough. Ranges are displayed in Table 10.2. The considered height is
the significant wave height, an often used statistical wave measure which is the average of
the highest one-third of all the waves present in an area of the sea surface [408].

Table 10.2: Sea state scale adopted in this study.

Sea State Scale Height [m] Description

1 0 - 1.25 Calm
2 1.25 - 2.5 Moderate
3 > 2.5 Rough

10.2.2. MECHANICAL MODEL
This subsection aims to describe the model that explains the interaction between the float-
ing solar plant and the sea waves. For this purpose, the simplified Froude-Krylov theory will
be applied. The theory estimates the force that waves exert on a structure by determining
pressure variations around it [409]. This approach was originally developed for submerged
cylinders but can be adapted for the case of a floating cuboid.

The application of the simplified form of this theory requires a few assumptions:

• The wave field is not affected by the floating structure.

• The floating body is considered rigid. This allows the implementation of an analytical
approach, without the use of specific software packages.

• Movements on the plane parallel to the sea surface are neglected. Generally, water
only moves vertically and very slightly in the direction of the wave motion [410]. It is
assumed that the anchoring system reduces completely motions on the plane parallel
to the sea surface as well as any rotations around the z-axis.

• The floating body is located at a height z = 0 relative to the seawater level.

As previously mentioned, the Froude-Krylov approach employs the wave pressure. The
pressure p [Pa] under a progressive wave can be calculated as shown in Equation 10.3. In
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this equation, the first term refers to the dynamic pressure while the second one represents
the static one.

p(x, z, t ) =−ρ ∂φ
∂t

−ρ · g · z (10.3)

Where ρ is the seawater density of 1029 kg/m3 and φ is the velocity potential function
[m2/s], which is related to the surface elevation via Equation 10.4.

η(x, t ) =− 1

g

∂φ

∂t

∣∣∣
z=0

(10.4)

Knowing the surface elevation and making use of the assumption that the floating body
is located at a height z=0 m, the pressure acting on a floating body can be simplified as in
Equation 10.5.

p(x, y, z = 0, t ) = ρ · g ·η (10.5)

The force F [N] acting on the floater can be obtained by integrating this dynamic pres-
sure over the area that this pressure acts on, the cuboid area (Equation 10.6). The integra-
tion range of the x-axis in the equation determines the location of the angle of rotation of
the floater.

F =
∫

p d A =
∫ w/2

−w/2

∫ l

0
p d y d x (10.6)

Where w and l are the width of the cuboid in the x- and y-axis, respectively (see Fig-
ure 10.3). The upward force will be different at each location because of its dependency on
the sea surface elevation. Therefore, when calculating the torque τ of this force [N·m], this
has to be considered as in Equation 10.7.

Figure 10.3: Schematic of the floating body indicating the dimensions and the axes of rotation. Figure inspired by
[357].

τ= F · x =
∫ w/2

−w/2

∫ l

0
p · x d y d x (10.7)

Lastly, the rotational angle of the floater θ [rad] can be obtained by using the relation
between the torque, the moment of inertia [kg·m2], and the angular accelerationα [rad/s2],
written in Equation 10.8.

τ= I ·α= I · ∂ωθ
∂t

= I · ∂
2θ

∂t 2 (10.8)

When solving Equation 10.8, a constant term would appear because of the indefinite
integral. This term represents the value of the inclination angle at the time of the simulation.
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This initial inclination angle has been assumed to be 0° in the simulations since there is no
information regarding its initial value. Although this can result in a slight deviation in the
inclination angle, it has no statistical effect and therefore, it does not hinder the analysis.

This methodology has been developed for a single axis. However, since gravity waves
follow the wind direction, which changes over time, waves hit the floater from all directions.
To consider this fact, the wind is decomposed according to the North-South (NS) and East-
West (EW) directions, so they are aligned with the axes of the floating body. The operations
explained in the previous subsection as well as in this one are repeated for the two compo-
nents so that two independent spectra are generated, from which two independent surface
elevations, ηN S and ηEW , are derived and eventually two rotational angles are obtained, the
roll φ whose rotation axis is the x-one, and the pitch ψ rotating around the y-axis. These
follow common naming conventions from the literature on floating structures.

The moments of inertia around both axes are to be calculated. The moments of inertia
around the x- and y-axes passing through the center of the cuboid shown in Figure 10.3 are
written in Equation 10.9 [411].

Ix = 1

12
m(l 2 +d 2)

Iy = 1

12
m(w2 +d 2)

(10.9)

Where m is the total mass [kg] and w , l , and d are the floating body dimensions [m] as
illustrated in Figure 10.3. In this schematic, the names of the rotational angles along each
axis are also included.

FAILED MODELS

The mechanical model just explained reached its final form after several discussions. This
section intends to explain the methods that were considered and even implemented but
were in the end rejected since they were not suited approximations.

Instead of using the pressure variations, the initial methodology relied on the wave en-
ergy to obtain the inertia and angle of rotation of the system. First, the energy of the wave
was computed at every instant of time [412]. Then it was assumed that this energy was
transferred to the floating object through the moment of inertia. In this transfer, the floater
would undergo a rotation from which the angle of rotation of the floater θ could have been
obtained. The main problem with this approach was the assumption that all the energy
was absorbed by the floater. That would be equivalent to having a vertical floater not al-
lowing waves behind the floater, similar to a cliff whose height would be equal to the sea
water level. This resulted in strong overestimations as the model did not properly represent
a floating element. The inclusion of an attenuation factor to decrease the overestimation
proved to be unsuccessful.

Another tested solution to decrease the overestimation consisted of considering the dif-
ferential of energy across the floater. The intention was to evaluate the energy that the
floater opposes due to the movement of the waves. However, the results were still un-
successful. Including the “added mass effect”, a method known to increase the stability
of fluid-structure interaction numerical simulations [413], was also considered but never
implemented.

An alternative to using the wave energy was to solve the geometrical problem. The
floater would be modeled as a rectangle located on top of the wave crest. By looking at
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the difference in elevation between the extremes of the floater, the rotation angle was ob-
tained. The main issue with this model is the lack of interaction between the floater and
the water. In fact, no floater characteristics were considered in this approach hence it was
discarded.

10.2.3. ELECTRICAL MODEL

This section models the waves’ impact on the DC yield produced by an OFPV system. For
this purpose, several scenarios are simulated. Apart from the OFPV oscillating scenario,
two offshore systems are simulated with a fixed tilt at 0° and 34°. The former corresponds
to the installation tilt of most offshore solar farms while the latter is the optimal tilt angle
that maximizes the energy incident over a year at the North Sea [414]. A fourth scenario is
considered inland instead of offshore with an optimal tilt as well.

The simulation framework used to reproduce the different scenarios is the PVMD Tool-
box, explained in Chapter 7. Given its high accuracy, the simulation framework is com-
putationally intensive. The computational time needed to replicate the DC output of the
modules with a 1-second resolution is 4-12 hours/simulated day, depending on the num-
ber of sunshine hours. One day per sea state per month is considered to reduce computa-
tional time. The performance for the overall month is obtained by multiplying the yield of
each simulated day by the number of days with the same sea agitation state in that specific
month.

Until now, the implemented methodology provides the roll and pitch inclination angles
and assumes a constant azimuth towards the South. However, the simulation framework
requires as input the tilt and azimuth at every time step. Therefore, a change of coordinates
is needed to go from roll φ and pitch ψ to tilt α and azimuth AM . This was done based on
the generic case of panels mounted on an inclined roof [261]. The rotation that needs to be
performed is expressed in Equation 10.10.

tan AM = sinψ

tanφ

cosα= cosψ ·cosφ
(10.10)

Finally, the angles were discretized to optimize the computational time by creating bins
of 2° for the tilt and 5° for the azimuth.

10.2.4. AC CONVERSION

This subsection explains the tests performed on a commercial string inverter connected to
an in-lab-emulated OFPV system. The objective is to explore wave movement’s effect on
the inverter efficiency.

The input for these experiments is the current-voltage (IV) curves generated by the
PVMD toolbox with a 1-second resolution, represented by the Maximum Power Point (MPP)
coordinates PDC , VDC and IDC . Voltage drop by cables’ losses is neglected.

These curves are input to a Chroma 62100H solar array IV simulator. The device can
monitor output parameters (Poper ati ng , Voper ati ng , and Ioper ati ng ), thus allowing a dynamic
study of the Maximum Power Point Tracking (MPPT) algorithm. The emulator is capable of
loading up to 100 different I-V curves. Therefore, at each round of the experiment, a maxi-
mum of 100 consecutive I-V curves were fed to an inverter.
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The inverter considered in this work is an SMA Inverter Sunny Boy 2.5 [415], a single-
phase string inverter. Output rated power is 2.5 kVA.

A Tektronix TBS2000B Digital Oscilloscope was operated to observe and study the out-
put signals from the inverter. Figure 10.4 shows a stamp of this oscilloscope during opera-
tion. A differential and a current probe were used to monitor voltage and current, respec-
tively. A Digilent Analog Discovery 2 data logger was used for the data extraction of P AC ,
VAC and I AC . Figure 10.5 shows a picture of the setup during operation.

Figure 10.4: Stamp of the oscilloscope during operation.

Figure 10.5: Photo of the setup in operation in the laboratory.

With this setup, the inverter efficiencies can be explored. The MPPT efficiency ηMPPT is
the ratio of the energy after the MPP tracker to the energy generated by the PV modules. The
conversion efficiency ηconv is the ratio of the AC energy output to the DC energy input. The
product of these two numbers is the inverter’s total efficiency ηtot . Equation 10.11 displays
the expression for these efficiencies.
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ηmppt =
∫ T

0 Poper ati ng (t )d t∫ T
0 PDC (t )d t

ηconv =
∫ T

0 P AC (t )d t∫ T
0 Poper ati ng (t )d t

ηtot = ηmppt ·ηconv =
∫ T

0 P AC (t )d t∫ T
0 PDC (t )d t

(10.11)

10.3. MODEL INPUTS
Once the methodology is explained, this section details the inputs to the model. The first
input is the location of the study. Within the North Sea, the first assumption in the waves
model needs to be fulfilled: the location is at deep water conditions and subjected to high
winds so that wavelengths are larger than the floating body. Moreover, the position for the
development of the model is affected by the availability of data. With all these considera-
tions, the study is located at a latitude of 53.0085° and longitude of 3.8498°, approximately
20 km from the coast (deep water condition), as shown in Figure 10.6.

Figure 10.6: Selected location for the OFPV system in the North Sea, and for the inland meteorological station.
Image from [340].
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This research uses meteorological data from the Royal Netherlands Meteorological Insti-
tute, which is the Dutch national weather centre [196]. It provides hourly undisturbed wind
and temperature data for the offshore location based on more than 40 years of collection.
This research selected 2017 as a representative year after a brief exploration of the wind pro-
files in the latest years. The data were interpolated using the piecewise cubic method [416]
to get the desired second resolution.

Figure 10.7 provides the wind rose of the studied year at the target offshore location. The
percentages indicate how frequently that type of wind is repeated during the year, while the
colours suggest wind speed levels. The wind blows mostly from the southwest, with the
most frequent direction being 236°. Most of the year, the wind speed is between 5 and 10
m/s, reaching a maximum value of 23 m/s.

Figure 10.7: Wind rose of 2017 for the location of this research, with hourly resolution.

Unfortunately, no irradiance data were measured in the offshore meteorological sta-
tion, so global horizontal irradiance was taken from an inland meteorological station lo-
cated at 53.4117° 6.1992°, around 160 km from the offshore location (see Figure 10.6). This
data was available with a 10-minute resolution, which was interpolated to get per-second
data. Global irradiance was decomposed into direct and diffuse components using the BRL
model [417]. These components are needed as inputs for the simulation framework. The
wind speed and ambient temperature values for the inland scenario were also taken from
the inland meteorological station.

An additional input to the simulation framework is the albedo. Although the state of
agitation influences the sea reflection [418], the value of ocean albedo was assumed to be
a constant of 0.06 [419]. In contrast, in the inland scenario, a 0.25 grassland albedo was
assumed [420].

Moving on to the floating structure, there are several options available [351]. A key cri-
terion in this research was the ease of modelling. In particular, the rigid body assumption
had to be held. Therefore, a pontoon was simulated consisting of floating cubes of high-
density polyethylene (HDPE). In particular, they were Sunnydock cubes manufactured by
Dock Marine Europe [421]. Their dimensions are 50 cm × 50 cm × 40 cm with a weight of
6.5 kg. Each cube can withstand 87.5 kg (floatation). Although in reality these cubes allow
some movement at the connection points, this is neglected in order to satisfy the rigid body
assumption. As mentioned in Subsection 10.2.2, this pontoon is anchored to the sea ground
and the mooring lines allow rotation of the pontoon but not displacement. A schematic of
the pontoon, with the final dimensions already optimized, can be seen in Figure 10.12.
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Regarding the PV modules, LG400N2W-A5 monocrystalline silicon module [422] with a
rated power of 400 W was selected. Considering the maximum input voltage and the rated
power of the selected string inverter Sunny boy 2.5 [415], 6 modules in series can be con-
nected per string. Since the irradiance conditions are homogeneous throughout the string,
the PV modules’ bypass diodes are not activated.

10.4. RESULTS
After explaining the methodology and its inputs, this section reports the results obtained at
each step. The first Subsection 10.4.1 explains the outcome of the mechanical model vali-
dation using data from an OFPV system. Subsection 10.4.2 focuses on the surface elevation
obtained as a result of the waves model. In Subsection 10.4.3, a sensitivity analysis on the
model is performed to determine the suitable size of the system. Subsection 10.4.4 shows
the interaction between the floating body and the waves through the angles’ variation. Fi-
nally, results regarding the effect of waves on DC yield, module temperature, and inverter
performance are explained in Sections 10.4.5, 10.4.6 and 10.4.7, respectively.

10.4.1. VALIDATION OF THE MECHANICAL MODEL

The applied approach, in particular up to the derivation of the rotational angles, was vali-
dated with data from an OFPV system. The sea surface elevation was also statistically vali-
dated by comparing the modelled with the measured significant wave height.

The methodology explained in Subsection 10.2.1 and Subsection 10.2.2 was applied in
order to emulate the OFPV system located in the North Sea. Given the stochastic nature of
waves and the methodology employed, direct point-by-point comparisons of values are not
reasonable. Only statistical analyses can be performed. Therefore, Figure 10.8 shows two
overlapped scatter plots of the modelled (in translucent red) and measured (in blue) roll
and pitch for the whole measurement period. One can observe how the angles are similarly
distributed in both plots. The majority of pitch and roll values are within 5°of the flat state.
The distribution of modelled pitch values appears more dispersed compared to the roll due
to the floater’s rectangular shape. The most spread measured values could be attributed to
random phenomena, not accounted for in this model, such as disturbances caused by local
wind, marine life, or vessels, or to assumptions made on the dimensions and weight of the
real floater.

10.4.2. MODELLED SURFACE ELEVATION

This section explores the resulting waves that could have been statistically formed in 2017
with the assumed wind data and 1-second resolution. Figure 10.9 displays examples of
these results before the two axes decomposition. Sea elevation is shown for three days,
one per sea state. One can observe a non-linear relation between wind speed and wave
elevation: an increase in wind speed in the higher range results in a greater rise in surface
elevation compared to an increase in the lower range. The lack of symmetry around 0 for
the surface elevation has its origin in the random factors of Equation 10.1 that can shift up
and down the final summation value. Although the average monthly elevation values are
relatively low (always less than 1 m), on some stormy days, the elevation exceeded 10 m.

This elevation was employed to classify the sea state into calm, moderate and rough
categories for the year 2017, as explained in Subsection 10.2.1. Most of the time (66%), the
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Figure 10.8: Comparison between modelled and measured values of pitch and roll for an OFPV system. Figure
adapted from [423].

Figure 10.9: Relation between surface elevation and wind speed shown for one day per sea state.

sea was classified as calm, while only 13% of the days were rough. Figure 10.10 shows the
distribution of states throughout the year, where days were classified based on daily median
significant wave height and then counted for each month. The elevation is generally lower
in summer and higher in winter, following the wind speed trend. No day is ranked as rough
in April, May and July, while December has more rough days than calm ones.

Figure 10.10: Distribution of sea states over the year 2017 on daily resolution.

10.4.3. SENSITIVITY ANALYSIS ON SIZING
As seen in Equation 10.9, the inertia depends on the structure dimensions, which have a
significant effect on the system dynamics. Therefore, a sensitivity analysis is performed to
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find the optimal size of the OFPV system. This analysis consists of exploring how sensitive
the final angle variations are to the moment of inertia of the rigid floater. The objective is to
map this relation in order to understand which is the optimized design for the pontoon of
this offshore PV system.

Consequently, the model was run for various pontoon sizes, exploring the impact on
the mean and standard deviation σ of all angles in the model. Starting with the roll and
pitch, their average value was always close to 0°, hence independent of the pontoon size.
Their standard deviation showed, however, more interesting trends. As observed in the top
left of Figure 10.11, the pitch oscillates the least when the moment of inertia of the x-axis
is small, while that of the y-axis is large. That is, when the pontoon is wide but not long
(the schematic of Figure 10.3 is shown in Figure 10.11 as well for ease of understanding).
Square-shaped floaters achieve similar values although the larger and heavier the pontoon,
the smaller the standard deviation. The trend of the standard deviation of the roll (top right
of Figure 10.11) is not so intuitive. One would have initially expected a trend similar to that
of the σ pitch (smaller deviations when the pontoon is long but not wide), but that is not
the case. The origin of this difference is the wind profile of the selected location. Looking
at the wind rose of Figure 10.7, one can see that the waves in the EW direction (y-axis of
the pontoon) are larger than those in the NS one (x-axis of the pontoon). This makes the
standard deviation of the roll in general higher than that of the pitch because it is affected
by a combined effect of shape and mass, not only shape as happens with the pitch. The
heavier the pontoon, the smaller its oscillations.

Figure 10.11: Contour plots of the standard deviation of roll (top left) and of pitch (top right), mean of tilt (bottom
left), and standard deviation of tilt (bottom right) as a function of the logarithm of the moment of inertia of each
axis. Figure 10.3 with a compass rose is shown again for ease of understanding. The pontoon modelled in this work
has been represented as a white diamond in the plots.

The relation of the moments of inertia with the angles is also analyzed after the coor-
dinates transformation from roll and pitch to tilt and azimuth. Few conclusions can be
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derived from the analysis of the azimuth since the mean is always around the South and
the periodicity of the variable hinders the proper interpretation of its standard deviation.
However, some information can be obtained from the mean and standard deviation of the
tilt. Looking at the mean of the tilt (bottom left of Figure 10.11), it is more affected by the
width, although the minimum can be found for a squared and very heavy pontoon. Finally,
the standard deviation of the tilt (bottom right of Figure 10.11) shows a combined effect
between the trends of the standard deviations of the pitch and the roll.

In summary, in this particular location, the effect of sea waves can be reduced by placing
a heavy, short, and wide pontoon. This is the optimal design for two reasons. First, the
heavier the floater, the smaller the fluctuations because it is harder to incline it. Second,
the largest side of the pontoon is aligned with the most common wind direction. Actually,
for this location, a pontoon that was aligned not with the cardinal directions but with the
most common wind direction of 236° would show even lower fluctuations. This can be
applied to any offshore location where the most common wind direction is known. Despite
a rectangular pontoon being optimal, it was finally decided to model a squared pontoon so
as to consider the intermediate scenario.

In order to determine the dimensions of this pontoon, one of the assumptions of the
wave modelling needs to be considered. As stated in Subsection 10.2.1, the wavelength is
assumed much longer than the dimension of the object so that the wavefield is only slightly
modified by the body. But this condition is not respected for any pontoon area. Considering
that 6 modules need to be connected per string, as explained in Section 10.3, two strings
were installed per row. That is 12 modules and two string inverters for each row.Figure 10.12
shows a schematic and the dimensions of the final layout. The pontoon has been added to
Figure 10.11 as a white diamond. Finally, floatation calculations were performed to ensure
the stability of the model.

Figure 10.12: Layout of the floating body facing South. The red boxes represent the two string inverters per row.

With this configuration, 3.8% of the time waves have a wavelength smaller than the
width of the float. This percentage can be considered reasonable, especially considering
that the elevations corresponding to such short wavelengths are minimal, and therefore
have a marginal effect on the floating structure.
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10.4.4. INCLINATIONS DUE TO WAVES
As explained in Subsection 10.2.2, the tilt and azimuth of the floating body were obtained
from the sea elevation, the Froude-Krylov approach, and a coordinate transformation. The
histograms in Figure 10.13 show the variation in tilt probability for different wind speeds. As
expected, high wind speeds increase the likelihood of significant tilting, with the tilt distri-
butions being sharper around zero in the presence of low winds. Simulations showed that
the average tilt for calm days is 0.2°, for moderate ones 1.8°, and for rough ones 4.5°. The
average value over the whole year is 1.1° and the maximum simulated tilt is 52.2°.

Figure 10.13: Histograms of hourly tilt for different wind speeds.

Figure 10.14 shows the connection between azimuth and wind direction. Starting with
the calm sample, until around 19:00 the wind comes from the West so the pontoon oscillates
between East and West without almost any disturbances. At 19:00, when the wind slowly
shifts towards the North, the pontoon shows a rather irregular behavior and does not calm
until 22:00 when the pontoon oscillates between North and South. On rough days, it is
harder to reach an equilibrium oscillation even when the wind is aligned with one of the
axes. Higher disturbances can be observed on December 28th after 7:00 compared to the
oscillations during the calm sample. This behavior also indicates a faster change in the
oscillations of the pontoon.

Figure 10.14: Relation between wind direction and azimuth for a calm and rough day.

10.4.5. WAVES IMPACT ON DC YIELD
This section focuses on the impact that waves have on the DC yield. Offshore waves influ-
ence the OFPV system yield by inclining the modules and affecting the irradiance incident
on them.

As a first analysis, the difference in yield is compared for three offshore scenarios: im-
pacted by waves, fixed horizontal tilt, and fixed optimal tilt. Installing offshore solar panels
with the optimal tilt is very challenging due to the mechanical stresses, so this comparison
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is only a theoretical analysis. Figure 10.15 compares the generation of a single PV module
(installed in a pontoon similar to that sketched in Figure 10.12) for the three scenarios under
the three sea states.

Figure 10.15: DC power trend of a single PV module (rated power of 400 W) for three different sea states. Three
offshore scenarios are investigated: with waves, fixed optimal, and fixed horizontal.

On the calm day, because of the low tilts occurring, the wave and horizontal cases follow
an identical trend. As expected, the optimal tilt scenario produces more than the other
scenarios. At the end of the day, the undulating scenario produces 3.62 kWh/kWp, the same
as the horizontal case and 12.7% less than the optimal tilt.

On the moderate sea condition, the optimal situation also produces more. However, in
some instances of time during the early morning and late afternoon, the wave case presents
more significant power peaks than the optimal scenario. During these instances, the waves
cause the PV panels to pose in a better orientation for that specific day and hour. Through-
out the day, the fluctuations of the module with respect to the horizontal case result in an
increased generation in some moments and decreased in others. Overall, the PV module
with variable orientation generates 4.67 kWh/kWp, about 0.2% less than the one horizon-
tally mounted. The module installed optimally produces +10.5% compared to the waves
scenario.

Finally, a day in October is shown to investigate a rough sea. Due to the generally lower
incident irradiance during rough sea conditions, the fluctuations in power generated by
the case with variable orientation are of the same order of magnitude as those experienced
during moderate sea conditions. On that day, the wave scenario produced 1.58 kWh/kWp,
0.4% less than the horizontal case and 42.7% less than the optimal one.

The difference in performance between the diverse sea states is investigated on all the
simulated days, hence representing a whole year. The results are visible in Figure 10.16.
The case under the effect of the waves is always disadvantageous compared to the case with
the optimal tilt, reaching an average loss of 34.1% on days with rough seas. Compared to
the horizontal scenario, even in the worst-case scenario of rough sea conditions, the energy
losses are impressively low, averaging just -0.4%. Considering this, the energy losses due to
wave movement can be neglected in practical terms in many scenarios, as already suggested
in [372].

Looking now at the yearly energy yield, the OFPV plant modelled in this study would
produce 975 kWh/kWp. The fixed horizontal system would generate 976 kWh/kWp, an in-
crease of only 0.1% compared to the fluctuating system. This value represents the overall
losses due to the wave movement. As expected, the fixed optimum case is the most pro-
ductive one by generating 1141 kWh/kWp, 14.6% more compared to the system affected by
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Figure 10.16: Percentage difference in energy yield between the three scenarios according to the sea state.

waves.
These trends can be graphically seen throughout the year in Figure 10.17, which pro-

vides the monthly DC production. No difference can be observed between the system sub-
jected to waves and the horizontal one, while the optimum one consistently produces more.

Figure 10.17: Energy yield in 2017 for three offshore scenarios.

In summary, although the energy yield from the floating scenario is lower than that of
the horizontal scenario, given the simulated conditions in this work, waves generally have
a negligible impact on power production.

This study has not considered mismatch losses due to series-connected PV modules re-
ceiving different irradiance. The rigid body assumption taken in Subsection 10.2.2 subjects
all PV modules to the same weather conditions. Considering however that the pontoon is
composed of floating cubes, the sea agitations will most likely create movement between
them leading to mismatch losses.

Using results from the literature, one can roughly estimate the mismatch losses of the
system as if the PV modules in the same string received different irradiance. Kumar et al.
linked the mismatch losses to the wave height based on experimental work [424]. They re-
ported that for wave heights of 0.25, 0.5, and 1 m, the mismatch losses are around 0.1, 0.3,
and 0.7%. Assuming a linear relation between these wave heights and mismatch losses, one
can fit a linear interpolation between these two variables (R2 of 95.9%) and estimate the
mismatch losses for every hour using the significant wave height. Results show that the sys-
tem’s yearly average mismatch losses would be 1.1%, consistent with an average significant
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wave height of 1.5 m for the selected location. Using the results from another study ob-
tained by Dörenkämper et al., the loss in yield due to wave-induced mismatch losses would
be around 9% [350]. The variation in mismatch losses is likely attributed to the distinct
conditions simulated, including differences in floaters and locations. In both cases, the
mismatch loss is higher than the loss in DC power resulting from the changing irradiance
due to wave motion. These losses could be reduced during the DC to AC conversion step
with a converter that employs a dynamic mismatch loss mitigation algorithm [425]. This
dual input dual output converter for solar PV systems enhances power production when
series-connected modules are subjected to different shading patterns, such as those cre-
ated by different tilts.

10.4.6. MODULE TEMPERATURE
In order to study the difference in module temperature, a comparison is made with an in-
land scenario. In this subsection, three scenarios are compared: stationary optimal inland,
stationary optimal offshore, and offshore subjected to waves. Ambient temperature, wind
speed, and albedo differ between the inland and offshore scenarios.

Figure 10.18 shows the daylight module temperature for the three investigated scenar-
ios. Due to computational restrictions, the same approach as for the DC yield is employed:
one day per month and sea state is selected as representative and it is extrapolated for each
month considering the sea state distribution. The wave case shows slightly lower and less
varying module temperatures than the offshore optimal one, due to the reduced irradiance
incident on the PV modules. The inland system is subjected to a significantly higher tem-
perature during the central months of the year. This difference is, in median terms, up to
5°C in some months. This trend is reversed for the coldest months of the year. This is due to
water acting as a heat sink, which reduces the modules’ temperature in summer but keeps
them warm during winter. Additionally, the inland temperature temporal variation is more
significant than the offshore one.

Figure 10.18: Daylight module temperature in 2017 for three different scenarios: offshore considering waves, off-
shore steady optimal tilt, and inland steady optimal tilt.

This difference in temperature has a significant effect on the yearly DC yield. The inland
system would produce 1123 kWh/kWp, i.e. -1.7% compared to the optimal offshore appli-
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cation and +13.2% compared to the wave case. When contrasted with the results observed
by Golroodbari and van Sark, who noted a nearly 13% increase in the DC yield for a land-
based scenario compared to an offshore one [357], this study presents similar findings. This
may indicate that considering two axes of rotation is not necessary in certain conditions.

Figure 10.19 provides the monthly trends in 2017. From September to April, the produc-
tion difference between the optimal inland and offshore scenarios is minimal. In summer,
however, the advantage of installing at the sea is more evident due to the temperature effect.

Figure 10.19: Energy yield in 2017 for two offshore and one inland scenarios.

Ultimately, from a technical point of view, the benefit of the offshore temperature in
the ideal case leads to a gain of less than 2% in the yearly yield. Discovering if this mar-
gin can cover the higher investment cost for an offshore plant and the degradation of the
components due to humidity, algae, and salt is an economic analysis that this work will
not consider. However, the literature indicates that FPV can have similar or lower costs
than land-based PV if there is a decrease in the cost of floaters and hybridization with hy-
dropower [426]. The feasibility of each project will depend on the land market, installation
tilt, and the drop in the price of materials for offshore installations.

10.4.7. WAVES IMPACT ON INVERTER

This final section analyses the inverter results obtained in the laboratory. The objective is to
quantify the inverter losses due to the fluctuating output of an OFPV system. Since the os-
cillations depend on the sea state condition, each condition will be studied separately and
compared with a fixed horizontal OFPV system. Since the inverter efficiency depends on the
input power produced by the modules, 9 time windows for each condition were considered
in order to cover a wide range of output power values.

Figure 10.20 shows one curve per condition (all with the same average power of around
1000 W) for exemplification. One can observe the undisturbed profile of DC, operating, and
output power when the system is fixed or the sea is calm. The fluctuations in power are only
in response to variations in irradiance. The operating and DC power curves overlap, which
indicates a high MPPT efficiency. Fluctuations in power can be observed in the moderate
and rough samples, with greater variability observed in the latter. These variations decrease
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the MPPT efficiency compared to the stationary and calm cases, although the tracker can
follow quite closely the changes in DC power. The conversion efficiency does not seem
much affected either by the fluctuations in power.

Figure 10.20: PDC , Poper ati ng and P AC samples for each of the four cases analysed.

The average MPPT, conversion, and total efficiency have been computed for all the sam-
ples. After grouping the samples by condition, the average and standard deviation of each
group have been reported in Table 10.3. Here, one can observe similar trends as in Fig-
ure 10.20. The MPP tracker has no difficulty in finding the maximum power when there are
no or low fluctuations. Even when the sea state is moderate, the MPPT efficiency is barely
affected. In the presence of higher fluctuations, the average MPPT efficiency drops only half
a percentage point, and the standard deviation doubles. Therefore, the inverter is able to
track the constantly varying maximum power point although with difficulties.

Table 10.3: Average values and their standard deviation for total, MPPT, and conversion efficiencies resulting from
the experimental investigation.

Total MPPT Conversion
efficiency [%] efficiency [%] efficiency [%]

Stationary 96.0 ± 0.5 99.5 ± 0.5 96.4 ± 0.5
Calm 96.4 ± 0.3 99.3 ± 0.6 97.1 ± 0.5

Moderate 96.4 ± 0.4 99.3 ± 0.4 97.0 ± 0.2
Rough 94.1 ± 2.1 98.8 ± 1.1 95.3 ± 1.3

The conversion efficiency is affected just like the MPPT efficiency. Very similar mean
and standard deviation values have been measured for the stationary, calm, and moder-
ate samples, while the rough samples report an average conversion efficiency of about 1.5
percentage points lower and a standard deviation more than twice as large. Overall, the ob-
served behavior leads to an average total efficiency of 94.1% with a standard deviation of
2.1% for the rough samples. This is approximately 2 percentage points lower than the effi-
ciency observed in the remaining cases, which have a mean efficiency ranging from 96.0%
to 96.4% with a standard deviation of 0.3% to 0.5%.



10.5. CONCLUSIONS

10

169

To observe this phenomenon better, the instantaneous inverter efficiency of all the ex-
perimental data as a function of the input DC power is shown in Figure 10.21. One can
observe how the moderate but especially rough samples have a high variation and oscil-
late between high and low power values. In contrast, the stationary and calm samples are
cluttered instead of dispersed. The less turbulent the sea state, the smaller this dispersion.

Figure 10.21: Total efficiency of the inverter as a function of input DC power for all emulated samples and classified
according to the four cases analysed.

In summary, the inverter’s total efficiency on an offshore calm or moderate day is the
same as for a stationary system. An average loss of around 2 percentage points is expected
during rough days compared to stationary applications. This loss is caused mostly during
the DC to AC conversion process. Nevertheless, it should be noted that rough days occur
especially in the winter months, with low irradiance and lower power losses compared to a
clear summer day. In view of these results, one can conclude that the overall inverter losses
of an oscillating system will only be slightly higher than those of a stationary one.

10.5. CONCLUSIONS
This chapter has simulated the performance of an offshore floating PV system with the ob-
jective to explore the effect of waves movement on DC yield and inverter efficiency. The
waves have been modeled using the JONSWAP spectrum and the interaction with the float-
ing structure has been simulated considering two axes of rotation, an improvement in accu-
racy compared to previous literature. This methodology has been validated with real data,
resulting in a statistical match between modeled and measured data. A sensitivity analy-
sis conducted on the optimal shape of the floater indicates that a heavy and rectangular
floater with the widest side aligned with the most common wind direction reduces angle
variations. The modeling results indicate that waves have a negative yet negligible effect
on production, leading to a decrease in the yearly energy yield of 0.1% compared to a sta-
tionary horizontal scenario. This production is however 14.6% lower than if the system was
optimally tilted offshore. Compared to an optimally-tilted inland scenario, the decrease
in production is 13.2%. This difference is due to the heat sink effect of water which can
decrease the median daylight temperature by about 5°C during the summer months. Addi-
tionally, the effect of the fluctuating PV power due to waves on the inverter efficiency has
been studied for the first time in the literature, as far as the authors are aware. The experi-
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mental results show that the effect of waves on the inverter efficiency is detrimental during
a rough sea, with a loss of 2 percentage points in total efficiency compared to a stationary
system. Throughout the year this loss is however small considering that only 13% of the
time the sea is rough.

PERSPECTIVE: MORE ACCURATE METHODOLOGY
After publishing the article which is the basis of this chapter [376], a better approximation
of the mechanical model was identified by Dr. Antonio Jarquín Laguna from the Delft Uni-
versity of Technology.

The equations of the mechanical model were derived independently for each axis. This
resulted in two Jonswap spectra, one per axis. However, these spectra are not independent
as the superposition rule does not apply to the spectra. This can be seen as yet another
assumption of which we were not aware since this approximation did not affect the valida-
tion performed in Subsection 10.4.1. This could have been because the sea elevations were
small. However, implementing the new approximation is relatively straightforward and its
process is detailed in this section.

Instead of obtaining two spectra, one per axis, a single spectrum is computed using
the same equations but with the wind speed measured by the meteorological station. This
spectrum will be directional as the employed wind speed changes direction over time. This
directionality is expressed in the surface elevation η by making it dependent on both x and
y , as in Equation 10.12:

η(x, y, t ) =
N /2∑
n=1

(an ·cos(kn · (x ·cos(θ(t ))+ y · sin(θ(t )))−ωn · t )+

bn · sin(kn · (x ·cos(θ(t ))+ y · sin(θ(t )))−ωn · t ))

an = r nan ·σS

bn = r nbn ·σS

(10.12)

where θ(t ) is the wind direction [°].
This additional dependency on y is translated to the pressure p(x, y, z, t ). Aside of that,

Equation 10.4 and Equation 10.3 still hold.
Equation 10.7 would result in equations for the x- and y-axes, as in the following Equa-

tion.

τx = F · x =
∫ w/2

−w/2

∫ l

0
p · x d y d x

τy = F · y =
∫ l/2

−l/2

∫ w

0
p · y d x d y

(10.13)

Similarly, one obtains the two expressions shown in Equation 10.14 for the rotational
angles.

τx = Iy ·αx = Iy ·
∂ωψ

∂t
= Iy · ∂

2ψ

∂t 2

τy = Ix ·αy = Ix ·
∂ωφ

∂t
= Ix · ∂

2φ

∂t 2

(10.14)
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Both Equation 10.13 and Equation 10.14 are also applied in the initial methodology.
They were expressed for a single axis to increase compactness. However, the resulting equa-
tions after solving the differentials using the new expression for the elevation will be differ-
ent.





11
MOVEMENT AND POWER MISMATCH

LOSSES

The previous chapter’s OFPV model overlooked fluid-structure interactions. This chapter ad-
dresses this assumption by developing a multi-physics framework integrating the mechanical
model of a floating structure with an optoelectrical model of PV modules. It analyzes a hypo-
thetical OFPV design with various floater configurations, from one large floater to multiple
small floaters connected by free hinges. Results show a trade-off: fewer, longer floaters reduce
power mismatch loss but experience higher structural stress. Young’s modulus influences
longer floaters with dominant elastic responses, while cross-section fill ratio affects shorter
floaters, where rigid-body response prevails.

This chapter has been adapted from the publication A. Alcañiz, S. Agarwal, P. Tiwald, O. Isabella, H. Ziar, and O.
Colomès “Assessment of power losses and structural response of offshore floating solar platform” under review in
Energy.

173



11

174 11. MOVEMENT AND POWER MISMATCH LOSSES

11.1. INTRODUCTION
While informative, the model developed in the previous chapter made several assumptions
that did not represent the complex interaction between the floater and the PV system. For
instance, the model simplified the inherent fluid-structure interaction (FSI), i.e., the inter-
action of the floating platform with ocean waves. This interaction is particularly relevant
for the truly offshore deployment of floating PV. The consequences of this FSI are twofold:
1) the FSI results in structural loads within the floaters and joints of the floating island, de-
pending on both the configuration and properties of the floater and sea waves; 2) the FSI
results in a dynamic change in the tilt of the individual PV panels, resulting in potential
power losses due to power mismatch and movement. Therefore, the hydroelastic response
of OFPV platform has significant multi-physical structural and opto-electrical implications.

So far in the literature, the structural analysis of OFPV platforms has largely been done
using simplified approaches, owing to the complexity of the problem. The structural de-
formation of OFPV platforms has been investigated using the Froude-Krylov method for
estimating the wave force [427, 428]. This basic method has several limitations, such as as-
suming undisturbed waves, disregarding diffraction, lack of hydrodynamic coefficients for
thin-floating platforms, and inability to resolve the difference in loads between boundaries
and inner regions of the floating PV platform. Alternative simplified methods involve es-
timating the rotational motion of a single rigid panel based on undisturbed wave energy
density [357], however, their rudimentary assumptions restrict their applicability. Recent
studies on hydro-elastic interaction between small amplitude linear waves and perforated
elastic plates using the arbitrary Lagrangian-Eulerian methodology show limited accuracy
for regular-wave tests compared to the corresponding experiments [429], thus highlighting
the challenges in simulating OFPV structures. Wave and wind loads can exert significant
pressure on the floating and mooring structure, resulting in loads in the order of mega-
Newton as suggested by a quasi-static analytical model [430]. The stress experienced by the
connection pins and the structural components is addressed by Sree et al. [429]. These stud-
ies contribute to a better understanding of the mechanical aspects and structural integrity
of OFPV systems.

The literature currently lacks a thorough investigation into the effects of hydroelastic
responses on power generation in OFPV systems. In [357], the performance of an OFPV
system is compared with that of a land-based one by using a simplified representation of
the sea. In the previous chapter, that study was extended but key assumptions remained,
including that the wave field was unaffected by the floating structure, the wave force on
the floating body was estimated using the Froude–Krylov approach, and the floating body
was considered rigid. Additionally, power mismatch losses were not addressed in either of
the manuscripts. The measurements conducted by Dörenkämper et al. address the mis-
match issue in [431]. They reported power mismatch losses of 3%, 7%, and 9% for median
wave heights of 0.1, 0.4, and 1.5 m, respectively. These losses differ from the measured ones
in [424], where the mismatch losses were 1.6%, 2.4%, and 3.7% for average wave heights
of 0.25, 0.5, and 1 m, respectively. These differences may stem from variations in floater
characteristics. However, none of these studies tackle the origin of this disparity, making it
challenging to identify the source of the discrepancies.

Since our analysis is quite focused on the hydroelastic response, we simplify the prob-
lem with several assumptions. We limit external loads to wave forces, omitting current-
induced loads. This is because currents primarily exert in-line friction and drag forces on
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Figure 11.1: a) Schematic of the boundary value problem, consisting of the fluid domain Ω with constant water-
depth d , bounded by the bottom Γsb , inlet Γi n , outlet Γout , free-surface Γ f s and the floating PV platform Γb . Here
Λ j represent the free-hinges in the floating PV platform.
b) Sketch of the discretised geometric entities, withΩh representing the discretised fluid domain, and Γsb,h , Γi n,h ,
Γout ,h , Γ f s,h and Γb,h representing the discretised boundaries. Consequently, φh , ηh and κh are the discrete
solutions to the velocity potential, free-surface elevation and beam deflection, respectively.

thin elastic structures, thereby affecting station-keeping [427], rather than power mismatch
losses, which are mainly influenced by transverse loads. Furthermore, while the mooring
and anchoring systems are vital to station-keeping [430], and structural fatigue is essential
for durability assessment [432], these aspects lie beyond this study’s scope since our em-
phasis is on the fluid-structure interaction and associated power mismatch losses.

Additionally, the designs presented in this work are academic and are not affiliated with
any commercial entities. Therefore, we do not investigate a specific OFPV platform design.
Instead we formulate a systematic engineering analysis and then investigate the impact of
the structural properties in isolation on the power-mismatch losses. For example, through
our analysis, we will answer fundamental questions such what happens when you double or
half the thickness of the floater. By narrowing the focus to power mismatch related perfor-
mance measure, this study aims to bridge the gap in the literature on the the fundamental
correlation between the hydroelastic response of OFPV platform to irregular sea-states and
their power mismatch losses.

This work is structured as follows. The following Section 11.2 presents the methodology
employed to solve the problem at hand. Section 11.3 outlines the inputs to the model. The
structural and optoelectrical results for a base case are presented in Section 11.4. The vari-
ations to this base case and their effect on the results are discussed in Section 11.5. Finally,
Section 11.6 concludes this work.

11.2. METHODOLOGY

This section explains the problem at hand and the methodology developed to solve it. The
flowchart presented in Figure 11.2 presents the steps undertaken. The following sections
will dive into its details.

The first step consists on defining and solving the structural problem in Subsection 11.2.1.
The output of this step will be the elevation at every position of the floater. It will be used
to compute the tilt in Subsection 11.2.2, which serves as a link between the structural and
optoelectrical models. The methodology of the latter will be presented in Subsection 11.2.3.
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11.2.1. HYDROELASTIC FLUID-STRUCTURE INTERACTION MODEL

The structural analysis of the floating PV platform involves a complex hydroelastic problem
characterised by a two-way interaction between the fluid and the elastic structure. We con-
duct this analysis using a monolithic finite-element model for fluid-structure interaction,
referred to as the FE-FSI model throughout this work.

The monolithic formulation and the FE model used in this work are based on the de-
tailed methodology presented in [433]. In this work, we focus on a frequency domain anal-
ysis, because we are primarily interested in the steady-state solution. This section briefly
outlines the final frequency domain governing equations and the FE model. The conver-
gence, conservation, and validation analysis for this FE model, when applied to a similar
problem involving a floating beam with joints, was previously presented in [433].

DEFINITION OF THE BOUNDARY VALUE PROBLEM

Figure 11.1a presents the schematic of the boundary value problem. Here, the fluid domain
is denoted Ω. It is bounded by the bottom boundary Γsb , the fluid free-surface Γ f s , inlet
Γi n and outlet Γout . The floating PV platform is represented by the boundary Γb . The end
points of this platform are dentoed by Λe . This platform may be composed of multiple
floaters, connected by joints, denoted by Λ j . This boundary value problem involves three
unknowns, 1) velocity potential φ defined onΩ, 2) free-surface elevation κ defined over Γ f s

and 3) transverse beam deflection η defined over Γb .

In the frequency domain formulation, the unknown quantities φ, η, and κ are assumed
to be harmonic. Here, a space and time-varying quantity, say the beam deflection η(t ,x), is
defined in terms of the excitation frequency ω and a time-independent quantity η̄(x) as

η(t ,x) = η̄(x)exp(−iωt ) . (11.1)

Following this harmonic assumption, the governing equations for the time-dependent
φ, η and κ get simplified to governing equations for time-independent φ̄, η̄ and κ̄. To sim-

plify the notations in this section, we drop the over-bar hereafter, i.e., φ
def= φ̄, η

def= η̄ and

κ
def= κ̄.

We now present the coupled governing equations for the system in frequency domain
formulation. Assuming inviscid, irrotational, and incompressible flow, the governing equa-
tion for the fluid flow withinΩ is given by the potential flow theory Equation 11.2.

∆φ= 0 in Ω. (11.2)

The velocity potential φ is a scalar measure of the fluid velocity vector u =∇φ.

We formulate a boundary value problem by specifying conditions at the boundaries Γ of
this fluid-flow domain Ω. We impose a no-flow boundary condition Equation 11.3a on the
bottom boundary Γsb . The ocean wave input is given through the inlet boundary Γi n using
Equation 11.3b, where n is the outward unit normal to the boundary and ui n is the inlet
velocity prescribed using the Airy’s wave theory [434, ch. 3]. At the outlet boundary Γout , we
impose a radiation boundary condition Equation 11.3c for releasing the waves downstream
of the floating PV platform.



11.2. METHODOLOGY

11

177

n ·∇φ= 0 on Γsb (11.3a)

n ·∇φ= ui n on Γi n (11.3b)

n ·∇φ= i kφ on Γout (11.3c)

Here k is the angular wave-number for the ocean wave with frequency ω, obtained using
the dispersion relationship Equation 11.4, where d is the water depth at the inlet boundary.

ω2 = g k tanh(kd) (11.4)

The free-surfaceΓ f s and beamΓb boundaries involve a kinematic and a dynamic bound-
ary condition. The kinematic free-surface boundary condition Equation 11.5a on Γ f s im-
plies that the free-surface elevation moves at the vertical fluid velocity. The dynamic free-
surface boundary condition Equation 11.5b on Γ f s is used to impose atmospheric pressure
pa = 0 at the fluid free-surface.

φz + iωκ= 0 on Γ f s (11.5a)

iωρφ−ρgκ= 0 on Γ f s (11.5b)

This is obtained using the linearised dynamic Bernoulli’s equation, assuming a small
free-surface elevation.

p = iωρφ−ρgκ (11.6)

Here g is the acceleration due to gravity and ρ is the density of the fluid. Therefore, the
dynamic boundary condition Equation 11.5b is obtained by setting the pressure p = pa = 0
along Γ f s .

The kinematic boundary condition Equation 11.7 on Γb is obtained assuming no gap
between the deforming beam and the fluid-free surface underneath the beam.

φz + iωη= 0 on Γb (11.7)

The dynamic boundary condition on Γb requires the introduction of the beam govern-
ing equations. The beam is modelled using the Euler-Bernoulli beam theory. Consider a
beam with mass per unit area mb and bending stiffness Db . The transverse deflection η of
this beam, under the action of transverse load p is given by Equation 11.8.

−mbω
2η+Db∇2η= p (11.8)

For a beam having a solid cross-section of thickness hb , and made of material with den-
sity ρs and Young’s modulus E , the mass per unit area is mb = ρhb and the bending stiffness
is Db = E Ib , where Ib = 1

12 h3
b is the second moment of area assuming a unit-width beam.

For the floating beam, the transverse load is due to the pressure from the fluid underneath
the beam. This is imposed by equating the transverse load in Euler-Bernoulli equation
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Equation 11.8 with the pressure in the dynamic Bernoulli-equation Equation 11.6, thus re-
sulting in the dynamic boundary condition Equation 11.9 on Γb . Here mρ = mb/ρ is the
normalised mass and Dρ = Db/ρ is the normalised rigidity of the beam.

−mρω
2η+Dρ∆

2η− iωφ+ gη= 0 on Γb . (11.9)

The beam governing equation requires the specification of its own boundary conditions
on its endpoints Γe . In this work, we restrict the analysis to free-edge boundary conditions.
This is imposed by setting zero-moment and zero-shear conditions at these boundaries.

Db∆η= 0 on Λe (11.10a)

∇(Db∆η) ·nΛ = 0 on Λe (11.10b)

Here nΛ is the outward unit normal for the beam edgesΛe . In case the platform is composed
of multiple floaters, we join the floaters using joints Λ j . At these joints, we impose a free-
joint condition by setting the bending moment at the joints to zero.

Db∆η= 0 on Λ j . (11.11)

This completes the definition of the multi-physics boundary value problem. We ad-
ditionally place a damping zone Ωd adjacent to Γi n for absorbing waves reflected by the
floating PV platform. Refer to [433] for a detailed description of the wave generation and
absorption.

NUMERICAL FORMULATION

The above-mentioned boundary value problem is numerically solved using a monolithic
finite-element scheme, as defined in [433]. Here, the monolithic term implies that the cou-
pled fluid-structure governing equations are formulated in a single coupled weak-form.

For the sake of completeness of the work, we describe the formulation of the FE prob-
lem. We refer to [433] for a more detailed description of the steps to reach this final form.
Consider a functional space V defined in the domain Ω, with trace space VΓ f s on the free-
surface Γ f s , and trace space VΓb on the beam boundary Γb . The weak form reads as follows:
Find [φ,η,κ] ∈ V ×VΓb ×VΓ f s such that:

Bω([φ,η,κ], [w, v,u]) = Lω([w, v,u]) ∀[w, v,u] ∈ V ×VΓb ×VΓ f s , (11.12)

where, w, v,u are the test functions corresponding to φ,η,κ, respectively, and

Bω([φ,η,κ], [w, v,u]) = (∇φ,∇w)Ω+ (−iωφ+ gκ,β(u +αw))Γ f s

−(−iωκ, w)Γ f s + (mρηt t +φt + gη, v)Γm + (Dρ∇2η,∇v)Γb ,
(11.13)

Lω([w, v,u]) = (ui n , w)Γi n + (uout , w)Γout . (11.14)

In Equation 11.13 and Equation 11.14, we have used the notation (a,b)Γ to denote the
integral operation, i.e., (a,b)Γ =

∫
Γ a b dΓ. The weak-form is solved in a discretised domain,

as shown in Figure 11.1b. We consider a triangulationΩh of the domainΩ, with conformal
triangulation of the domain boundary, Γsb,h , Γi n,h , Γout ,h , Γ f s,h and Γb,h . We define the
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finite-dimensional finite element spaces for the velocity potential, free surface elevation,
and beam deflection, Vh , VΓ f s ,h and VΓb ,h , respectively, as follows:

Vh = {
wh ∈C 0(Ω) : wh |K ∈Pr (K ),∀K ∈Ωh

}
, (11.15)

VΓ f s ,h = {
wh |E : wh ∈ V̂h ,∀E ∈ Γ f s h

}
, (11.16)

VΓb ,h = {
wh |E : wh ∈ V̂h ,∀E ∈ Γbh

}
, (11.17)

In this work, Pr (K ) is the space of Lagrange polynomials of degree 4 in an element K in
the 2-dimensional space of fluid domainΩ. On the other hand E are 1-dimensional facets,
corresponding to boundaries Γb and Γ f s .

Using this notation, the final discrete form in the frequency domain reads: Find [φh ,ηh ,κh] ∈
Vh ×VΓb ,h ×VΓ f s ,h such that

Bω([φh ,ηh ,κh], [wh , vh ,uh]) = Lω([wh , vh ,uh]) ∀[wh , vh ,uh] ∈ Vh ×VΓb ,h ×VΓ f s ,h ,
(11.18)

with Bω and Lω as defined earlier.
The finite element formulation was numerically implemented in the Julia programming

language [435], using the Gridap finite element library [436]. This library allows for a high-
level implementation of the formulation, closely resembling the mathematical notations in
weak form. The Gridap library efficiently assembles internal loops based on this notation-
based expression, optimised for the high-performance Julia Just-In-Time (JIT) compiler. A
comprehensive software implementation of Gridap can be found in [437]. These features fa-
cilitate rapid prototyping of the finite-element program and offer excellent computational
performance. Notably, Gridap can assemble finite-element formulations over mixed di-
mensions and mixed orders. This capability is crucial because the monolithic floating beam
problem requires a formulation over both a fluid domain and the attached beam surface.
The program used to generate the results for this work is similar to the registered Julia pack-
age [438].

The presented FE model has been thoroughly validated for problems involving floating
beams with joints in our previous work [433]. This includes validation against a standard
test case of a floating platform composed of beams with different properties, connected by
either free or elastic joints [439]. The model was also validated against results for floating
beams in irregular bathymetry [440] and against experiments involving a 2D rectangular
plate floating in a 3D domain [441]. These validations demonstrate that the FE model is
particularly suitable for studying the floating PV platforms considered in this work.

11.2.2. LINK BETWEEN MULTIDISCIPLINARY MODELS
The FE-FSI model provides the hydroelastic response of the floating solar platform to in-
coming ocean waves. This model yields complex-valued solutions for the unknowns, as-
suming unit amplitude waves, thereby encompassing information about both the ampli-
tude and phase. However, to conduct the optoelectrical analysis, it is necessary to evaluate
the time series of the tilt of each panel on the platform. This section describes the process
of obtaining this time series of tilt for each photovoltaic (PV) panel. It is summarized in
Figure 11.2.
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Figure 11.2: Schematic of the solution procedure for the multi-physics problem.

The inputs required for the FE-FSI model include the platform properties and the de-
scription of the fluid domain. The model returns complex-valued solutions of the veloc-
ity potential φ throughout the fluid domain, free-surface elevation κ along the ocean free-
surface, and transverse beam deflection η along the entire floating PV platform. The so-
lution is obtained for the entire range of the ocean wave spectrum, assuming unit-wave
amplitude. This solution is referred to as the complex-valued response-amplitude opera-
tor (RAO) RAO(x,ω) for each point x and frequency ω. This RAO is computed for the given
floating PV platform properties and sea-bed topography.

We next use these RAOs with the environmental conditions to compute the time series
of the tilt at each panel. We source the environmental conditions from KNMI, the Dutch
Meteorological Institute [196]. The hourly mean wind speed is obtained from reanalysis
dataset of meteorological measurements provided by the KNW KNMI North Sea Wind at-
las [442]. This time resolution corresponds to the highest one we could find for the Dutch
North Sea. Using the hourly mean wind speed, we calculate the hourly sea state, a standard
offshore analysis procedure [443]. From the hourly sea state, a time series input wave ele-
vation is obtained at a resolution of 0.25s. This input wave elevation along with the RAOs
from the structural model are used to evaluate the tilt of each panel at a time resolution of
0.25s.

Since the structural results are obtained in the frequency domain and the optoelectrical
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analyses are performed in the time domain, a conversion from frequency to time is per-
formed for the tilt with a 0.25s resolution to accurately capture the wave movement. To
represent the annual variations of the sea conditions, the sea spectrum varies hourly de-
pending on the wind speed value, using the same approach as in the previous chapter. The
algorithm followed for the calculation is described in Algorithm 1.

11.2.3. OPTOELECTRICAL
Once the time series data for tilt measurements at each position along the beam is col-
lected, the optoelectrical modeling phase begins. As varying tilts will affect the incident
irradiance on the PV modules, the initial step consists of calculating this irradiance in Sub-
section 11.2.3. Equation 11.2.3 will continue by implementing the most suitable module
temperature model from the literature. Finally, the power output and system losses can be
obtained using the approach in Equation 11.2.3.

INCIDENT IRRADIANCE

The change in tilt affects the incident plane-of-array irradiance GPO A of a PV module [W
m−2], which was obtained with the isotropic Perez model [326] implementation of pvlib
[178]. It consists of three components: the direct Gdi r , diffuse Gdi f f , and ground-reflected
Gr e f irradiances. Their relation is expressed in Equation 11.19.

GPO A =Gdi r +Gdi f f +Gr e f (11.19)

These variables depend on the various components of solar irradiance: Global Hori-
zontal Irradiance (GHI), Diffuse Horizontal Irradiance (DHI), and Direct Normal Irradiance
(DNI). GHI represents the total irradiance received by a horizontal surface. This irradiance
can be split into direct and scattered components. The direct component DNI is the irradi-
ance that arrives straight from the sun to a surface normal to it. The sun altitude αS tackles
this difference in angle between the plane normal to the sun and the horizontal one. The
diffuse component DHI represents the irradiance received by the horizontal surface scat-
tered due to clouds and particles in the atmosphere. These three components are related as
in Equation 11.20.

GHI = DHI+DNI · sinαS (11.20)

MODULE TEMPERATURE

One key advantage of OFPV, leading to increased energy yield and system lifetime, is the
lower module temperature caused by higher wind speeds and the heat sink behavior of the
sea [370]. The operating efficiency of PV modules is higher when they function at a lower
temperature.

The increase in yield depends on the local conditions and the system design [348]. This
is reflected in the wide variety of results obtained by several researchers, in which the max-
imum difference in module temperature between FPV or land-based PV can range from
1.4°C [444] to 12°C [386]. Considering the impact of module temperature on PV power out-
put and the varying results documented in the literature, special attention needs to be paid
to modeling this quantity.

In literature, the most commonly used model to estimate the temperature of FPV sys-
tems is pvsyst’s module temperature model [257] (see Equation 11.21). This model is de-
rived from the heat balance proposed by Faiman [235] and its success lies in its simplicity.
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Algorithm 1 Algorithm for conducting the structural and optoelectric analysis of the float-
ing PV system.

Input Data: Wind speed Uw updated every hour. Consequently, the algorithm is repeated
every hour. Irradiance and temperature updated every 10 minutes.
function CALCULATE THE OCEAN-WAVE INPUT FOR THE HOUR(Uw )

Uw → (
Hs ,Tp

)→ S(ω)

Calculate the values of significant wave height Hs and peak time-period Tp from the
wind speed Uw by interpolating the expected wave characteristics for fully developed seas
with various wind velocities [410].

Calculate a JONSWAP spectrum [403] for these values of Hs and Tp to describe the
wind-driven sea state. This spectrum is the power-spectral density function S(ω) [m2 s],
which measures the intensity of each wave frequency in the sea state.
end function

function COMPUTE THE TRANSVERSE DEFLECTION IN THE PV PLATFORM(S(ω), RAO)

η(x, t ) =
j=n∑
j=1

RAO(x,ω j )
√

2S(ω j )∆ωexp
(
i (k j x−ω j t +α j )

)
Compute the transverse deflection time series from the input spectrum and RAO using

inverse Fourier transform. Evaluate the time series for 1h at the resolution of ∆t = 0.25s.
Here, k j is the wave-number for frequency ω j , calculated using the dispersion relation-
ship, while α j is the uniformly randomized initial phase.
end function

function GET TILT TIME-SERIES AT EACH PANEL LOCATION(η(x, t ))

θ(x, t ) = ∂

∂x

(
η(x, t )

)
Compute slope time series at each location on the PV platform by taking the derivative

of the deflection time series.
end function

function STRUCTURAL ANALYSIS(θ(x, t ), η(x, t ))
Use the tilt and deflection time series to compute the bending moment, shear force,

and longitudinal stress within the platform.
end function

function OPTOELECTRICAL ANALYSIS(θ(x, t ), GHI, Tamb)
Use the tilt time series, along with the global horizontal irradiance (GHI) and ambient

temperature Tamb , to compute the module temperature and the power produced by the
modules.
end function
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TC = Tamb +
α ·GPO A · (1−ηmod )

Uc +Uv ·w s
(11.21)

Where TC is the cell temperature [◦C], which will be used as module temperature TM ,
Tamb is the ambient temperature [◦C], α is the absorption coefficient [-] (the default value
of 0.9 will be used in this work), ηmod is the module power efficiency [-], Uc is the com-
bined heat loss factor coefficient [Wm−2 K−1], Uv is the combined heat loss factor coef-
ficient affected by wind [Wsm−3 K−1], and w s is the wind speed measured at a 10 meter
height [ms−1].

An overview of the Uc and Uv values of FPV systems in the literature has been provided
in the review by Micheli [370, Table 1]. Considering the similarity in conditions and the
OFPV system design, the study by Dörenkämper et al. [350] has been selected as a reference.

Dörenkämper et al. extracted the temperature coefficient of 5 FPV systems: 2 in the
Netherlands and 3 in Singapore. Amongst these systems, the one denoted as NL2 is the most
similar to this work. This system is closed (meaning that the back surface of the PV modules
is not directly exposed to the water surface), has a high footprint, can be categorized as
a pontoon made of HDPE or similar material, and is located in the Netherlands. For this
system, Uc is 25.2 Wm−2 K−1 and Uv is 3.7Wsm−3 K−1.

POWER OUTPUT

The power output of a PV module may deviate from the value indicated on the datasheet,
which is specified under standard test conditions (STC). In operating conditions, the in-
cident irradiance, temperature, and wind speed experienced by the PV module may vary.
As a result, the power output will differ from the STC value. This environmental effect
can be modeled by considering how the main electrical characteristics of a PV module are
impacted. Therefore, Eqs. 20.4-20.5 and 20.21-20.22 from [261, ch. 20] have been imple-
mented to model the effect of irradiance and temperature on the open circuit voltage VOC

[V], and short circuit current ISC [A].

The power produced by each module is the maximum power point (MPP) of the current-
voltage (IV) curve. This curve can be modeled using the ideal one-diode model expressed
in Equation 11.22 [261, ch. 20]. This equation ignores the effect of the series and shunt
resistances.

I = IL − I0 · (exp v −1) (11.22a)

v = V

Vth ·n ·NS
(11.22b)

where Vth is the thermal voltage equal to 25.85 mV and NS is the number of cells in the
module [-]. The unknowns of this equation, which are the light-generated current IL [A],
the dark saturation current I0 [A], and the ideality factor n, can be found by evaluating the
curve in the three points reported by the module manufacturer: the open circuit, the short
circuit, and the MPP points.
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ISC = IL (11.23a)

0 = IL − I0 · (exp vOC −1) (11.23b)

IMPP = IL − I0 · (exp vMPP −1) (11.23c)

By rearranging these equations, one can express the voltage as a function of the current
relying only on the known parameters, obtaining Equation 11.24a. The ideality factor n
is found by iteratively solving Equation 11.24b. This curve is computed for each series-
connected module, and the voltages are added up to obtain the system’s IV curve. By finding
the MPP point of this curve, one can estimate the DC power output of the system Ps y s [W].

V = n ·NS ·kB ·TSTC

q
· ln

((
1− I

ISC

)
· (exp vOC −1

)+1

)
(11.24a)

IMPP = ISC ·
(
1− exp vMPP −1

exp vOC −1

)
(11.24b)

When each module operates at its MPP, like when connected to an optimizer with an
MPP Tracker (MPPT), the system’s DC power output is the sum of PMPP of each module.
Due to the high cost associated with this approach, it is common to connect the PV mod-
ules in series before pairing them with an inverter. Since the MPP conditions of each mod-
ule will differ due to the varying incident irradiance, not all modules will operate at ideal
conditions and the system DC power output will be lower than when using the MPPT strat-
egy. The losses associated with this phenomenon are the power mismatch losses, which in
the context of this research, are caused by the different tilts and orientations of the series-
connected modules positioned along the structure.

By comparing the produced power output by the series-connected floating system P f loati ng

to the power produced by the system when each module is connected to an MPPT PMPPT ,
the waves-induced mismatch power loss Lmi s over a period of time T can be calculated
using Equation 11.25.

Lmi s = (1−
∫ T

0 P f loati ng (t )d t∫ T
0 PMPPT (t )d t

) ·100% (11.25)

Similarly, one can quantify the power loss due to the movement of the waves over a
time period T as in Chapter 10, where the power produced by a system subjected to waves
is compared to that produced by a horizontal one Phor . Phor is PMPPT with all modules
placed at a tilt of 0°. These three scenarios are graphically represented in Figure 11.3. The
expression of the movement power loss is that of Equation 11.26.

Lmov = (1−
∫ T

0 PMPPT (t )d t∫ T
0 Phor (t )d t

) ·100% (11.26)

The optoelectrical formulation was numerically implemented in Python using the PV
library pvlib [178]. The library has been extensively applied in several works and validated
under different conditions [445–447], ensuring the accuracy of the optoelectrical method-
ology.
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Figure 11.3: Schematic of the floating PV platform. a) Horizontal PV platform not subjected to the movement of
waves. b) Floating PV platform, with individual optimizers containing an MPP tracker and a DC-DC converter for
each PV module. c) Floating PV platform with all the modules connected in series and a single central inverter.

11.3. CASE STUDY DESCRIPTION

This section presents a hypothetical design of the floating PV platform. The proposed plat-
form has a length of Lp = 100m. It is constructed using High-density polyethylene (HDPE).
For our analysis, we consider that HDPE has density ρHDPE = 952kgm−3, Young’s modulus
EHDPE = 500MPa, and tensile yield strength of 27MPa. The platform is divided into individ-
ual identical floaters, interconnected with free joints, as shown in Figure 11.3. The weight
of the auxiliary connectors is ignored in the present analysis.

GA-F200T c-Si PV modules [448] are selected due to their flexibility which facilitates
their placement on a floating structure without impeding the structure’s deformation or
adding any resistance. The weight of the PV modules is negligible compared to that of the
platform, even if they were not lightweight modules.

The PV modules are placed horizontally on top of the floating platform. This decision is
made to ensure that the mechanical stability of the platform is not compromised by wind
load, although optimal production would require the PV modules to be tilted. The modules
are placed in a landscape orientation relative to the platform at a regular spacing of 2m
between the centers of the panels. Therefore, a total of 50 modules are connected in series.
Since the modeling is done in two dimensions, the sea waves income parallel to the string
of modules to emphasize the mismatch losses experienced by the modules.

We examine several scenarios, varying the number of floaters, the thickness of the floaters,
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and the rigidity of the floaters. We first examine the case of floaters having a solid rectan-
gular cross-section, assumed to be a beam thickness of hb = 0.20m, denoted as case PLA.
The 100m long platform is divided into a number of floaters, ranging from a single floater
N F = 1 of length L f = 100m (PLA-NF01), to N F = 50 of length L f = 2m each (PLA-NF50).
The platform characteristics for PLA are summarised in Table 11.1. The platform properties
form the required input for the FE-FSI model.

Table 11.1: Properties for the base case PLA.

Property Symbol Value

Floater beam thickness hb 0.20 m
Cross-section Moment of Inertia per unit width I = 1

12 h3
b 6.667×−104 m3

Young’s Modulus E = EHDPE 500MPa
Mass per unit area (incl. PV modules) m 192.956kgm−2

Characteristic hydro-elastic length Equation 11.28 λc 15.076m
Floater orientation Az 180° (South)

The analysis is conducted for the PV platform floating in an offshore environment with
a water depth d = 30m. The temperature and wind data were obtained for a location in
the North Sea near the coast, with coordinates 53°24’42"N, and 6°11’57"E for the year 2017.
The data was taken from the KNW KNMI North Sea Wind atlas [442], which is a public re-
analysis dataset of meteorological measurements. Specifically, we have taken the dataset
named KNW-CSV-TS-UPDATE at the ID 064-116. The GHI was not measured offshore thus
it was taken from the nearest ground station, 160 km from the offshore location. The data
was sourced from KNMI dataset of automatic weather stations in the Netherlands [449].
Specifically, the dataset Actuele10mindataKNMIstations at station-ID 277. The wind data
is updated hourly and serves as the input for obtaining the hourly JONSWAP ocean-wave
spectrum. The wave-spectrum input along with the complex-valued hydro-elastic response
from the FE-FSI model will then provide the tilt of each panel at a resolution of 0.25s, as
summarised in Subsection 11.2.2. The temperature and irradiance data are updated every
10 minutes. These are the inputs for the optoelectrical model. These environmental pa-
rameters are interpolated to match the 0.25s resolution of the tilt using cubic spline inter-
polation. Applying the BRL model [417], the components of DNI and DHI are derived from
the GHI. Despite the weather data not originating from an offshore location, it is presumed
that the irradiance profiles observed along the coast are comparable to those encountered
in offshore settings, providing a reasonable representation.

11.4. NUMERICAL RESULTS: BASE CASE

11.4.1. SETUP OF THE NUMERICAL DOMAIN
The structural analysis of the floating PV platform is carried out using the monolithic FE-
FSI model from Subsection 11.2.1. The presented FE model is capable of solving 2D and
3D problems, as demonstrated in [433]. However, in this work, we restrict ourselves to a 2D
analysis in the vertical plane. We consider a rectangular numerical domain, with a constant
water depth of d and total length of 5.5Lp , spanning between x ∈ [−4Lp ,1.5Lp ], where Lp

is the length of the floating platform. The floating PV platform is placed in x ∈ [0,Lp ]. The
wave input is prescribed using the inlet boundary Γi n . We additionally place a wide damp-
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ing zone between x ∈ [−4.0Lp ,−0.5Lp ) for absorbing any waves reflected by the floating PV
platform.

This numerical domain is discretized using 4th order rectangular elements, with con-
stant ∆x = 0.01Lp , while the vertical mesh size varies exponentially from 0.48d near the
bottom to 0.04d near the free-surface, to capture the high-gradients near the free-surface.
The choice of 4th order polynomial basis functions enables us to use coarser mesh size and
also allows us to compute the bending moments from the beam deflection. As per the con-
vergence analysis from [433], the selected mesh size is notably smaller than necessary for
capturing the beam deflection. However, our choice is dictated by the necessity to accom-
modate the highest wave frequency with non-zero amplitude in the chosen wave spectrum.

11.4.2. PLATFORM RESPONSE TO MONOCHROMATIC WAVES
The above-mentioned numerical setup is used to calculate the complex-valued response of
the floating PV platform. We first investigate the case PLA-NF01 (see Section 11.3), which
is made of a single floater of length L f = Lp = 100m. We study the response of PLA-NF01
to wave-frequency ω= 1.5rads−1 and wave-amplitude κ0 = 1m. Figure 11.6a-b present the
solution obtained from the FE-FSI model for the beam deflection η, free-surface elevation
κ and the velocity potential φ in the fluid domain. It should be noted that the FE model
returns a complex-valued solution for all unknowns, thus containing information about
both the amplitude of the response and the phase of the response.

Figure 11.6: Contour plot of φ and line plots of κ and η, obtained from the FE-FSI model, due to the interaction
of PLA-NF01 platform with ocean wave of frequency ω = 1.5rads−1. a) Real values of the solution. b) Imaginary
values of the solution.

For the purpose of the floating PV analysis, we are primarily interested in the deflection
η of the beam. In Figure 11.4, we present the magnitude of the complex-valued solutions for
deflection, slope, bending moment, and shear force, along the length of the platform. The
results are presented for two wave excitation frequencies ω= 1.5rads−1 and ω= 2.0rads−1.
These frequencies were selected to demonstrate the significant impact that excitation fre-
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Figure 11.4: Structural response of PLA-NF01, PLA-NF05 and PLA-NF25 floating platforms to monochromatic
ocean-wave excitation of ω = 1.5rads−1 and ω = 2.0rads−1. a-b) Magnitude of beam deflection and c-d) mag-
nitude of tilt, along the length of the platform. e-f) Magnitude of bending moment (BM) and g-h) magnitude of
shear force in the cross-section, per unit beam-width for unit-slope wave excitation.
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Figure 11.5: Structural response of PLA-NF01, PLA-NF05 and PLA-NF25 floating platforms to monochromatic
ocean-wave excitation of ω = 1.5rads−1 and ω = 2.0rads−1. a-b) Magnitude of longitudinal stress in the cross-
section, at yc = hb /2. Here yc is the normal distance between the rotation axis for bending and the location on the
cross-section.

quency can have on the structural response. In each sub-figure of Figure 11.4, we compare
the results for cases PLA-NF01, PLA-NF05, and PLA-NF25 (see Section 11.3), thus showing
the influence of changing the number of floaters.
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Let us first analyze the response for the single floater case PLA-NF01. The solution in
Figure 11.4a-b highlights that the magnitude of deflection of the beam is maximum at the
endpoints. Secondly, the magnitude of the motion is larger for the lower frequency ω =
1.5rads−1 compared to ω= 2.0rads−1. However, in both cases, the response in the leading
and the trailing portion of the platform is quite similar.

Next, we study the response for the 5-floater case PLA-NF05. In this case, the free joints
connecting the floaters are located at x ∈ {0.2Lp ,0.4Lp ,0.6Lp ,0.8Lp }. In Figure 11.4a-b, we
observe distinct cusps at these locations, along with local peaks in the magnitude of the de-
flection. This highlights that the heave motion of the platform is maximum at the endpoints
and the free joints. Once again, the overall response of the platform PLA-NF05 is lower for
the frequency ω = 2.0rads−1 compared to ω = 1.5rads−1. However, for ω = 2.0rads−1, we
can notably observe that the magnitude of the response is larger in the upstream portion
of the platform compared to the downstream portion. This is due to the partial reflection
of the incoming waves by the platform, resulting in a gradual decrease in the wave energy
propagating along the length of the platform.

Finally, we consider the case PLA-NF25 with 25 floaters. Figure 11.4a-b once again high-
lights cusps and local peaks at the joints, consistent with the previous observation. How-
ever, here the response for ω= 2.0rads−1 is notably higher compared to ω= 1.5rads−1. Fi-
nally, there is no notable decay in the response in the downstream section of the platform,
an indication of little reflection of the incoming wave energy for this frequency.

TILT, BENDING MOMENT, SHEAR FORCE AND LONGITUDINAL STRESS

The complex-valued solution of deflection η can be used to calculate the tilt, bending mo-
ment, shear force, and longitudinal stress within the floater beams. The expressions for the
local tilt (θ) of the floater beam, the bending moment (B M), the corresponding shear force
(V ) in the cross-section, and the longitudinal stress (σ) in the cross-section are expressed in
Equation 11.27. Here yc is the normal distance between the rotation axis for bending and
the location on the cross-section.

θ = ηx (11.27a)

B M = E I ηxx (11.27b)

V = E I ηxxx (11.27c)

σ= B M
yc

I
(11.27d)

Figure 11.4c-d present the magnitude of the complex-valued solution for slope (or tilt)
along the length of the platform, for ω = 1.5rads−1 and ω = 2.0rads−1. Firstly, it is notable
that for cases with joints, such as PLA-NF05 and PLA-NF25, a discontinuity in the slope
is evident across the free joints. This behavior is expected, as the joints offer no bending
resistance. Next, for PLA-NF01 and PLA-NF05, we note that the slope varies continuously
within each floater, indicating the presence of an elastic response for the floater beam. In
contrast, the plots for PLA-NF25 show a nearly constant slope within each platform. This
indicates that the response of PLA-NF25 for both ω = 1.5rads−1 and ω = 2.0rads−1 is not
elastic.

In Figure 11.4e-f we report the magnitude of the complex-valued solution for bending
moment along the length of the platform for ω = 1.5rads−1 and ω = 2.0rads−1. The bend-
ing moment is reported assuming unit width platform and unit-slope wave input kκ0 = 1.



11.4. NUMERICAL RESULTS: BASE CASE

11

191

Here k is the wave number for ocean-wave frequency ω, obtained from Equation 11.4. For
the corresponding cases, Figure 11.4g-h report the magnitude of shear force |V | and Fig-
ure 11.5 reports the magnitude of longitudinal stress σ at yc = hb/2 in the cross-section
of the floater beam. We obtain zero bending moment at the end points of the platform
because of the free-edge boundary condition. Also, given our choice of free joints, we ob-
tain zero bending moment at the joints for cases PLA-N05 and PLA-N25. The structural
response for PLA-N01 and PLA-N05 exhibit significant bending moment, shear force, and
longitudinal stresses, indicating strong elastic behaviour. On the other hand, the 25-floater
PLA-NF25 is observed to have a relatively small bending moment, indicating a largely rigid
body response. Further, the bending moment and stresses for case PLA-NF05 once again
highlight the gradual decay in the structural response along the length, owing to the partial
reflection of the incoming waves by the platform.

Table 11.2: Mean of the magnitude of the shear-load on the joints.

Case ω= 1.5rads−1 ω= 2.0rads−1

PLA-NF05 13.45kN 15.74kN
PLA-NF25 0.83kN 2.39kN

The shear force plot in Figure 11.4g-h also provides us with information about loads on
the joints connecting the floaters in the platform. PLA-NF05 consists of 4 joints, at x/Lp =
{0.2,0.4,0.6,0.8}. The magnitude of shear load on these joints is given by the value of plot at
these four locations. In Table 11.2, we report the mean of the load at these 4 joints. Similarly,
we can obtain the magnitude of the loads at the 24 joints in PLA-NF25. The mean of these
loads at the 24 joints of PLA-NF25 is also listed in Table 11.2 for the tested frequencies ω=
1.5rads−1 and ω= 2.0rads−1.

11.4.3. RESPONSE FOR A WIDE RANGE OF MONOCHROMATIC WAVES

In the previous section, we restricted the analysis to just two excitation frequencies. In this
section, we repeat the analysis for a wide range of excitation frequencies to better under-
stand the differences in the total structural response for 1, 5, and 25 floater cases.

We repeat the analysis for ω ∈ [0.5,5.0], which corresponds to ocean-wave length λ ∈
[2.5,190]m for the assumed water-depth d = 30m. This results in the contour plot Fig-
ure 11.7a,c,e for PLA-NF01, PLA-NF05 and PLA-NF25, respectively, which are analogous to
Figure 11.4a. In these contour plots, the x-axis is the position along the platform, the y-axis
is the excitation frequency and the contour levels are for the magnitude of the complex-
valued solution of beam deflection η. The arrows in the plots highlight ω = 1.5rads−1 and
ω = 2.0rads−1, which were studied in the previous section. Similar contour plots are pre-
pared for the calculated slope response, bending moment, and shear force. The contour
plots Figure 11.7b,d,f present the magnitude of slope for unit-magnitude wave excitation.
The contour plots Figure 11.8a,c,e present the magnitude of bending moment for unit-slope
wave excitation. Finally, the contour plots Figure 11.8b,d,f present the magnitude of the
shear force for unit-slope wave excitation. Note that the contour levels for PLA-NF25 are
different compared to PLA-NF01 and PLA-NF05 across Figure 11.7 and Figure 11.8.

There are certain common observations across the plots, 1) the deflection magnitude is
highest at the endpoints of the platform and at the free joints, 2) the slope is discontinuous
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Figure 11.7: Structural response along the length of the platform for ocean-wave frequency in range ω ∈ [0.7,5.0].
a-b) Magnitude of deflection and slope for PLA-NF01. c-d) Magnitude of deflection and slope for PLA-NF05. e-f)
Magnitude of deflection and slope for PLA-NF25. The arrows indicate the two frequencies that were plotted in
Figure 11.5.

at the free joints, 3) the bending moment and longitudinal stress are zero at the endpoints
and the free joints.

To explain the specific observations for each case, we recount the classification of the
global response of floating structures in Figure 11.9, based on the works [450, 451]. The
response can be classified using two ratios, length of floater vs ocean-wave length L f /λ,
and length of floater vs characteristic hydro-elastic length L f /λc . Here the characteristic
hydro-elastic length λc is defined as Equation 11.28 [450, 451]. For the structural properties
of PLA, given in Table 11.1, the characteristic hydro-elastic length λc = 15.076m.

λc = 2π

(
E I

ρg

)1/4

(11.28)
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Figure 11.8: Structural response along the length of the platform for ocean-wave frequency in range ω ∈ [0.7,5.0].
a-b) Magnitude of bending moment and shear force for PLA-NF01. c-d) Magnitude of bending moment and shear
force slope for PLA-NF05. e-f) Magnitude of bending moment and shear force for PLA-NF25. The arrows indicate
the two frequencies that were plotted in Figure 11.5.

In Figure 11.9, we have indicated the response regime in which the 1, 5, and 25 floater
cases are situated. For case PLA-NF01, the length of the floaters is the longest, i.e., both
L f /λc and L f /λ are large. This indicates a very flexible floating structure response, which is
evident in the results. Figure 11.8a shows a significant bending moment across the length of
the platform and for all frequencies, thus highlighting the presence of the elastic response.
This elastic behaviour however provides a stiffness against the wave excitation, thus result-
ing in smaller motions, as seen in lower deflection magnitudes in Figure 11.7a. Therefore,
PLA-N01 is observed to have lower motions, but higher structural loads.

On the other hand, PLA-N25 with 25 floaters has the smallest values of L f /λc and L f /λ,
suggesting a rigid body response. The deflection contour in Figure 11.7e highlights that
the motion of PLA-N25 is larger compared to PLA-N01. This motion of PLA-N25 is partic-
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Figure 11.9: Classification of the global response of floating structures [450]. The lines indicate the regime for PLA-
NF01, PLA-NF05 and PLA-NF25.

ularly large within the critical wave frequency range of [0.5,3]rads−1, which encompasses
the majority of fully developed wind-generated sea-states. The contour plot in Figure 11.8e
shows that the bending moment for PLA-N25 is at least one order of magnitude lower than
PLA-N01 and PLA-N25. This indicates that a reduced elastic response leads to overall larger
motions in the platform. Finally, we also observe that the leading floaters have higher mag-
nitudes of motion, especially for high frequencies. This suggests that the leading floaters act
as sacrificial barriers and reflect the incoming wave energy for the high frequencies. Overall,
the PLA-N25 platform is expected to have large motion but smaller structural loads.

The case PLA-N05 has intermediate values of L f /λc and L f /λ. Figure 11.7c and Fig-
ure 11.8c show a larger magnitude of deflection and bending moment in PLA-NF05 com-
pared to PLA-NF01. Hence this design choice would have worse motion and structural
loads compared to PLA-NF01. Furthermore, the plots highlight a gradual decay of the re-
sponse along the length of the platform due to successive partial reflection of the incoming
wave energy.

Lastly, we examine the loads on the joints for cases PLA-NF05 and PLA-NF25. In Ta-
ble 11.2, we provide the average magnitude of the loads across the joints, for two excitation
frequencies. In Figure 11.10, we present the average magnitude of loads for excitation fre-
quency ω ∈ [0.5,5.0]. We also present the maximum magnitude of loads, among the joints.
In general, we note that the PLA-NF25 has significantly lower loads on joints compared to
PLA-NF05. Secondly, for low frequencies, the mean and maximum of the loads across joints
is quite similar. However, for higher frequencies, notable differences emerge in the mean
and maximum joint loads. This disparity arises due to the increasing reflection of higher fre-
quencies along the length of the platform, resulting in higher loads in the upstream portion
and lower loads in the downstream portion. This phenomenon is particularly pronounced
in the case of PLA-NF25 for ω> 2.7rads−1, where the majority of the structural response is
borne by the upstream floaters, leading to large loads on the upstream joints.

In summary, based on these observations, we can infer that increasing the number
of floaters amplifies the platform motion. However, the structural loads exhibit a non-
monotonic trend. This occurs because increasing the number of floaters results in a shorter
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Figure 11.10: Maximum and average values of the magnitude of shear force |V | at the joints of cases PLA-NF05 and
PLA-NF25, for unit beam-width and unit-slope wave excitation.

length for each floater, causing the structural response to shift from elastic to rigid body
behaviour. Since structural loads depend on both the extent of the elastic response and
platform motion, a non-monotonic trend emerges. Therefore, there is a trade-off in select-
ing the optimal number of floaters.

Finally, we would like to use these results to highlight the significance of the hydro-
elastic natural frequency of the floating system. In Figure 11.7, we can see that the re-
sponse of PLA-NF25 peaks around ω = 2.8rads−1, response of PLA-NF05 peaks around
ω= 1.95rads−1 and the response of PLA-NF01 peaks aroundω= 1.5rads−1. These frequen-
cies correspond to the natural hydro-elastic frequencies of the floaters, which are inversely
proportional to the length of the floater. In the interest of brevity, we refrain from delving
into the natural frequencies of the floating elastic system in this work. However, the readers
are directed to [452, 453] for the discussions on the natural frequencies of such a floating
elastic system.

11.4.4. TILT DISTRIBUTION

As mentioned in Subsection 11.2.2, the tilt is the link between the structural and the opto-
electrical models. Figure 11.11a shows the standard deviation of the tilt along the platform
for PLA with 1, 5, and 25 floaters. As expected from the previously presented results, the
variation in tilt is larger for a higher number of floaters. In the case of 5 floaters, the highest
deviation is experienced at the hinges of the platform and the lowest one at the center of the
platform. In contrast, for the case of 25 floaters, the location of the hinges is not appreci-
ated. The highest deviation is experienced at the beginning and the lowest one at the end of
the platform. This is due to the already-mentioned effect of wave reflection. For the single
floater case, the highest deviation is experienced at the extremes but it undergoes in gen-
eral the lowest deviation in tilt. The modules at such unstable positions should be replaced
by fake ones or glass to observe the same mechanical behavior without compromising the
power output.

After having explored the variation of the tilt along the platform, Figure 11.11b shows
the distribution of tilt values over time at a specific position. One can observe again that the
variation in tilt is larger for a higher number of floaters. In particular, while the tilt oscillates
within a range of ± 10° for a single floater, it doubles to ± 20° when the platform is composed
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(a) (b)

Figure 11.11: (a) Standard deviation of the tilt along the platform for PLA-NF01, PLA-NF05, and PLA-NF25. (b) Tilt
values over time at x = 0.19 ·Lp for an increasing number of floaters. Both figures considered the tilt from 9:00 to
10:00 on January 1st.

of 50 floaters. Along time, the tilt values oscillate around 0°; however, when fixing the time
instant, the median values of the tilt along the platform may be positive or negative.

This greater variation in tilt for a higher number of floaters indicates that the power
losses will also increase with the number of floaters. A wider variation in tilt translates into
a greater range of irradiance values. This has a high influence on the power mismatch losses
as the wider the range, the larger the losses.

11.4.5. POWER LOSSES

The power output of the floating PV system is computed following the approach developed
in Subsection 11.2.3. To obtain a time series of the tilt and azimuth, the negative tilts are
transformed into positive ones after considering that the azimuth during those instants of
time would be the opposite of that which the system faces.

Table 11.3 shows the annual specific energy yield of the OFPV system with a single in-
verter (referred to as floating), the OFPV system with MPPT at the module level (MPPT),
and the one laying horizontally not subjected to the effect of waves (horizontal). These sys-
tems are facing South hence they are denoted as PLS. The values have been normalized to
the nominal power of the system. As expected, the floating system produces the least of
the three scenarios. In particular, the energy produced is 0.7% to 2.6% lower than when all
modules are laying horizontally. The MPPT scenario generates slightly less energy than the
horizontal scenario, with a difference ranging from 0.1% to 0.2%, depending on the number
of floaters. Production decreases as the number of floaters increases, with the floating sys-
tem being more impacted than the MPPT system. The horizontal scenario is not affected
by the number of floaters.

The results from Table 11.3 can be better analyzed by computing the mismatch and
movement losses. Figure 11.12a shows how the mismatch losses experience an increase
of 0.6% to 2.4% as the number of floaters increase, while the movement losses are almost
negligible. The latter can be attributed to the fact that, on average, the oscillations are cen-
tered around 0°. Due to the wave effect, the modules will face the sun at one time instant,
increasing productivity. However, at the next time instant, the modules will look away from
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Table 11.3: Annual specific energy yield [kWh/Wp] for the floating, MPPT connected, and horizontal PV systems
for different numbers of floaters for the PLS case.

Number of floaters [-] 1 2 5 10 25 50

Floating 1.001 1.001 1.000 0.999 0.991 0.982
MPPT 1.007 1.007 1.007 1.007 1.007 1.006
Horizontal 1.008 1.008 1.008 1.008 1.008 1.008

the sun, decreasing the production. If each module produces at its MPP, any extra power
generated at some time points is offset by lower power generation at others. Similar results
were reported in Chapter 10.

(a) (b)

Figure 11.12: (a) Yearly mismatch and movement losses of PLS systems for an increasing number of floaters. (b)
Power produced by the floating, MPPT, and horizontal PLS-NF25 systems on the day with the highest mismatch
losses.

This phenomenon can be seen in Figure 11.12b, which shows the power produced by
the floating, MPPT, and horizontal systems on the day with the highest mismatch losses.
The case of 25 floaters has been chosen as an example. The system with MPPT presents os-
cillations in power that are centered around the power produced by the horizontal system.
With a higher magnitude of the oscillations and shifted down, one can encounter the power
produced by the series-connected modules. In that same figure, the dip at around 11:30
shows the effect of a passing cloud on the power generation. The three systems produce
a similar output during that cloudy instant since the mismatch losses occur mostly during
sunny moments.

Three phenomena explain why December 28th is the day with the highest mismatch
losses. First, it is a sunny day. Mismatch losses are higher on sunny days when there is a
high portion of DNI than on cloudy ones. Out of the three irradiance components explained
in Subsection 11.2.3, the direct one Gdi r , which is directly proportional to the DNI, is most
affected by whether the module is facing the sun or not. Second, it is a windy day. The
waves considered in this work are generated by wind. A stronger wind generates a higher tilt
variation Chapter 10. Third, it is a winter day. The mismatch is a relative value that depends
on the power production. Since the production is higher in summer than in winter, the
same losses will be relatively larger in winter than in summer.
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For considerable oscillations to occur, all three phenomena must coincide simultane-
ously. It should be a sunny windy winter day. To showcase this, the power produced during
three more days is plotted in Figure 11.13. December 10th is a windy winter day but with
a low DNI component. January 22nd is a sunny winter day but with a low wind. July 9th is
a sunny windy day but during the summer. For the three days, the generation by the three
cases under study is equivalent.

Figure 11.13: Power produced by the floating, MPPT, and horizontal PLS-NF25 systems on selected days. Decem-
ber 10th is a cloudy windy winter day; January 22nd is a sunny not windy winter day; and July 9th is a sunny windy
summer day.

In terms of production, these findings are favorable as most of the losses will be re-
ported during periods of low generation. These findings also add a benefit to the symbio-
sis between offshore photovoltaic and wind electricity, as the mismatch losses caused by a
greater wind can be compensated by a higher production of wind power.

Before ending this section, we would like to comment on the tilt of the PV modules. To
enhance the mechanical stability of the system, the modules have been placed horizon-
tally on top of the platform. However, the optimal tilt for the North Sea is around 34° [414].
If the system under study were installed at this inclination, the mismatch losses would be
relatively lower. The magnitude of the oscillations would remain similar, resulting in equiv-
alent power loss. However, since the overall power production would be higher, the relative
power loss would be smaller.

11.5. VARIATIONS TO THE BASE CASE
In this section, we systematically alter the characteristics of the base case PLA to analyze
the impact of changing structural properties, such as Young’s modulus, thickness and cross-
section, and panel orientation on power mismatch losses.

11.5.1. ORIENTATION
This subsection explores how the power losses are affected when the PV system faces East
instead of South. Therefore, the system is denoted as PLE.

The movement and power mismatch annual losses for the two orientations are shown in
Figure 11.14a. The movement losses experience the same increase from 0.1% to 0.2% for the
two orientations. This indicates that orientation appears to have no appreciable impact on
the annual yield in the case of the MPPT connection. The power mismatch losses stay in the
range 0.6% to 2.6% for the two orientations. The losses are slightly lower for the East-facing
system for platforms with 10 floaters or less, but higher for 25 floaters or more.
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(a) (b)

Figure 11.14: (a) Annual power losses and (b) daily mismatch for the systems facing South (PLS) and East (PLE) for
an increasing number of floaters.

The distribution of mismatch loss for the two orientations, shown in the boxplots in
Figure 11.14b for an increasing number of floaters, shines a light on this behavior. The
South-oriented system experiences a wider range of daily mismatch values, reaching on
some days higher losses than the East-oriented system. For instance, the maximum daily
mismatch loss of 1 floater is close to 18% for the South-oriented system but lower than
6% for the East-oriented system. This behaviour occurs independently of the number of
floaters. However, in terms of the median, the losses of the system facing East are higher,
although the difference in median values between the two systems depends on the number
of floaters. For a low number of floaters, when the oscillations are small, the median loss
for the two orientations is similar. The outlying values of the South-oriented system make
that, throughout the year, the system experiences slightly higher losses. On the other hand,
when the number of floaters is 25 or 50 and the oscillations are higher, the considerable
difference in median loss between the two orientations compensates for the outlying daily
losses of the South-oriented system. This makes that the East-oriented system experiences
a higher annual mismatch loss.

The plots in Figure 11.15 help understand this difference in the distribution of mismatch
losses for the two orientations.

Figure 11.15a shows the power production on the day with the highest mismatch for
the East-oriented case, January 14th. The power losses for this East-facing PV system occur
mostly in the morning and afternoon instead of during noon as for the South-facing system.
One can also note that this is again a sunny winter day. However, as opposed to December
28th, there is a drop in production near noon due to clouds passing.

The difference in orientation also affects the daily loss throughout the year, as shown
in Figure 11.15b. A South-facing floater, which loses most of the power at noon, faces rel-
atively high losses in the cold months when the days are short and most of the irradiance
is centered around noon. An East-facing floater during those months is beneficial as most
mismatch losses will occur when the irradiance is not so high. During the long summer
days, the losses occurring at noon by the South-facing floater are not so detrimental be-
cause the irradiance is also high at noon. However, for the East-facing floater, the losses
are relatively larger as the irradiance is still high in the hours around noon. However, the
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(a) (b)

Figure 11.15: (a) Power produced by the floating, MPPT, and horizontal PLE-NF25 systems on January 14th, the
day with the highest daily mismatch losses. (b) Daily mismatch throughout the year for PLE-NF25 and PLS-NF25.

highest daily mismatch losses still occur in winter due to the higher wind speeds and lower
produced power.

11.5.2. YOUNG’S MODULUS
We start with the base case PLA, as defined in Table 11.1, and vary only the Young’s mod-
ulus of the material. We explore three scenarios: E = 0.5EHDPE , E = 1.0EHDPE , and E =
2.0EHDPE . Figure 11.16a illustrates the annual mismatch and movement losses, for plat-
forms with various number of floaters, for these three values of Young’s modulus. Fig-
ure 11.16b presents the distribution of the daily mismatch losses.

(a) (b)

Figure 11.16: (a) Annual power losses and (b) daily mismatch for systems with varying Young’s modulus for an
increasing number of floaters.

From the plots, an interesting trend emerges, which can be explained, based on our
analysis in Section 11.4. For 25 and 50 floaters, there is no discernible difference in the mis-
match losses across the three Young’s modulus values. In scenarios with a high number of
floaters, the length of each floater L f is small, resulting in small ratios L f /λ and L f /λc , in-
dicative of a rigid body response. As observed earlier in Figure 11.8e-f, under the rigid body
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response regime, the bending moment within the structure is minimal. This emphasises
that the bending stiffness of the beam has little influence on the structure’s response, hence
altering the Young’s modulus of the material yields little difference in the mismatch losses.

Conversely, scenarios with a low number of floaters will have higher values of L f /λ and
L f /λc , implying an elastic response. As per our observation in Figure 11.8a-b, in these in-
stances, the elastic response of the floater dominates. As a result, we observe distinct differ-
ences in the mismatch losses when the Young’s modulus is altered for scenarios with a low
number of floaters. Moreover, increasing the Young’s modulus enhances the bending stiff-
ness of the structure, thereby reducing the platform’s motion and consequently diminishing
the overall mismatch losses. This explains the observed reduction in losses with increasing
Young’s modulus, for cases with fewer number of floaters.

11.5.3. THICKNESS
In this section, we revisit the base case PLA, varying only the thickness of the beam. Case
PLA has a thickness of hb = 0.2m. We additionally test scenarios with thicknesses hb =
0.1m and hb = 0.4m. Figure 11.17a presents the annual mismatch and movement losses for
platforms with 1-50 floaters, for these three floater thickness values. Figure 11.17b presents
the distribution of daily mismatch losses for the same thickness values. These plots reveal
a curious trend. For scenarios with 1, 2, 5, and 10 floaters, an increase in platform thickness
leads to a reduction in mismatch losses. However, for 25 and 50 floaters, an increase in
thickness conversely results in increased mismatch losses.

(a) (b)

Figure 11.17: (a) Annual power losses and (b) daily mismatch for systems with varying thicknesses for an increasing
number of floaters.

The observation for fewer floaters is easily explained. In cases with fewer floaters, the
structure operates in the elastic regime due to high values of L f /λc and L f /λ. Therefore, the
elastic response dominates. Since the bending stiffness E I ∝ h3

b , an increase in thickness
significantly enhances the bending stiffness, resulting in substantially smaller motions for
hb = 0.4m compared to hb = 0.1m, thereby leading to lower mismatch losses.

The reversal of this trend for 25 and 50 floater scenarios can be explained by exam-
ining the influence of hb on the characteristic hydro-elastic length of the structure, i.e.,
λc ∝ (hb)3/4. For a given floater length L f , changing the floater thickness alters the ratio

L f /λc ∝ (hb)−3/4. Consequently, a thinner beam exhibits a higher L f /λc , indicating an
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elastic-dominant response, while a thicker beam results in a lower L f /λc , leading to a rigid
body response.

This distinction is further supported by the contour plots of longitudinal stress in the
floater cross-section, as presented in Figure 11.18. In Figure 11.18a-c, we present the con-
tour plots of the magnitude of stress for a platform composed of a single floater of L f =
100m (PLA-NF01) with floater thicknesses hb of 0.1m, 0.2m, and 0.4m, respectively. In
Figure 11.18d-f, we present the contour plots of the magnitude of stress for a platform com-
posed of 25 floaters of L f = 4m (PLA-NF25), with floater thicknesses hb of 0.1m, 0.2m, and
0.4m, respectively. In the PLA-NF01 scenario, there is significant stress across a wide range
of excitation frequencies for all thicknesses, indicating elastic response. In the PLA-NF25
scenario, we observe nearly zero stress for the 0.4m floater, indicating a rigid body response;
while strong stresses are observed for the 0.1m floater, indicating an elastic response.

Figure 11.18: Longitudinal stress in the floater beam cross-section. a-c) PLA-NF01 with hb = 0.1m, 0.2m, 0.4m.
d-f) PLA-NF25 with hb = 0.1m, 0.2m, 0.4m.

As hb = 0.4m for PLA-NF25 has very little elastic response, there is no additional stiffness
against wave excitation, resulting in large motions and mismatch losses for 25 and 50 floater
cases. Conversely, hb = 0.1m exhibits significant elastic response even for 25 and 50 floater
scenarios, providing additional stiffness against wave excitation and resulting in smaller
motions and mismatch losses.

11.5.4. FILL RATIO
In this test, we modify the cross-section of the floater. The base case PLA has a solid cross-
section. We test scenarios, where the middle portion of the cross–section is hollowed out,
to minimise weight with limited influence on the bending stiffness. We quantify this using
a fill ratio γ. In addition to solid cross-section having γ = 1, we test cases with γ = 0.5 and
the lightest γ= 0.25.

Figure 11.19a presents the annual mismatch and movement losses for platforms with
1-50 floaters, for these three fill-ratio values. Figure 11.19b presents the distribution of daily
mismatch losses for the same. Similar to Subsection 11.5.3, the obtained trend is dependent
on a interplay between rigid-body and elastic response, driven by the change in bending
stiffness, mass and characteristic hydro-elastic length.
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(a) (b)

Figure 11.19: (a) Annual power losses and (b) daily mismatch for systems with varying fill factors for an increasing
number of floaters.

11.6. CONCLUSIONS
In this work, we have analyzed the interaction of an OFPV system with surface waves fo-
cusing on the structural loads of the platform and the mismatch losses experienced by the
system. Using a combined framework to study this multi-physics problem, we have exam-
ined how the number of floaters, orientation, platform’s Young modulus, thickness, and fill
ratio affect the structural and optoelectrical response of the OFPV system. The main key
findings are:

• There exists a trade-off in selecting the number of floaters. An increase in the number
of floaters amplifies the platform motion. Optoelectric considerations favor smaller
motions, making a design with a single or a few long floaters preferable to minimize
the tilting of the PV panels. However, this choice of fewer and longer floaters intro-
duces higher structural stresses and potential fatigue-related concerns. Opting for a
large number of small floaters leads to a transition from elastic to rigid body response,
resulting in minimal elastic stresses. Fortunately, the highest mismatch losses occur
on sunny windy winter days, therefore periods of low generation.

• The system orientation shows a limited effect on the mismatch losses. This was ex-
pected considering the original horizontal position of the PV modules. However,
North-South oscillations are preferred over East-West oscillations as the losses in the
latter case are relatively higher for most of the year except for winter.

• The structural properties of the platform can have a significant influence on the over-
all power mismatch losses. A change in Young’s modulus, thickness, or cross-section
of the floater beam can alter the hydro-elastic response from a rigid body response to
an elastic dominant response. This influence depends on the number of floaters of
the platform.

• The scenarios with up to 10 floaters were observed to have an elastic dominant re-
sponse. As a consequence of this, the power mismatch loss is observed to reduce
with an increase in Young’s modulus of the material, with an increase in the thickness
of the floater beam, or with an increase in the fill ratio for the cross-section.
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• For the 25 and 50 floaters scenarios, we observed a rigid body response for all tested
values of Young’s modulus. Therefore, Young’s modulus did not have a significant
impact on the power mismatch losses. On the other hand, the 25 and 50 floaters
scenarios showed an elastic dominant response for low floater thickness and a rigid
body response for high floater thickness. As a result of this, a thinner floater resulted
in lower mismatch losses, due to added resilience from the hydro-elastic response. A
similar trend was seen when varying the fill ratio, where a low fill ratio offered lower
power mismatch losses due to the hydro-elastic response.

Overall, the work highlights the interplay between the hydro-elastic response and the
design and properties of VLFS such as a floating PV platform. The work further presents
the consequence of this hydro-elastic response on the potential optoelectric performance
of the floating PV platform in offshore conditions. Our future work will focus on 3D analysis
of this problem, allowing for irregularly shaped floating PV platforms and presenting the
response in the presence of mooring lines. Further, the hydro-elastic model will be devel-
oped to account for the non-linearity in the ocean waves and the structural response. The
exploration of alternative locations and different floating structures, such as membranes, is
also worthwhile.







12
SHADING TOLERABILITY

Partial shading significantly reduces the performance of PV modules, though its impact varies
across different models. Assessing this tolerance is challenging due to the unpredictable na-
ture of shading events. In this chapter, we develop a shading tolerability (ST) calculator, a tool
that quantifies a module’s ST as a numeric parameter for comparative analysis. ST is calcu-
lated based on a literature-defined methodology, which involves determining the power at
the maximum power point under various shading scenarios with equal probability of occur-
rence. The tool was adapted to calculate ST for four irradiance levels efficiently. We compiled
a database of ST values for 423 commercial modules with a conventional layout of series-
connected cells, ranging from 18.4% to 21.4%.

This chapter has been adapted from the Trust-PV report A. Alcañiz, J.C. Ortiz Lizcano, H. Ziar, M. Dallapiccola, Y.
Snow, I. Kaaya, “Residential-scale integrated energy yield simulation and reliability modelling framework” (2023)
[234] and from the work A. Alcañiz, N. Rukhshi, R. Koutarapu, O. Isabella, and H. Ziar “Quantifying Shading Toler-
ability in Commercial Photovoltaic Modules” submitted to Progress in Photovoltaics.
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12.1. INTRODUCTION
One important source of mismatch power losses affecting photovoltaic (PV) systems is par-
tial shading. Partial shading can be caused by various phenomena such as passing clouds,
dust, dirt, snow, or bird droppings affecting all types of PV systems [454, 455]. However, res-
idential PV systems are especially affected by partial shading due to obstacles present in the
urban environment [456]. This higher shading frequency can decrease the performance ra-
tio up to 25% [457], although the exact value depends on the shading profile of the location
and the PV module.

Partial shading can drastically reduce a PV system’s energy yield and cause the cells to
operate in reverse bias. This leads to rising temperatures resulting in hot spots, which can
lead to local defects, permanent damage, and degradation of PV modules [458–461]. Active
or passive bypass diodes can mitigate these issues but cannot eliminate them [462, 463].
Selecting a PV module with minimal shading losses is crucial.

Although hot spot endurance test procedures are available in standards [464], there is
currently no straightforward method to compare the electrical performance under shading
of different PV modules. It is hard to understand and quantify how a PV module reacts to
shading compared to others. Currently, a module’s resistance to shading is rarely listed on
datasheets, and when present, it is expressed qualitatively with statements such as “Better
performance under shade” [465], “excellent performance in low-light environments” [466],
or “high performance under low light conditions” [467]. Such general qualitative statements
make it difficult for a PV system designer to compare modules when trying to select the best
one for a certain location in terms of shading.

With this issue in mind, Ziar et al. suggested the concept of shading tolerability [457].
Their objective was to develop a quantified numerical parameter that measures the ability
of PV modules to withstand shading. This can be used to rank, compare, and choose the
optimum module. Since shading is a random process, it is not practically feasible to test a
PV module in all possible shading scenarios. For that reason, Ziar et al. employed a prob-
abilistic approach to define shading tolerability (ST) as the “mathematical expectation of
power production of a PV module under shading”. The mathematical expectation E(x) of a
discrete variable x is:

E(x) =∑
k

xk ·p(xk ) (12.1)

where p(x) is the probability that x occurs.

In the problem at hand, k would be the shading scenarios, which are all possible ways
the module can be shaded and are based on the assumption that the incident irradiance
across the surface of a PV cell is homogeneous, and can be any value between 0 and 1000
W/m2. Additionally, the probability of different scenarios to occur and of different cells
within the module to be shaded is equal. Since the objective is to compute how much power
a module would produce when subjected to shading, xk would be the power output under
the shading scenario k (Pk ). For a PV module with c cells subjected to i different irradi-
ance levels, there are a total of N = i c shading scenarios. Therefore, each scenario has an
equal occurring chance of 1

i c . Adding all of these factors and normalizing the output power
with the nominal power Pnom to compare modules with different rated powers, one obtains
Equation 12.2 for the shading tolerability,
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ST = 1

Pnom

i c∑
k=1

Pk
1

i c = 1

Pnom

1

N

N∑
k=1

Pk (12.2)

where Pk is the maximum power point (MPP) power produced by the module under the
shaded scenario k.

After defining the figure of merit, Ziar et al. measured the shading tolerability for sev-
eral commercial PV modules. To make ST measurable, the irradiance levels were set to 2
(the minimum possible), and the modules were divided into 6 geometrically equal sections.
They validated this approximation by showing that a module with a higher ST at i = 2 also
has a higher ST as i approaches infinity. This resulted in a total of 26 = 64 measurements
to perform, which led to an average measurement time of around 6 hours per module [457,
468]. As the objective is to include ST as a figure of merit in the PV modules datasheet, such
long measurement times may hinder its promotion. Moreover, the division of the PV mod-
ule into 6 sections ignores several phenomena that affect when a few cells are shaded, such
as the breakdown voltage of the cell.

A solution to these limitations would be to compute numerically the shading tolerabil-
ity, which is what Klasen et al. performed in their work [469]. Instead of using a probabilis-
tic approach, they considered Monte Carlo simulations for this purpose. They emulated
a large number of rectangular and random scenarios to compute the “average normalized
power for partial shading” Pps . They also studied the effect of different module layouts
(conventional, butterfly, shingle string, and shingle matrix). Similarly, Fauzan et al. studied
the tolerance to partial shading of several PV module layouts [470]. Rectangular, circular,
and diagonal shading shapes of different sizes were emulated. They showed the superior-
ity of their proposed layout, the small-area-high-voltage module, which showed a similar
shading response as the Tessera concept [471]. These two studies focused only on the im-
pact of module layout on shading tolerability, ignoring several other parameters that could
be relevant as well, such as the number of bypass diodes and the cell electrical characteris-
tics.

Another concern with the latter approach is the predefined shape of shading scenarios,
which fails to capture the randomness of the problem. This limitation is also found in other
studies, which either use fixed shading shapes or focus on the shading profile of a specific
environment [456, 472–474].

Motivated by these limitations, this work aims to develop a tool for efficiently computing
the shading tolerability of commercial PV modules. The tool is designed to quickly calculate
ST as a numeric parameter using only the datasheet parameters of the module. Building on
the methodology established by Ziar et al., this approach ensures both effectiveness and
efficiency. The tool is utilized to generate a database of ST values for modules with a con-
ventional layout of series-connected cells. We aim to explore the effect of various electrical
parameters such as nominal power or breakdown voltage on ST. Additionally, we demon-
strate the tool’s application to commercial modules, paving the way for the inclusion of ST
in module datasheets.

This work continues by developing the ST calculator in Section 12.2. Essential parame-
ters for the calculator are determined in Section 12.3. The tool is improved in Section 12.4
by reducing its computational requirements. Finally, Section 12.5 presents the database of
ST values and related discussion before concluding in Section 12.6.
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12.2. SHADING TOLERABILITY CALCULATOR
The first step consists of developing a program that computes the ST. MATLAB was chosen
as the programming language for this. Figure 12.1 shows the steps required to build the cal-
culator. One feature of this calculator is that it only uses the datasheet parameters as input,
facilitating its use. The shading scenarios are determined by knowing the module layout,
number of cells, and bypass diodes. Since calculating the maximum power point of i c sce-
narios is highly computationally intensive, an approach is developed to remove equivalent
scenarios, defined as those that yield the same output power. The IV curve is calculated for
the reduced scenarios, with which the ST can be computed using Equation 12.2.

Figure 12.1: Flowchart of the shading tolerability calculator.

12.2.1. FINDING THE SHADING SCENARIOS
The shading scenarios are all the possible ways that a module can be shaded. For an 18-cell
module and two irradiance levels, there are N =218 = 2.6×105 scenarios. Some of these sce-
narios are shown in Figure 12.2. Examples (a) and (b) or (c) and (d) yield the same power
output numerically. We call these equivalent scenarios, defined as those scenarios whose
output IV curve is theoretically the same. This is based on the plausible assumption that all
cells are identical within a PV module. To identify the equivalent scenarios, one needs to
consider the number of shaded cells and the effect of bypass diodes. Examples (d), (e), and
(f) yield a different power output despite having the same number of shaded cells because
of their distribution among the bypass diode (BD) strings. The scenarios that are not equiv-
alent to each other are referred to as unique. Therefore, scenarios (a), (c), (e), and (f) are
unique. Instead of scenario (a) one could select its equivalent scenario (b) as unique, hence
the set of unique scenarios would be (b), (c), (e), and (f).

Figure 12.2: Examples of shading scenarios in an 18-cell series-connected module with two irradiance levels. Illu-
minated cells are represented in yellow while shaded ones are colored in brown.

One unique scenario can represent all of its equivalent scenarios. For instance, the
shading scenario in Figure 12.2(a) can represent the power produced by 18 other scenarios,
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since the shaded cell can be allocated in 18 different positions. Figure 12.2(b) will be one of
these represented scenarios. We define counts as the number of equivalent scenarios rep-
resented by each unique scenario. Hence, the counts of the scenarios in Figure 12.2(a) and
Figure 12.2(b) are 18.

Using equivalent scenarios reduces the number of shading scenarios to be considered
for computing the shading tolerability. Instead of computing the power Pk for all the N
shading scenarios and adding them up during the summation in Equation 12.2, one can
identify the Nuq unique scenarios, calculate the power for each, and then multiply the
power of each unique scenario by its counts.

To identify the unique scenarios and their counts, we start by calculating the unique
shading scenarios on a string level, the string scenarios. A string is defined as a group of
series-connected cells protected by a parallel bypass diode. We call this a BD string. Within
a BD string, only the number of shaded cells is required to know the power output, not their
position within that string. This simplifies the identification of the string scenarios.

The first step towards finding the string scenarios consists of calculating all the unique
shading scenarios within a BD string. Consider a string with 6 cells and 2 irradiance lev-
els, like those composing the modules from Figure 12.2. The unique scenarios are no cells
shaded, one cell shaded, two cells shaded, and so on until all 6 cells are shaded. There are
a total of cstr +1 unique string shading scenarios for 2 irradiance levels, with cstr being the
number of cells in the BD string.

The counts for each of these unique string scenarios nstr is expressed with the binomial
coefficient presented in Equation 12.3, where csh is the number of shaded cells within the
BD string. The binomial coefficient expresses combinations without repetition. In our case,
the binomial coefficient expresses the number of possible combinations of csh shaded cells
from a total of cstr cells in the string. Figure 12.3 illustrates all the unique string scenarios
for the module shown in Figure 12.2, along with the counts for each scenario.

nstr =
(

cstr

csh

)
= cstr !

csh ! · (cstr − csh)!
(12.3)

Figure 12.3: Unique string shading scenarios with two irradiance levels and counts nstr for each scenario for a BD
string composed of 6 cells. Illuminated cells are represented in yellow while shaded ones are colored in brown.
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The unique string scenarios are combined to obtain the unique shading scenarios on
the module level. Consequently, the counts of each module-level scenario depend on the
counts of the string scenarios that compose each scenario. To consider all the possible com-
binations for a specific scenario, the counts of the string scenarios that compose the shad-
ing scenario need to be multiplied. Additionally, depending on the position of the string
scenarios, different shading scenarios are created corresponding to the same equivalent
scenario. Figure 12.4 illustrates this phenomenon for the three possible cases occurring for
the 18-cell module from Figure 12.2. When all the string shading scenarios are different,
there is a total of 6 different possible combinations (case 1). When two of the three shading
strings are equal, there are 3 possible combinations (case 2). If all the string scenarios are
the same, there is only 1 possible combination (case 3). The number of equivalent scenarios
that can be created by combining string scenarios is represented as ncomb . To obtain this
value, one needs to consider the number of repetitions r epstr of the unique string scenarios
Nuq,str that compose the shading scenario. This is expressed in Equation 12.4, where sBD is
the number of BD strings. Figure 12.4 illustrates the usage of this equation for the possible
cases in the 18-cell module with three BD strings.

ncomb = sBD !∏Nuq,str

str=1 r epstr !
(12.4)

Combining all this information, one finds the counts for a shading scenario on the
module level nsc . First, one needs to consider the counts of each of the string scenarios
that compose the shading scenario using Equation 12.3 and then the number of ways that
these string scenarios can be combined using Equation 12.4. With those, one reaches Equa-
tion 12.5.

nsc = ncomb ·
sBD∏
b=1

nstrb = sBD !∏Nuq,str

str=1 r epstr !
·

sBD∏
b=1

(
cstrb

cshb

)
(12.5)

Figure 12.5 exemplifies this process for a shading scenario of an 18-cell module with 3
bypass diodes. The shading scenario is formed by combining three unique string scenarios.
Referring to Figure 12.3 one can find the counts for each string scenario. Then, one consid-
ers how many of these strings are repeated, if any. In the example, all strings are different
hence ncomb = 6. After multiplying all the computed values, one obtains the counts of the
exemplified shading scenario.

Equation 12.5 was obtained for the case of two irradiance levels, so it should be gener-
alized to any number of irradiance levels i . The extension of the binomial coefficient for
more than two classes of elements is the multinomial coefficient. To adapt it, the counts for
the string scenarios nstr need to include the number of cells c j with each irradiance value
j . Therefore, Equation 12.3 transforms to Equation 12.6.

nstr =
(

cstr

c1c2c3...

)
= cstr !∏i

j=1 c j !
with cstr =

i∑
j=1

c j (12.6)

The combinations of the string scenarios ncomb as illustrated in Figure 12.4 are inde-
pendent of the number of irradiance values. Therefore, the general form of Equation 12.5
for i irradiance levels transforms to Equation 12.7.
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Figure 12.4: Possible case combinations of string scenarios to form shading scenarios on the module level. The
examples correspond to an 18-cell module with 3 BD strings. Depending on the number of repeated string scenar-
ios, a different number of combinations can be formed.

Figure 12.5: Graphical process to find the counts for a shading scenario. The example corresponds to an 18-cell
module with 3 bypass diodes and considering 2 irradiance levels.

nsc = ncomb ·
sBD∏
b=1

nstrb = sBD !∏Nuq,str

str=1 r epstr !
·

sBD∏
b=1

cstrb !∏i
j=1 c jb !

(12.7)
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Using this equation, one finds that the counts of the scenario in Figure 12.2(a) are 18;
60 in (c); 216 in (e); and 540 in (f). With this approach, the power output for a commercial
60-cell PV module with 3 bypass diodes and considering 2 irradiance values needs to be cal-
culated for only the Nuq 1771 unique scenarios instead of for all the 260 = 1.2×1018 shading
scenarios.

12.2.2. DEVELOPING THE IV-CURVE CALCULATOR
The next step consists of developing an efficient and accurate IV curve calculator that pro-
vides PMPP of a PV module under a specific shading scenario. The approach employed is
based on the 2-diode model developed by Ishaque, Salam, et al. [475]. It consists of a para-
metric approach with several simplifications which considerably reduce the computational
time and complexity, yet being able to model a two-diode model. The model was modified
to consider i) the curves at the cell level, ii) the dependency with temperature and irradi-
ance [476, Eq. 2, 4–6], and iii) the reverse bias region [477]. The implemented IV curve is
shown in Equation 12.8 where

I is the output current [A],
IPV is the photogenerated current at Standard Test Conditions (STC) [A] considered

equal to the short circuit current at STC,
I0 is the saturation current [A] equal for both diodes and found explicitly [478, Eq. 7],
V is the output voltage [V],
Rs is the series resistance [Ω],
Vth is the thermal voltage [V] equal to kB ·Tc

q with kB being the Boltzmann constant

1.38×10−23 J/K, q being the electron charge 1.60×10−19 C, and Tc representing the cell tem-
perature [◦C],

p is the sum of the two diode ideality factors which can be chosen arbitrarily as long
as it is higher than 2.2 (a value of 2.5 was set in this work),

Rp is the parallel or shunt resistance [Ω] found together with Rs by iteratively solving
Equation 12.8 under MPP conditions,

Vbr is the breakdown voltage [V] which depends on the cell material/technology, and
abr and mbr are constants used to model the reverse bias region with values 2×10−3

and 3, respectively [479].

I = IPV − I0

[
exp

(
V + I ·Rs

Vth

)
+exp

(
V + I ·Rs

(p −1) ·Vth

)
−2

]
− V + I ·Rs

Rp

−abr · (V + I ·Rs )

(
1− V + I ·Rs

Vbr

)−mbr

(12.8)

The cell temperature Tc was calculated using the NOCT (Normal Operating Cell Tem-
perature) model shown in Equation 12.9 [261, Eq. 20.2]. This model was selected for its
simplicity and the presence of the NOCT temperature TNOC T in the modules’ datasheet.

Tc = Ta + TNOC T −20

800
Gc (12.9)

where Ta is the ambient temperature [◦C] (set to 25◦C in this work), and Gc is the incident
irradiance on the cell [W/m2].
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The model was extended to the module level by considering the interconnection of cells
in series or parallel and the implementation of bypass diodes. The bypass diode is activated
when the string voltage drops below −VF , the negative of the diode’s forward voltage. The
forward voltage changes as a function of the current in the range 0.1 to 10 A, modeled based
on the p-n F1200A-Semikron bypass diode [480] at 25 ◦C.

The complete process for the IV calculator is as follows. First, the IV parameters under
STC at the cell level are computed. Then, the calculator obtains the cell temperatures for
the possible incident irradiance values. Using those values and the corresponding incident
irradiances, the IV curves on the cell level can be calculated. Considering the module lay-
out, the cell IV curves are combined in series or in parallel with the bypass diodes taken
into account to obtain the module IV curves. From there, the PMPP for each scenario is ob-
tained. The benefits of this methodology are its low input requirements (datasheet param-
eters and the breakdown voltage, which is assumed based on the cell material/technology)
and high computational speed (6 ms per shading scenario for a personal computer with
Intel(R) Xeon(R) W-2223 CPU@3.60GHz and 8 GB of RAM).

The model was validated against measurements of a Canadian Solar CS6P 230P 60-
cell module under various partial shading conditions, provided by EURAC Research [481].
Shading is done by covering a certain percentage of all cells in the first and/or third column
and three different irradiance values. The PMPP absolute errors for all measurements can
be seen in Figure 12.6. The errors at 1000 W/m2 are the lowest, while those at 200 W/m2 are
the highest. This indicates the higher difficulty of simulating IV curves at lower irradiance
conditions. All errors lie below 4.5%, with most actually below 3%, considered low enough
to develop the ST calculator.

Figure 12.6: (a) Validation of the IV calculator by showing the maximum power point errors for measurements
executed on Canadian Solar CS6P 230P modules. 1st to 7th indicate seven applied shading scenarios. (b) Photo of
the module being tested under a shading scenario equivalent to the 6th.

12.2.3. VISUALIZING THE SHADING TOLERABILITY

Once the PMPP for each unique shading scenario is obtained, the shading tolerability can
be calculated. Since the power is calculated for only the unique shading scenarios instead
of all of them, Equation 12.2 needs to be adapted. As mentioned in Subsection 12.2.1, a
unique scenario sc yields the same power output as its nsc equivalent scenarios. In Equa-
tion 12.2, the power of these equivalent scenarios would be added up. However, one ob-
tains the same value by calculating the PMPP of the unique scenario and multiplying it by
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its counts nsc . Thus, Equation 12.2 is modified to sum, not the power of all N shading sce-
narios, but rather the MPP power Psc of the Nuq unique scenarios multiplied by its counts
nsc . Since all shading scenarios contribute to the ST calculation, the sum of all the counts

for the unique scenarios
∑Nuq

sc=1 nsc should be equal to the total number of scenarios N = i c .
By incorporating these changes into Equation 12.2, one reaches Equation 12.10, which en-
ables the calculation of ST by considering only the power produced by the unique shading
scenarios.

ST = 1

Pnom

1

N

N∑
k=1

Pk = 1

Pnom

1∑Nuq

sc=1 nsc

Nuq∑
sc=1

Psc ·nsc (12.10)

To increase understanding of the shading tolerability concept, Ziar et al. introduced a
relevant metric: the percentage ST ST% [457]. This metric quantifies how shading-tolerant
a module is relative to the theoretical maximum shading tolerance. Additionally, the metric
allows comparing results obtained when the minimum irradiance is difference. ST% is cal-
culated by dividing the ST value by the maximum possible theoretical ST value STmax . The
maximum theoretical ST is obtained for a module with no additional losses when shaded,
where the module produces power directly proportional to its unshaded area. A module
that generates 50% of its rated power when 50% of its area is shaded would have this max-
imum ST. For this module, ST equals the average irradiance normalized by the irradiance
under STC conditions (1000 W/m2). For an irradiance range between 0 W/m2 and 1000
W/m2, STmax = 0.5.

Another way to express shading tolerability is through visualization. The goal is to ob-
serve the power output across all considered scenarios for the module. While one option
would be to plot the power output for each shading scenario, it poses a challenge as the
scenarios have no physical significance. To address this, the shaded area of each shading
scenario is employed. We define the shaded area fraction (SAF) of a specific shading sce-
nario as the area percentage that receives the lowest irradiance Gmi n assuming that the
remaining area receives the maximum irradiance Gmax . When two irradiance levels are
considered, the SAF of a shading scenario is equal to the number of shaded cells divided
by the total number of cells in the module csh/c. When more irradiance levels are consid-
ered, this approach no longer works but one can use the average module irradiance for the
shading scenario Gav g to calculate the SAF, as in Equation 12.11.

S AF = Gmax −Gav g

Gmax −Gmi n
(12.11)

Figure 12.7: Shading scenarios with diverse shaded area fractions (SAF) to illustrate the SAF concept. The examples
correspond to a 12-cell module with 3 bypass diodes and considering 5 irradiance levels.
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The SAF takes values between 0 and 1 (or 0% and 100% when expressed in percentage
terms). Figure 12.7 displays several shading scenarios with diverse SAFs to illustrate the
concept. The first SAF value different than 0 corresponds to the scenario when only one cell
receives the 2nd highest irradiance and the remaining cells receive the highest irradiance.
For an 18-cell module with 5 irradiance levels (0, 250, 500, 750, and 1000 W/m2), the average
irradiance of this scenario would be 986.1 W/m2 corresponding to a SAF of 1.4%. This value
is equal to the step between SAFs ∆S AF . The number of SAFs sS AF depends on the number
of irradiance levels and the number of cells in the module c, as shown in Equation 12.12.

sS AF = 1+ c · (i −1) (12.12)

Since the SAF takes sS AF values between 0 and 1, the step between SAFs can also be
calculated as ∆S AF = 1

sS AF −1 .
The shading scenarios are grouped based on their SAF, thus the shading scenarios re-

ceive a physical meaning, but several power points can be present per shaded area. To
obtain a single point, a weighted average of the output power of the shading scenarios with
the specific SAF is considered. The weights are determined based on the counts of each
scenario. If this value is normalized by the nominal power of the PV module as in Equa-
tion 12.13, one obtains the normalized weighted average of power per SAF PS AF .

PS AF = 1

Pnom

∑Nuq,S AF

sc=1 Psc ·nsc∑Nuq,S AF

sc=1 nsc

= 1

Pnom

∑Nuq,S AF

sc=1 Psc ·nsc

NS AF
(12.13)

In the equation, Nuq,S AF corresponds to the number of unique scenarios with a specific
SAF while NS AF is the number of shading scenarios per SAF.

Figure 12.8: Differences between the shading tolerability-related concepts presented in this work. The dotted line
in the left plot represents an example of how the shading tolerability is visualized. The area under that curve is
STg r . In that same plot, the dashed red line visualizes the shading tolerability for a module with the maximum ST
STmax . The two remaining plots indicate the relation between these quantities and ST . Results were obtained for
an 18-cell series-connected module and considering 5 irradiance levels.

The dotted line in the left plot of Figure 12.8 shows an example of how shading tolerabil-
ity can be visualized. Only one point is present per SAF that represents the average weighted
power for each shading fraction. The obtained trend is similar to the ones reported in Fig-
ures 6 and 7 of [469], but our method results in a continuous line instead of points of random
scenarios. Additionally, the dashed red line indicates PS AF for a module with the maximum
ST STmax . The two remaining plots indicate the relation between the visualization of the



12

218 12. SHADING TOLERABILITY

ST and the definition of ST. In the ST definition, all shading scenarios have the same weight.
However, when visualizing the ST, not all scenarios have the same importance since a sin-
gle point is plotted per SAF and the number of scenarios per SAF differs. The middle graph
in Figure 12.8 represents this concept. It shows the number of shading scenarios per SAF
NS AF normalized by the total number of shading scenarios N . This is a Gaussian-style curve
whose maximum is at 0.5. When this graph is multiplied by the weighted averaged power
and then integrated, one obtains the ST multiplied by the SAF step ∆S AF .

One can identify an additional parameter related to the shading tolerability in Figure 12.8:
the integral of the shading tolerability visualization. This value is equivalent to the area un-
der the curve and can be referred to as ST graph STg r . As opposed to ST which assigns the

same weight to all scenarios, STg r assigns the same weight to all PS AF , therefore the weight
of each shading scenario will depend on its SAF. This metric will not be employed in this
work to avoid confusion with ST and ST%. However, when visualizing the ST is not feasible,
STg r can provide additional insights to ST .

12.2.4. VALIDATING THE CALCULATOR
Once the calculator is developed, it is essential to verify its accuracy before proceeding any
further. This cannot be performed with measurements. However, one can use the theoreti-
cal limit for ST found by Ziar et al. [457]. In their manuscript, they showed that the general
expression for ST is:

ST(i→∞,cser ) =λ(i→∞,cser )
1

cser +1
(12.14)

where cser is the number of series-connected PV cells and λ is a coefficient that depends on
the PV module’s design and manufacturing.

To validate our calculator, we will calculate the shading tolerability of a hypothetical
12-cell (cser = 12) mono-crystalline silicon series-connected PV module with no bypass
diodes. The irradiance limits are set between 0 and 1000 W/m2 and the irradiance levels
are increased progressively. If the approach is correctly implemented, ST should converge
to 1

12+1 = 0.077. Since the value of λ for this module is unknown, we have assumed its min-
imum value, which is 1. Considering the layout of the hypothetical PV module, a low λ

is expected rather than a high one since in this module the shaded cells affect the perfor-
mance of sunny cells. This assumption could however cause a disagreement with the real
value. The results are shown in Figure 12.9, where the dashed line represents the theoretical
value. One can observe how the ST increases with the irradiance levels and its value ap-
proaches the theoretical one. Irradiance levels higher than 18 could not be simulated due
to computational limitations, but the increasing trend indicates that ST has not converged
yet and is approaching its theoretical limit.

12.3. SENSITIVITY ANALYSIS
With the ST calculator ready, only one parameter remains to be determined: the optimum
irradiance levels. For that, one needs to fix the limits of irradiance. Since ST is meant as
a figure of merit, the STC irradiance (1000 W/m2) is selected as the maximum irradiance
incident on each cell. To determine the minimum irradiance, we try to emulate a shading
condition in which the sun is blocked. In this case, the irradiance incident on the module
would correspond to the diffuse component, which during clear sky conditions is about
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Figure 12.9: Shading tolerability for a 12-cell series-connected module without bypass diodes as the irradiance
levels increase. The dashed line represents the theoretical limit of ST when the irradiance level is infinite.

10% of the global irradiance [261]. Overall, the shaded cells will receive irradiance values
between 100 W/m2 and 1000 W/m2. This sets STmax to 0.55.

The next step consists of determining how many irradiance values are considered be-
tween these minimum and maximum. This is parameter i from Equation 12.2. Ideally, this
value should be infinite, while computationally it should be as low as possible. A sensitiv-
ity analysis is performed to find the appropriate number of irradiance levels. To ease the
computational constraints, the analysis is performed using hypothetical modules.

Figure 12.10a represents a hypothetical module of 12 monocrystalline silicon cells con-
nected in series forming 3 BD strings due to the presence of one BD in parallel to every 4
cells. Figure 12.10b depicts the ST for this hypothetical module for an increasing number of
irradiance levels between 100 and 1000 W/m2. The module produces less than its nominal
power when not shaded because the ambient temperature is set to 25◦C. This decision was
taken while developing the ST calculator so that the response of the modules to tempera-
ture could be considered, which is also aligned with the previous works on ST [468]. Note as
well that the module produces ≈10% of its nominal power when it is fully shaded because
shaded cells are receiving an irradiance of 100 W/m2.

As the number of irradiance levels increases, the curves gradually converge. These curves
exhibit more significant variations for SAFs below ≈ 0.6. At a shaded area of approximately
0.05, a kink is observed when considering 3 irradiance levels. This kink persists until 6 irra-
diance levels are considered.

Since the aim is to determine the optimum number of irradiance levels, we will study
how the different parameters of a PV module affect the ST, altering only one at a time. The
hypothetical module sketched in Figure 12.10a composed of 12 series-connected mono-
crystalline silicon cells with 3 BD strings will be employed as the default. The modified
parameters are:

• Number of cells in series. The modules can have 12, 18, or 24 cells connected in series,
being 12 the default value.

• Number of BD strings, determined by the number of BD. Bypass diodes in the module
can be 0, 1, 2, 3, 4, and 12, being 3 the default value.

• Cell material/technology. Modules can be composed of mono-crystalline silicon cells
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(a) (b)

Figure 12.10: (a) Hypothetical PV module consisting of 12 series-connected cells and 3 BD strings. (b) Graphical
shading tolerability for the hypothetical module in (a) for an increasing number of irradiance levels.

(mono c-Si) with Aluminium Back Surface Field (Al-BSF), poly-crystalline silicon cells
(poly c-Si) with Al-BSF, mono c-Si IBC (Interdigitated Back Contact) cells, mono c-Si
PERC (Passivated Emitter and Rear Contact) cells, amorphous silicon (a-Si) cells, CIS
(Copper Indium Selenium) cells or tandem a-Si/µc-Si cells, mono c-Si with Al-BSF
being the default material/technology. A commercial module per category is selected
as a reference to determine the electrical values.

Figure 12.11: Effect of PV module parameters on the ST as a function of the irradiance levels: (a) number of cells,
(b) number of bypass diodes, and (c) cell material/technology.

Figure 12.11 shows the main results of this analysis. Starting with the effect of the num-
ber of cells in Figure 12.11(a) and bypass diodes in Figure 12.11(b), the irradiance levels do
not influence the trends. In both cases, the ranking of the STs when 2 or 5 irradiance levels
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are considered is the same. In other words, there is no crossing of the lines that indicates
a change in the ranking of the modules. Moreover, the variation of these parameters has
the expected effect: a lower ST when increasing the number of cells in series, which is in
line with the theoretical formulation, and a higher ST when increasing the number of by-
pass diodes. There is no difference at the module level between having one or no bypass
diodes (there is an overlapping of the curves), although when connecting modules in series
the bypass diode will be beneficial.

When examining the cell material/technology in Figure 12.11(c), the irradiance level
does have an impact. Compare, for instance, the ST of the tandem module for 2 or 4 irra-
diance levels. A shift can be observed in the module rankings, except for a-Si which is scat-
tered. This ranking remains consistent for irradiance levels higher than 5. It is important
to acknowledge that these results may not be entirely robust. To conduct this analysis, we
utilized cell characteristics from commercial modules to construct the series-connected hy-
pothetical modules but did not consider the difference in module layout related to each cell
material/technology. For instance, thin-film modules tend to have a higher number of cells
connected in series than mono-crystalline modules. Nonetheless, we strived to present the
best possible outcome.

So far, only the results from hypothetical modules with a reduced number of cells in se-
ries have been shown, but the calculator needs to be applied to commercial PV modules.
From the previous analysis, a proper comparison of the ST of PV modules requires 5 irradi-
ance levels or more. The ST calculation of a 72-cell series-connected module with 3 bypass
diodes and 5 irradiance levels implies around 1012 unique scenarios to simulate, which re-
quire a computational memory of 32,000 GB.

Modifications to this approach need to be conducted to make the ST computation feasi-
ble. Inspired by [469], a solution could be to consider a random percentage of these scenar-
ios. This, however, would increase the computational burden of the methodology. There-
fore, alternative approaches that use the symmetry of the problem can be employed. These
will be elaborated upon in the next section.

12.4. COMPUTATIONAL BURDEN REDUCTION
The previous section has shown that at least 5 irradiance levels are needed to compare PV
modules accurately. This section explains the changes made to the methodology presented
in Section 12.2 towards this objective.

Unless stated otherwise, the computational times reported in this section were com-
pleted in MATLAB R2021b and a personal computer with a Windows 10 Enterprise oper-
ating system, Intel(R) Xeon(R) W-2223 CPU@3.60GHz and 8 GB of RAM. The values were
obtained for the Bisol BMU 260 Wp 60-cell conventional series-connected poly-crystalline
module with three bypass diodes [482].

12.4.1. OBTAINING THE UNIQUE SCENARIOS PER SAF
The required computational memory is the main limitation when running the calculator
for more than 2 irradiance levels. The bottleneck is the calculation of the unique shading
scenarios of the module, which are all calculated at once. To lessen the memory burden, the
scenarios were calculated per SAF. After obtaining the unique shading scenarios per string,
all the SAFs were identified. The number of SAF depends on the number of cells in the
module and the irradiance levels, as determined by Equation 12.12.
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Knowing the values of SAF, one can now find the unique scenarios for each SAF. For that,
the shaded area fraction of each of the unique shading scenarios per string is calculated.
With that, one can identify which combinations of string scenarios result in a certain SAF.
That avoids storing all the unique shading scenarios of the module at once. The order of the
steps as depicted in Figure 12.1 had to be altered to implement this change. The flowchart
in Figure 12.12 shows the new methodology.

Figure 12.12: Computationally optimized flowchart of the shading tolerability calculator.

12.4.2. CONSIDERING ONLY THE MOST COMMON SCENARIOS
ST by definition considers that all shading scenarios have the same occurring chance. How-
ever, when simplifying the calculation using the unique scenarios and their counts in Equa-
tion 12.10, the unique scenarios with the highest counts will have the highest occurring
chance and influence. Considering this, one can neglect the scenarios with the lowest
counts as they will not influence the final output. Then the question arises of how many
scenarios can be neglected. The number of ignored scenarios depends on the SAF, as the
number of scenarios per SAF is unequal. For instance, when SAF = 1 (maximum power out-
put), there is only one scenario with one count and that cannot be ignored as it is relevant
for the graphical ST. Hence an approach is needed to find the number of ignored scenarios
per SAF Ni g n,S AF .

The objective is to obtain the same PS AF despite ignoring the power produced by cer-
tain scenarios. Therefore, the summation in Equation 12.13 can be rewritten to distinguish
between ignored and not-ignored (or considered) scenarios as in Equation 12.15.

PS AF = 1

Pnom

∑Nuq,S AF

sc=1 Psc ·nsc∑Nuq,S AF

sc=1 nsc

=

= 1

Pnom

∑Nuq,con

sc=1 Psc ·nsc +∑Nuq,i g n

sc=1 Psc ·nsc

NS AF
=

= Pcon ·Ncon,S AF +Pi g n ·Ni g n,S AF

NS AF

(12.15)

In this equation, Nuq,con is the number of unique considered scenarios per SAF, while
Nuq,i g n is the number of unique ignored scenarios per SAF, and they add up to Nuq,S AF .
Ncon,S AF is the number of considered scenarios per SAF and together with Ni g n,S AF add up
to NS AF as in Equation 12.16.
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NS AF = Ncon,S AF +Ni g n,S AF =
Nuq,con∑

sc=1
nsc +

Nuq,i g n∑
sc=1

nsc =
Nuq,S AF∑

sc=1
nsc (12.16)

Pcon and Pi g n are the normalized weighted average of power of the considered and ig-
nored scenarios per SAF, respectively. They are defined in Equation 12.17 by substituting xx
with con or i g n. This equation is equivalent to Equation 12.13 for PS AF but includes only
some of the shading scenarios per SAF instead of all of them.

Pxx = 1

Pnom

∑Nuq,xx

sc=1 Psc ·nsc∑Nuq,xx

sc=1 nsc

(12.17)

Pcon is the approximation of PS AF that will be employed from now on. Therefore, it has
to be within a margin ϵmax of PS AF , as expressed in Equation 12.18. This margin can be
interpreted as the maximum error that one can assume for PS AF .

Pcon = PS AF ±ϵmax (12.18)

Similarly, Pi g n is deviated from PS AF by a certain amount ∆P
Pnom

. ∆P is the deviation from

PS AF caused by the power produced by the ignored scenarios. In the worst-case scenario,
the ignored scenarios produce the maximum power for that SAF, and PS AF is the minimum
power for that SAF. In that case,∆P takes its maximum value equal to the difference between
the maximum Pmax and minimum Pmi n power produced at that SAF.

Assuming that only the scenarios with the lowest and highest power outputs will be ig-
nored is quite conservative, thus a factor fdP ∈ [0,1] can be included for a more realistic
computation:

Pi g n = PS AF ∓ ∆P

Pnom
= PS AF ∓ fdP · (Pmax −Pmi n)

Pnom
. (12.19)

Note that this equation has a ∓ sign instead of a ± sign as in Equation 12.18. These
signs are dependent on each other and indicate that if Pcon is larger than PS AF , then Pi g n

has to be smaller, and the other way around. This ensures that the relation between these
variables stated in Equation 12.15 holds.

Merging the previous equations into Equation 12.15, one reaches the following equa-
tion:

PS AF =
(PS AF ±ϵmax ) · (NS AF −Ni g n,S AF )+ (PS AF ∓ ∆P

Pnom
) ·Ni g n,S AF

NS AF
(12.20)

The number of ignored scenarios Ni g n,S AF can be isolated from this equation and ex-

pressed independently of PS AF as in Equation 12.21.

Ni g n,S AF = ϵmax
∆P

Pnom
+ϵmax

·NS AF (12.21)

This approach allows us to identify the shading scenarios that can be ignored before
computing the produced power.
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NS AF is obtained while computing the scenarios. A value of 0.0002 was selected for ϵmax ,
corresponding to a maximum error of 0.05 W for a 260 W module. fdP was set to 1 to con-
sider the worst-case scenario. Determining Pmi n and Pmax implies identifying the shading
scenarios producing the least and the most power for a certain SAF without computing the
power for all scenarios.

In series-connected modules with bypass diodes, the shading scenario that produces
the least power occurs when all strings generate minimal power. This scenario has the
highest number of low-irradiated cells possible for that SAF. Among such scenarios, the one
where the cells within each string experience the most varying incident irradiances will pro-
duce the least power.

On the contrary, to identify the scenario producing the most one needs to identify first
the scenarios where the cells within each string are more evenly distributed. Scenarios
where the cells within each string have the most similar incident irradiance. That condi-
tion alone is not enough, so the scenarios are filtered by selecting the ones with the lowest
number of low-irradiated cells.

With Ni g n,S AF determined, the Nuq,S AF unique scenarios are sorted based on their counts.
Those with the lowest counts are ignored until their cumulative count reaches Ni g n,S AF . The
remaining scenarios are the ones considered for the calculation.

Figure 12.13 displays the reduction in the number of computed scenarios for each SAF
when applying this methodology. 75% of the shading scenarios were ignored without af-
fecting the ST methodology. The number of ignored scenarios depends on the SAF, being
the highest for SAF = 50%. After implementing this approach, the computational time was
reduced from 4 hours to 1.2 hours for series-connected modules and 3 irradiance levels.

Figure 12.13: Number of scenarios for which the power has to be computed when considering all shading scenarios
and when considering only the most common ones. Results are shown for 4 irradiance levels and a conventional
60-cell series-connected module with three BD strings.

12.4.3. OPTIMIZING THE CODE
To further reduce the computational time, three approaches were implemented which op-
timized the MATLAB code without having any effect on the results.

The construction of shading scenarios at the module level is achieved by combining the
shading scenarios at the string level. For a module with three bypass diode strings, a triple
for loop computes all the string combinations leading to a unique scenario and retaining
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only those with the SAF of interest. This time-inefficient methodology was initially imple-
mented in Subsection 12.4.1 to minimize memory requirements. Within a bypass diode
string, and when considering more than two irradiance levels, multiple scenarios may ex-
hibit the same SAF at the string level. Therefore, rather than looping through all string com-
binations, the code was optimized to loop through all unique SAF levels at the string level.
This significantly reduced the computational time required to calculate the scenarios for
four irradiance levels, from an estimated 4000 hours to less than 4 hours.

The result of every SAF iteration was the power produced by all the computed shading
scenarios and their corresponding counts. Since it was not possible to know beforehand
the number of scenarios that would be computed, storing that data increased the compu-
tational time. Considering the definition of PS AF from Equation 12.13, only the sum of those
counts and the power weighted by those counts are needed. By adapting the code and stor-
ing only those two values for each SAF, the computational time was reduced by almost 2
hours for four irradiance levels.

When computing the scenarios on the module level for each SAF, symmetry can be
found for complementary SAF values. The identification and counts of the scenarios with
a SAF of 20% are equivalent to those with a SAF of 80%. This is shown in the middle plot
of Figure 12.8. As an example, Figure 12.14 represents two shading scenarios that exhibit
duality. While one has only 3 shaded cells in one string, the other has only 3 unshaded cells
in one string and the remaining shaded. By exploiting this symmetry, the computational
time needed to identify the unique shading scenarios for four irradiance levels was reduced
from less than 4 hours to half of that time.

Figure 12.14: Example of two dual scenarios for a 12-cell conventional series-connected module with three bypass
diodes.

12.4.4. REDUCING THE NUMBER OF SCENARIOS
Despite the implementation of these approaches and the achieved time reduction during
the identification of the unique shading scenarios, more than 350 hours were needed to
compute the power of the unique scenarios with 4 irradiance levels. On average, only 6 ms
were needed to compute the power of one shading scenario, but there were still an excessive
number of scenarios (2.2×108). Three different approaches were implemented to further
reduce the number of scenarios.

The initially selected values for ϵmax (0.0002) and fdP (1) were overly conservative. The
values were changed to 0.008 for ϵmax and 0.25 for fdP to reduce the computational burden.
The approximation was suitable for SAFs above 40%, with errors below 10−3 in PS AF , but
higher for SAFs below 40%, as seen in Figure 12.15a. The errors were calculated relative
to the initially selected values for ϵmax and fdP . A sensitivity analysis was conducted to
determine the values of ϵmax and fdP for each SAF that reduce the number of scenarios and
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ensure that PS AF does not change beyond the third decimal point. Figure 12.15a presents
the error for the new values, with the two bottom plots showing the selected values of ϵmax

and fdP for each SAF. This approach reduced the time needed to compute ST for 3 irradiance
values from 1.2 hours to 0.35 hours. For 4 irradiance levels, the number of scenarios was
reduced from 2.2×108 to 3.7×107.

(a) (b)

Figure 12.15: (a) Error in PS AF for each SAF for two different approaches that affect the number of ignored sce-
narios. The number of ignored scenarios depends on the values of ϵmax and fdP , which are shown in the bottom
plots. (b) Step in SAF values for different SAF.

The second approach consisted of considering fewer SAFs. The number of SAFs in-
creases with the number of irradiance levels and cells (Equation 12.12). More SAFs are con-
sidered as the number of irradiance levels increases. While this is beneficial for SAFs below
40%, beyond that point there are virtually no changes in the ST graph. However, as the SAF
approaches 50%, the number of scenarios increases significantly. Considering this, one can
ignore certain SAFs by altering the step between SAFs for different SAF values. Figure 12.15b
plots the values selected for the step as a function of the SAF. Since the trapezoidal method
used to obtain STg r requires the same resolution for all points, the PS AF results are inter-
polated for all SAFs. For 4 irradiance levels, this approach reduced the number of scenarios
from 3.7×107 to 2.1×107.

The last implemented approach consisted of identifying the scenarios that yield the
same power output despite not being equivalent. Those scenarios fulfill two conditions:
1 AND (2 OR 3), being the conditions: 1) the scenarios have the same number of cells
with each irradiance level but are differently distributed along the module; 2) the scenar-
ios have more than one low-irradiated cell in all the strings; and 3) the scenarios have no
low-irradiated cells. The first condition ensures that the cell-level IV curves are the same,
although differently distributed. With at least one low-irradiance cell in each string, that
cell will limit the current, limiting all the strings similarly. No steps will be present in the
IV curve. We note that the number of low-irradiated cells needed for this condition to be
fulfilled depends strongly on the breakdown voltage of the module. The lower the break-
down voltage (in absolute terms), the higher the minimum number of low-irradiated cells
required in each string. On the other hand, if there are no low irradiated cells, the current is
not highly limited in any of the strings, resulting in the same power output. For 4 irradiance
levels, this approach reduces the number of scenarios from 2.1×107 to 7.9×106.
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12.4.5. OVERVIEW
After implementing these approaches, ST could be computed for 4 irradiance levels within
a reasonable time of 16 hours and the memory requirements of a standard computer. Fig-
ure 12.16 provides an overview of the steps described in this section and their effect on the
computational time. When running the method in the TU Delft supercomputer delftblue
[483] using 4 nodes and 2 GB per node, the computational time was reduced to around 4
hours. For 3 irradiance levels, the computational time dropped from 4 hours to 4 minutes
in a standard computer.

Figure 12.16: Impact on the computation times of the steps taken to reduce processing duration for ST calculation
using 4 irradiance levels. The dark grey bars indicate the steps taken to reduce the number of shading scenarios.
The light grey bars indicate the steps affecting the obtention of the unique shading scenarios. For aesthetic pur-
poses, the width of the bars is not proportional to the actual time values. Graph performed using [484].

Despite all the efforts, applying the methodology for 5 irradiance values was out of
reach. The computational resources required were too large. Obtaining the reduced form
of the scenarios for a SAF of 50% (the most computationally intensive) takes more than 7
hours and more than 60 GB of memory.

Despite that, several points of PS AF for a commercial module were computed for 5 ir-
radiance levels. Figure 12.17 shows that plot together with the graphical ST for different
irradiance values. Despite the incompleteness of the 5 irradiance levels curve, one can ap-
preciate how the curves overlap after a certain SAF of around 40%. As already observed,
most changes occur for small SAF values. The last computed point for 5 irradiance levels,
corresponding to a SAF of 29.6%, took 18 GB of memory and more than 2 days to compute
in the delftblue supercomputer.

12.5. RESULTS AND DISCUSSION
With the calculator ready to compute the ST for 4 irradiance levels, one can generate a
database of ST values. The PV modules database from the California Energy Commission
(CEC) is used for this purpose [485]. It contains the datasheet information of more than
17,000 PV modules. This allows us to identify the effect of various datasheet parameters on
the ST.

One important parameter that is not available in the CEC database is the breakdown
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Figure 12.17: Graphical ST for the series-connected module under study for increasing number of irradiance levels.

voltage. The breakdown voltage Vbr is essential to model the reverse bias region of the IV
curves. This parameter depends on the cell material/technology, and has a strong effect on
the ST, as shown in Figure 12.18. The effect is mostly visible for small SAF values since the
breakdown voltage has a high impact on the IV curve when a few cells are shaded.

Figure 12.18: Effect on the variation of the breakdown voltage on the graphical ST and the ST value (in the inset).
The results were obtained for the Bisol module employed in the previous section and 4 irradiance levels.

As seen in the inset of Figure 12.18, the ST is not affected for breakdown voltages smaller
than -8 V. This is beneficial when assuming the breakdown voltage of crystalline silicon
modules, as the range of values is as wide as -10 V to -30 V [474, 486–488]. A breakdown
voltage of -10 V or -30 V does not impact the ST. It is reasonable to assume a value of -18
V for all non-IBC and non-PERC crystalline silicon modules considered in this work, with
confidence that this assumption will not affect the results.

In fact, a different story is observed with other materials/technologies. IBC modules
tend to have an earlier breakdown at smaller voltages, with the absolute value of breakdown
voltage values generally falling below 6 V [487]. An incorrect breakdown voltage estimation
affects the ST value. However, its value can only be known when measuring the module’s IV
curve. The same situation occurs with CIGS, and CdTe cells [489–491]. An average value of
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-4.5 V is chosen for all these cases.

Ultimately, the ST values of 423 commercial PV modules with series-connected cell lay-
outs and 3 BD strings from the CEC database were calculated. The database was filtered
to avoid considering modules of the same model but with different powers. ST ranged be-
tween 0.10 and 0.12 and consequently ST% was between 18.4% and 21.5%. This suggests
that when a module with a series-connected cell layout is shaded, it generally produces
20% of the power that an ideal module (one with an ST of STmax ) would generate under the
same shading conditions.

When comparing these values with the literature, Klasen et al. reported a P ps value of
0.207 for random shading of PV modules [469, Fig. 8.]. Since they obtained these results by
setting the minimum irradiance that cells could receive to 0 W/m2, P ps = ST%. Hence, we
can directly compare our results with theirs because ST% allows comparing ST that were
obtained with a different minimum irradiance. Overall, there is an excellent agreement
between the values reported by Klasen et al. and those presented in this work. There is also a
strong alignment with the work performed by Fauzan et al. They reported values of average
normalized power for partial shading for conventional modules in the range of 0.199-0.271
depending on the type of shading [470, Figure 4.].

Correlations between different module parameters were explored to see their impact, if
any, on ST. The results are presented in Figure 12.19. As expected, a positive correlation is
observed between ST and the breakdown voltage (0.4), which is in line with the literature
[474]. The lower breakdown voltage reduces the current-limiting effect of the string result-
ing in a higher power output when a few cells are shaded.

The remaining input parameters show negligible correlation with the shading tolerabil-
ity, even the ones related to temperature. As shown in Figure 12.19 the correlation between
any of the two temperature coefficients (KV for voltage and K I for current) and the shad-
ing tolerability was negligible (-0.1 and -0.0). These results are opposed to those reported
by Mishra et al. [468], where they found that the thermal features of a PV module can influ-
ence its ST by up to 12.25%. They reported that modules with a higher absolute temperature
coefficient of power will have a higher ST. However, Figure 12.19 does not support such affir-
mation which could be because other parameters are affecting the ST or because the effect
of the temperature coefficients on ST is limited.

Similarly, in [457], a theoretical relation was found between ST and the number of cells.
The higher the number of cells in the module, the lower the ST. Although Figure 12.19 weakly
supports this statement, the sensitivity analysis performed with hypothetical modules in
Section 12.3 shows this relation. This could be again due to other parameters having a
stronger influence on ST than the number of cells, as the analysis in Section 12.3 was con-
ducted by altering only one parameter at a time. Alternatively, the relationship between ST
and the number of cells may be nonlinear, with the number of cells having a more signifi-
cant impact on ST when the cell count is low. Further investigation is needed in this aspect.

The database and related analysis have focused on modules with a series-connected
cells layout. However, one parameter worth studying with a proven significant impact on
shading tolerability [469, 470] is the module layout. As a next step, the shading tolerability
of so-called half-cell butterfly modules could be studied. Similarly, the impact of parallel
strings and the number of bypass diodes could be assessed.

One could also adjust the shading tolerability value to a specific location. ST assigns the
same value to all the shading scenarios. However, one could obtain the shading profile of
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Figure 12.19: ST as a function of several input parameters for the 423 commercial PV modules tested with a series-
connected cells layout and 3 BD strings. ρ is the correlation coefficient, KI is the temperature coefficient for cur-
rent, and KV is the temperature coefficient for voltage.

the installation location of a PV module and obtain the probability distribution function of
the SAF. When substituting that graph with the middle plot from Figure 12.8 and following
the approach illustrated in that figure, one can obtain the ST for a specific location.

Additionally, the adaptation of the ST definition for bifacial modules could be consid-
ered. The easiest option could be to compute the ST independently for each face by assum-
ing a constant irradiance value on the other face, although it may not be rigorous since the
power is not independently produced by each face of the module. It remains to be explored
how to best extend this concept to reflect best the real conditions.

Lastly, the relationship between ST and energy yield is unknown. No studies to date
have correlated energy yield gains with increases in ST. Such research would extend the
application of ST and demonstrate its benefits in real-world scenarios.

12.6. CONCLUSIONS
This work developed a shading tolerability (ST) tool to efficiently evaluate the shading toler-
ability of PV modules. The tool employs an IV curve calculator with an error below 4.5% for
the power at the maximum power point and a probabilistic approach to consider all possi-
ble shading scenarios. A sensitivity analysis indicated that at least five irradiance levels are
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necessary for accurate comparisons between PV modules, which require significant com-
putational resources. To address this, several methods were developed to reduce computa-
tional demands by leveraging the probabilistic and symmetric nature of the problem, en-
abling the computation of ST for more than 400 commercial conventional series-connected
modules. The obtained values were in line with the literature. A statistical analysis was con-
ducted to find the relation between ST with the module datasheet parameters. This analysis
revealed discrepancies with existing literature, particularly regarding the impact of thermal
coefficients and the number of cells on ST. The calculator could be extended to other mod-
ule layouts and technologies to contribute to and extend this discussion.

PERSPECTIVE: EXTENDING THE CALCULATOR TO OTHER LAYOUTS
A key factor that can potentially influence shading tolerability is the module layout [469,
470]. Among the possible options, the half-cell butterfly layout is increasing in popularity
with some studies predicting a market share higher than 60% by 2030 [492].

A half-cell module, as the name suggests, is a PV module containing half-cells instead
of full cells. A half-cell is essentially a solar cell cut in half. It generates half as much current
as its full-cell counterpart, which reduces the resistive losses and the hotspot impact when
partially shaded [493–495]. Half-cell modules are generally a series-parallel-series configu-
ration, sometimes referred to as a butterfly layout [496]. With this layout, half-cell modules
generate an output current and voltage comparable to conventional modules despite the
halving of the cell current. Additionally, the series-parallel-series configuration of the half-
cell butterfly module effectively creates six BD strings, even though it contains only three
bypass diodes, increasing its shading response [495, 497].

Therefore, we aimed to calculate the shading tolerability for butterfly modules. The first
step consisted of adapting the IV curve to consider the series-parallel-series interconnec-
tion. For implementing the parallel connection, the currents at each voltage point are added
up since the voltage across parallel-connected cells is equal [261].

The IV model was validated for butterfly modules using measurements of a Trinasolar
Duomax 144 half-cells module. The comparison between the measured and modeled IV
curves for three different shading scenarios is presented in Figure 12.20. In the blue-colored
scenario, all cells receive an irradiance of 1000 W/m2. In the red-colored scenario, one
substring is shaded receiving 0 W/m2. In the black-colored scenario, two substrings are
shaded.

A strong agreement can be observed between the modeled and measured IV curves.
This agreement is reflected in the PMPP errors, which are 0.0%, -0.2%, and -4.6% for the
blue, red, and black scenarios, respectively. An underestimation in power is observed for
all scenarios. As with the validation of the conventional modules, the error increases in
value as the average module irradiance decreases. However, the error values are still within
a reasonable range.

With the IV calculator ready, the next step consists of identifying the unique shading
scenarios for butterfly modules. The new interconnection of the solar cells has to be con-
sidered in the process. Besides that, the same logic as explained in Subsection 12.2.1 can be
applied to find the equivalent scenarios.

The tool as explained in Section 12.2 was implemented for butterfly modules. Figure 12.21b
compares the graph of shading tolerability for 3 irradiance levels of a 12 full-cell module
with a series-connection layout (Figure 12.10a) to that of a 24 half-cell one with a butter-
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Figure 12.20: Validation of the IV model by showing the difference in IV curves for a butterfly module.

fly layout (Figure 12.21a). Both modules contain monocrystalline silicon cells and 3 bypass
diodes.

(a) (b)

Figure 12.21: (a) Hypothetical 24-half-cell PV module with a butterfly layout and three bypass diodes. (b) Graphical
shading tolerability for 3 irradiance levels of two hypothetical modules with different layouts: the butterfly module
in (a) and the conventional module in Figure 12.10a.

From the graph, one determines that the ST of the half-cell module is higher than that
of the equivalent series-connected one. This is in line with the literature which reports that
butterfly modules experience fewer power losses when shaded [469, 470]. This benefit oc-
curs mostly for smaller shaded area fractions (SAFs).

The ST for commercial butterfly PV modules could not be reported due to computa-
tional limitations. The memory constraints reported before implementing the changes de-
tailed in Section 12.4 were particularly pronounced for butterfly modules. The number of
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unique scenarios for a 120-half-cell butterfly module with 3 irradiance levels is ≈ 1.5×1012,
which requires around 72,000 GB of memory. The methodology explained in Section 12.4
was not fully adapted yet for the butterfly layout hence the results with this layout could not
be compared with the ones reported for the conventional layout.

In the future, when the ST concept will take hold, further optimizing the code, switching
to low level coding language, and accessing to more powerful computational hardware (e.g.
cloud computing) will enable the calculation of the ST metric of any type of PV module
topology.





13
CONCLUSIONS AND OUTLOOK

13.1. CONCLUSIONS
This doctoral thesis contributed to the main objective of the Trust-PV project, which was
to increase the performance and reliability of PV systems. Within the broad range of topics
covered by this objective, this thesis focused on the energy yield modeling of PV systems.
Depending on the tools used to create these models or the aspect to be modeled, four dis-
tinct blocks were identified: the machine learning block, the analytical models block, the
floating photovoltaic block, and the shading tolerability block.

The block of machine learning forecasts started in Chapter 2 by reviewing the literature
that employed machine learning (ML) to forecast the power output of photovoltaic systems.
This review provided an overview of the most common algorithms, methods, and system
characteristics used when forecasting the power output. Based on the information learned,
an outlook provided guidelines and recommendations for future research. For instance, the
use of a very complex ML model - such as one consisting of a hybrid algorithm with various
preprocessing steps - for PV power forecasting is not recommended. The added complexity
and time investment does not justify the marginal gain in accuracy. Simpler models offered
better explainability and control while maintaining acceptable accuracy.

One identified flaw during the review was that most studies employ at most two sys-
tems when developing their algorithms. Since ML algorithms require high-quality data to
work, the limited data can be detrimental to the development of accurate models. However,
since most devices automatically create and store recorded data, the main issue lies in data
sharing rather than data recording. Motivated by this, an extensive search of open-source
data was made and gathered in a developed website. Chapter 3 explained this process. Any
researcher can access the data from the website and employ it to create forecasting models
with several systems.

Related to the previous point, because most researchers focus on systems within their
own regions, most ML models forecast the performance of systems in similar climates.
However, areas with high potential for photovoltaic energy are often ignored. Chapter 4
explored how climate affects the accuracy of the ML models. The results show that models
located in dry areas are easier to forecast than those located in tropical ones, which are the
hardest. This behaviour can be explained by the weather variability of each climate.
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Another work related to the previously mentioned flaw of focusing on a few number of
systems is the uncertainty about whether the developed models will mantain the accuracy
for different systems. Moreover, when dealing with a large number of PV systems, develop-
ing a machine learning model for each system can be highly time-consuming. Chapter 5
elaborated upon this point by creating a single ML model able to forecast the power output
of a fleet of systems. The algorithm achieved higher accuracy than the reference analytical
model, but it had a significant drawback. The results were dependent on the magnitude of
the production, with smaller errors observed when the power output was lower. This was
detrimental especially for the smaller systems and during low-production periods.

To overcome this problem, a different alternative was explored in Chapter 6 based on
peer-to-peer communication. The methodology relied on the production of neighboring
systems to create the predictions. The power output of analogous PV systems was com-
pared to identify any malfunctions during production. A machine learning model was em-
ployed to identify the best parameters that increased the accuracy of the predictions. The
main advantage of this method was the independence from weather data since all systems
experienced the same local climate.

Sticking with the importance of weather data, we moved to the next block of analytical
models. This block initiated in Chapter 7 by presenting the PVMD toolbox, a state-of-the-
art simulation framework to predict the PV power of photovoltaic systems. The accuracy of
this simulation framework was assessed for residential PV systems. The key finding of this
study was the importance of accurate irradiance data, as errors in irradiance were amplified
in the PV power predictions.

Although the previous conclusion was derived for residential-scale systems, the impor-
tance of accurate irradiance measurements is as large for utility-scale systems. Those sys-
tems generally have irradiance sensors allocated throughout the PV plant. However, de-
ciding the amount and location of these sensors is a challenging task for which there are
no clear guidelines. Chapter 8 aims to fill this gap by creating an irradiance sensor allo-
cation software tool that suggests the optimal number of irradiance sensors and their best
locations for any PV plant considering its topology. The methodology behind the algorithm
lies in finding where the irradiance profile is most similar to the average to ensure the best
results when those sensors are employed in the predictions.

The following block focuses again on utility-scale PV systems but located in a different
environment: water. The topic is first introduced in Chapter 9 where the effect of waves
movement, dust, and module temperature is assessed for a floating PV system located in
a quarry lake in France. The results showed that this system is loosely influenced by the
surrounding water for the three aspects explored.

That is not the case for the offshore floating PV system considered in Chapter 10. That
chapter details the effect of waves movement on the power production of a hypothetical
floating PV system located on the North Sea. By developing a 3D mechanical model to rep-
resent the impact of waves on the floating platform, the effect on both the DC and the AC
yield is assessed. The main conclusion is that the losses are the highest when the sea is the
roughest.

The previous study was extended in Chapter 11 by using an improved model which
allowed to explore the impact of the floater characteristics on the DC losses. The results
highlighted the existence of a trade-off between mechanical stability and power mismatch
losses. Additionally, depending on the floater characteristics, the response of the floater



13.2. OUTLOOK

13

237

experienced an elastic or a rigid response.
The fourth block on shading tolerability is covered in the last chapter, which focuses

again on one aspect affecting especially residential-scale systems: the losses due to partial
shading in PV modules. Partial shading decreases the power produced by PV modules and
eventually their lifetime. However, there is currently no factor in the PV modules’ datasheet
that quantifies the power lost due to partial shading. That is not a straightforward task since
the shading conditions that a module is subjected to depend on its location. That can be
solved by considering all the possible shading conditions using a probabilistic approach,
as done by the shading tolerability metric. However, measuring the power lost by all the
possible shading conditions is unfeasible. Therefore, in Chapter 12 we developed a tool
that provides the shading tolerability of a PV module given its datasheet information. The
tool was employed to create a database of shading tolerability of commercial PV modules
and to promote its usability.

13.2. OUTLOOK
This thesis presented findings and insights into the energy yield modeling for PV systems
with the aim to increase the performance and reliability of PV systems. The results reported
in this doctoral thesis demonstrate progress in the field, although there remains consider-
able scope for further research. Further possibilities for development are:

• One important issue with machine learning models for PV power forecasts lies in the
machine learning nature of the algorithms that focus mostly on reducing the larger
errors. Since the magnitude of the errors in PV power forecasts depends on the PV
power production, the errors are relatively higher during low-production periods.
However, accurate forecasts are needed also on winter and cloudy days. This issue
could be solved by developing a set of metrics and loss functions that take into con-
sideration the diurnal and seasonal profile of PV power production.

• Both machine learning and analytical models for PV power predictions are sensitive
to the input irradiance data. While methodologies based on the peer-to-peer commu-
nication can avoid using this data, these methodologies are not always a solution. An
alternative could be to obtain irradiance data from satellite images. Machine learning
models can predict the cloud position and irradiance in the near future using satellite
images. This method can provide irradiance with higher temporal and spatial resolu-
tion than that measured by regional meteorological stations.

• The irradiance sensor allocation software tool developed in Chapter 8 needs an im-
proved user interface and added capabilities before commercialization. The most
important addition considering the photovoltaic projects under development is the
extension to bifacial systems and systems with an East-West configuration.

• In Chapter 11, the impact of waves on the power production was assessed on an
offshore system composed of floaters. However, several pilot offshore floating PV
projects are testing the use of membranes instead of floaters to place PV modules
on. It would be interesting to extend the study to these kind of platforms and assess
the impact of mismatch power losses for floating systems composed of membranes.

• Lastly, the shading tolerability calculator could be extended to other layouts such as
butterfly and shingle before the inclusion of the shading tolerability metric in the
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datasheet of PV modules. The main limitation in this process is the computational
resources needed. Therefore, the code optimization developed in Chapter 12 for con-
ventional modules should be adjusted to these layouts.



A
REVIEWED ML FORECASTING

LITERATURE

Table A.1: Summary of the main characteristics of the reviewed literature. Below the table, one can find the mean-
ing of the abbreviations.

First author Year Ref. Country (Köppen) Features Algorithms

Abdel-Nasser 2019 [498] Egypt (B) pow LR dt FFNN
LSTM

Abuella 2017 [55] Australia (B) pow irr ta h cc r
ws wd p t

LR SVR MLP dr

Agoua 2019 [131] France (C) pow irr ta h wd bay regu ELM
Al-Dahidi 2020 [129] Jordan (B) pow irr ta h ws t FFNN ELM
Alessandrini 2015 [123] Italy (C) pow irr ang ta

cc
regr FFNN ens

Alfadda 2017 [58] USA (C) pow ta h cc ws
wd t

LR regu SVR

Alkandari 2020 [88] - irr ta h r ws wd LSTM DL hyb
Almeida 2015 [104] Spain (C) irr ta h cc ws

wd p
dt dr

Alomari 2019 [499] Jordan (B) pow irr ta t BPNN
Anagnostos 2019 [146] Germany (C) irr ang tpv cc MLP
Asrari 2017 [126] USA (C) pow FFNN GA opt
Baharin 2016 [105] Malaysia (A) irr ta h ws SVR dr
Carrera 2020 [81] South Korea (C) irr ang ta h cc r

ws wd p
LR regu k-NN
SVR dt ens

Cervone 2017 [94] Italy (C) pow irr ang ta
cc

BPNN ens hyb
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Table A.1: Summary of the main characteristics of the reviewed literature. Below the table, one can find the mean-
ing of the abbreviations.

First author Year Ref. Country (Köppen) Features Algorithms

Chang 2020 [141] Taiwan (C) pow SVR BPNN
ANN DL

Chen 2020 [95] Australia (-) pow LR SVR dt
FFNN LSTM
ens hyb

Chu 2015 [100] USA (B) pow k-NN FFNN GA
Das 2017 [59] Malaysia (A) pow irr ta ws SVR BPNN
De Felice 2015 [76] Italy (C) irr ta SVR
De Giorgi 2016 [93] Italy (C) pow irr ta tpv LS-SVR DL hyb
Do 2016 [67] - pow ta cc regr FFNN
Eseye 2018 [120] China (D) pow irr ta h cc

ws p
SVR BPNN pre
GA PSO

Ferlito 2017 [64] Italy (C) pow irr ta cc LR MARS k-NN
SVR dt ANN
ELM ens

Gensler 2017 [89] Germany (C) MLP LSTM DL
hyb

Golestaneh 2016 [130] - pow ELM
Graditi 2016 [138] Italy (C) irr tpv MLP LSTM pre
Gulin 2017 [500] Croatia (C) irr ta h ws wd p MLP
Han 2019 [107] - pow ta h p SVR LSTM dr
Hossain 2017 [35] Malaysia (A) pow irr ta tpv

ws
SVR FFNN
ELM

Huang 2016 [501] USA (D) irr ang tpv bay SVR FFNN
Huang 2019 [60] Taiwan (C) pow irr ta SVR dt MLP

LSTM CNN ens
Isaksson 2018 [110] Sweden (D) pow irr ta h cc r

ws wd p
regu k-NN
BPNN ens dr

Jung 2020 [92] South Korea (-) irr ta h cc rwsr
ws t

LSTM DL

Kazem 2017 [502] Oman (B) irr ta SVR FFNN
MLP DL

Konstantinou 2021 [503] Cyprus (B) pow LSTM
Kraemer 2020 [132] Norway (D) ang ta h cc r p ANN DL ens
Kumar 2018 [504] India (A) pow irr ta h

rwsr ws p
FFNN fuz

Kuzmiakova 2017 [69] USA (D) ta h cc ws p regr LSTM ens
dr

Lee 2019 [111] South Korea (D) ang ta tpv h cc
rwsr ws wd

SVR dt FFNN
DL ens dr

Lee 2018 [65] South Korea (-) pow irr ta h
rwsr ws

LR regu regu
SVR ens hyb
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Table A.1: Summary of the main characteristics of the reviewed literature. Below the table, one can find the mean-
ing of the abbreviations.

First author Year Ref. Country (Köppen) Features Algorithms

Lee 2019 [505] South Korea (D) irr ta h cc t BPNN LSTM
Li 2019 [127] Australia (B) irr ta h SVR ANN PSO

opt
Li 2016 [61] China (C) ta h r ws p LR MARS k-NN

SVR dt FFNN
Li 2015 [116] China (C) pow BPNN ELM
Li 2020 [119] Australia (B) pow irr ta h ws MLP DL LSTM

DL pre
Li 2018 [140] South Africa (B) pow ta h BPNN DL
Li 2016 [142] USA (C) pow ang ta ws

wd
SVR FFNN

Li 2019 [143] Belgium (C) pow SVR BPNN
ANN DL LSTM

Lin 2016 [99] Taiwan (C) pow LS-SVR ANN
GA

Lin 2018 [98] Australia (B) pow irr ta h ws LS-SVR BPNN
ANN DL hyb
pre

Lin 2020 [97] Australia (-) pow irr ta r ws ANN hyb
Maitanova 2019 [506] Germany (C) pow ta h cc r LSTM opt
Majumder 2020 [507] USA (-) pow SVR ANN ELM

opt
Massaoudi 2019 [109] Australia (B) pow irr ta h ws

wd t
bay regu k-NN
ens dr

Massidda 2017 [72] Germany (C) irr ta cc ws p MARS
Mishra 2020 [62] USA (D) pow ang ta h cc

ws p
LR regu LSTM
pre opt

Nageem 2017 [56] India (A) irr ta h ws p t SVR
Nayak 2020 [96] India (B) irr SVR dt ANN

ELM hyb
Ni 2017 [124] Singapore (A) pow irr ta tpv

ws wd
ELM

Ogliari 2018 [508] Italy (C) irr ta cc rwsr ws
wd p t

hyb

Pan 2020 [78] Australia (B) irr ta h wd t SVR opt
Panamtash 2021 [122] USA (A) pow BPNN
Paulescu 2017 [137] Italy (C) irr ta cc LR regr fuz
Pawar 2020 [82] Australia (C) irr SVR
Pierro 2017 [108] Italy (C) pow irr ang ta h

ws
k-NN MLP pre
dr

Pujić 2020 [192] Denmark (C) irr ta h cc ws
wd p

LR k-NN SVR
FFNN ens
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Table A.1: Summary of the main characteristics of the reviewed literature. Below the table, one can find the mean-
ing of the abbreviations.

First author Year Ref. Country (Köppen) Features Algorithms

Ramsami 2015 [68] UK (C) irr ta h rwsr ws
wd p

LR FFNN ANN
dr

Rana 2015 [77] Australia (C) pow irr ta h ws SVR MLP
Raza 2018 [118] Australia (C) pow irr ta h ws FFNN ANN DL

pre
Rosato 2017 [70] Italy (C) pow LR ANN fuz
Rosiek 2018 [103] Spain (C) irr ang ta h ws

wd p
BPNN pre dr

Semero 2018 [63] China (D) irr ta tpv h cc p LR BPNN fuz dr
GA PSO

Shang 2018 [113] USA (B) MLP BPNN
ANN fuz pre dr
PSO

Sharadga 2020 [84] China (C) pow MLP ANN
LSTM DL fuz
pre

Sheng 2020 [80] - irr ta h ws t bay SVR ANN
ELM opt

Soufiane 2020 [121] - pow ANN pre
Sun 2019 [145] USA (C) pow cc CNN
Suresh 2020 [86] Poland (C) irr ta tpv ws LR CNN hyb
Takeda 2017 [125] Japan (C) pow irr ta ws ens
Tang 2016 [509] USA (C) irr ta h ws ANN ANN ELM
Theocharides 2018 [147] Cyprus (B) irr ang ta h ws

wd
SVR dt FFNN

Torabi 2017 [510] Portugal (C) pow irr BPNN
Touati 2017 [66] Qatar (B) irr ta tpv h ws LR dt dr
Van Tai 2019 [106] Russia (D) irr tpv ws LR FFNN fuz dr
Wang 2019 [87] Australia (B) irr ta h ws wd LSTM CNN

hyb
Wang 2018 [79] Australia (B) irr ta h cc r ws

wd p
SVR BPNN
LSTM DL hyb
dr

Wang 2020 [115] USA (B) irr ta k-NN BPNN
LSTM

Wang 2017 [117] Belgium (C) pow regr SVR BPNN
CNN pre

Wang 2019 [135] USA (C) pow CNN
Wang 2016 [511] China (C) irr ta h rwsr ws

p
LR regr MLP
ANN

Wen 2019 [91] Australia (B) irr ta h ws t SVR MLP hyb
Wolff 2016 [114] Germany (C) pow irr ta cc SVR
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Table A.1: Summary of the main characteristics of the reviewed literature. Below the table, one can find the mean-
ing of the abbreviations.

First author Year Ref. Country (Köppen) Features Algorithms

Yadav 2018 [512] India (A) irr tpv ANN
Yang 2020 [513] Netherlands (C) pow ANN opt
Yin 2020 [101] China (D) irr ta h ws SVR BPNN

ELM
Yousif 2017 [514] Oman (B) irr ta SVR MLP DL
Zang 2018 [90] China (C) pow irr ta ws bay SVR BPNN

CNN ens hyb
pre

Zhang 2015 [134] - irr ang ta tpv cc
ws

k-NN LS-SVR
ANN

Zhang 2018 [85] Japan (C) pow cc MLP LSTM
CNN

Zhou 2018 [57] China (C) pow tpv t SVR pre

The five Köppen categories are: A - tropical; B - dry; C - mild temperate; D - continental;
and E - polar.

The abbreviations for the features are: pow – PV power; irr – irradiance; ang – solar
angles; ta – air temperature; tpv – PV temperature; h – humidity; cc – cloud coverage; r –
rainfall; ws – wind speed; wd – wind direction; p –pressure; t – time. Be aware that only the
most relevant features have been mentioned, but some authors have included more.

The abbreviations for the ML algorithms have been mentioned in the text. If one or
more algorithms from a certain family have been employed and are not one of the popular
algorithms, the abbreviation of the family is mentioned. The abbreviations correspond to:
regr – regression; regu – regularization; bay – Bayesian algorithms; dt – decision trees; ens
– ensemble algorithms; ANN – Artificial Neural Networks; DL – Deep Learning; fuz – fuzzy
algorithms; hyb – hybrid algorithms. In the next appendix, the main characteristics of each
family are briefly mentioned.





B
MACHINE LEARNING FAMILIES

This appendix outlines the key characteristics of each of the 10 ML families considered,
aiming to highlight differences rather than provide detailed explanations.

REGRESSION

With their origin in statistics, regression methods have been the starting point of machine
learning thus they have been adopted as part of the discipline [128]. This group is composed
of the linear regression method and its variations. This is different than auto-regressive
methods, mainly in the way how the linear coefficients are obtained.

Equation B.1 exemplifies the estimation of the PV power P̂ at time step t , using a simple
linear regression model. Only the irradiance I and the temperature T at the previous time
step are considered as model features.

P̂ (t ,−→α ) =α0 +α1 · I (t −1)+α2 ·T (t −1) (B.1)

The linear regression coefficients−→α = [α0,α1,α2] are found by minimizing the loss func-
tion L between estimated and real PV power P , Equation B.2. The loss function can take
several forms, with quadratic loss being one of the most popular ones.

min−→α

(∑
t

L
(
P̂ (t ,−→α )−P (t )

))
(B.2)

REGULARIZATION

A common issue when solving ML problems is data overfitting. This occurs when the al-
gorithms fit the testing set so much that they are unable to fit unseen data. To solve this
issue, regularization techniques were developed to limit the size of the parameters to be
optimized. Regularization of the linear regression from Equation B.1 can be applied by lim-
iting the size of the coefficients −→α . This is imposed by adding a penalization term R(−→α )
to the function to be minimized. Hence, the objective function in Equation B.2 becomes
Equation B.3.
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min−→α

(∑
t

L
(
P̂ (t ,−→α )−P (t )

)+R(−→α )

)
(B.3)

Depending on how the penalization of the parameters is defined, one encounters sev-
eral algorithms: Least Absolute Shrinkage and Selection Operator (LASSO) when 1-norm
(absolute value) penalization is imposed; Ridge Regression for 2-norm (root squared value)
penalization; and Elastic Net for 1-norm and 2-norm penalizations.

BAYESIAN ALGORITHMS

Bayesian algorithms use Bayes’ theorem as a basis to develop their models [54]. Bayes’ theo-
rem relates the probability of a certain event to the knowledge a priori of conditions related
to that event. For example, Bayes’ theorem finds p(P | I ,T ), the probability of producing
the PV power P given a certain irradiance I and temperature T (time dependencies were
removed for simplicity). p(P | I ,T ) is related to the prior, the distribution of the PV power
p(P ) before knowing the meteorological conditions, and to the likelihood, the probability
to measure certain weather conditions knowing the produced PV power p(I ,T | P ). Equa-
tion B.4 depicts this relation, where p(I ,T ) is the distribution of meteorological conditions,
obtained via normalization of the product of probabilities.

p(P | I ,T ) = p(P ) ·p(I ,T | P )

p(I ,T )
(B.4)

Different Bayesian algorithms arise based on the assumed distribution in Bayes’ theo-
rem. Assuming a Gaussian distribution leads to Gaussian process regression [515], while
assuming feature independence results in Gaussian Naïve Bayes [54].

INSTANCE-BASED

These algorithms find important points within the training data set that describe the prob-
lem at hand [54]. One of the most popular algorithms inside this block is the k-nearest
neighbour (k-NN). In the presence of a new input, k-NN looks at the k nearest neighbors of
the input to decide the output.

The main actor in this family is the Support Vector Regression (SVR). Figure B.1 exem-
plifies the use of SVR to predict the PV power P̂ as a function of the kernel of the irradiance
φ(I ). The kernel is a transformation made to the input so that a linear relationship can be
found between the transformed input and output. This linear relationship is found by min-
imizing the margin of tolerance ϵ so that all points fall within the margin. The points within
the borders of the margin determine the parameters of the linear relationship and are called
support vectors.

DECISION TREES

These algorithms predict using a tree-like model of decisions. The data space is recur-
sively partitioned and a simple prediction model is then fitted within each partition [182],
as shown in Figure B.2. The differences between models in this family stem from their un-
derlying algorithms, which dictate, for example, the type of prediction model fitted to each
partition [182].
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Figure B.1: Schematic example of Support Vector Regression applied for the prediction of the PV power as a func-
tion of the transformed irradiance.

Figure B.2: Example of a decision tree for PV power prediction.

ENSEMBLE ALGORITHMS
Ensemble algorithms combine weak learners (also called predictors) into one strong learner
[54]. A weak learner is defined as one whose performance is slightly better than random
chance. For instance, random forests and gradient boosts regression trees are made of a
combination of decision trees. An example of their structure can be seen in Figure B.3,
where the result of three different decision trees is combined to improve the estimation of
the output.

Figure B.3: Schematic of random forest, where the output of three different decision trees is combined to improve
the prediction.

One can also combine deterministic forecasts to create a probabilistic one. This is the
working method of the Analog Ensemble. This algorithm starts by producing a short-term
deterministic forecast with training data. When new data is provided, a deterministic fore-
cast is computed, and its result is compared to the most similar past forecasts. These are
then combined to generate a bias-adjusted probabilistic forecast.
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ARTIFICIAL NEURAL NETWORKS

Artificial Neural Networks (ANN) were inspired by the synaptic connections in the nervous
system, hence their name [516]. An ANN consists of an input layer of nodes (neurons),
several hidden layers, and a final layer of output neurons [83]. The nodes are interconnected
via a set of weights such that signals can travel through them [517]. Each node’s output is
determined by applying an activation function to the aggregated weighted inputs [516, 518].
The activation function introduces nonlinearity which increases the flexibility, making this
configuration very powerful [83]. ANN’s main drawback is that the optimal configuration
and learning algorithm are hard to obtain a priori.

If the ANN nodes never form a cycle, the ANN is called a feed-forward neural network
(FFNN) or multilayer perceptron (MLP) [519]. This is the first and simplest type of ANN
[516]. Figure B.4 shows graphically its structure for a PV power forecasting problem. All the
nodes are fully connected between consequent layers and the information flows from the
input to the hidden and finally the output. The weights assigned to each node are modified
by experience while training. The most common method to train these structures is us-
ing back-propagation [519], hence these ANNs are referred to as back-propagation neural
networks (BPNN).

Figure B.4: MLP or FFNN structure for a PV power forecasting problem.

Several characteristics can be tuned to create different types of ANN [520], such as ap-
plying a different activation function in each node, implemented by the Radial Basis Func-
tion, and generalized regression ANNs.

DEEP LEARNING

Deep Learning (DL) is a subset of ANNs. These ANNs have a deeper number of process-
ing layers so their problem-solving capacity is increased, and have higher extraction capa-
bilities [136, 521]. Famous examples of the use of DL are face recognition [522] and au-
tonomous driving [523]. This increased complexity requires vast amounts of data, leading
to high computational time and hard, often impossible, interpretability [524].

One example is the Recurrent Neural Network (RNN). These structures are characterized
by having at least one loop [521], for instance, by making that each hidden cell receives its
output with a fixed delay [520], vide Figure B.5. The recurrent cells can be upgraded by
including memory cells, leading to long-short-term memory (LSTM).
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Figure B.5: Recurrent deep learning neural network structure.

An issue with FFNNs is their time-consuming learning process due to slow training al-
gorithms repeatedly applied [525]. This problem was solved with the Extreme Learning Ma-
chine (ELM) [526]. ELM reduces the computational burden by selecting the hidden nodes
randomly and calculating the output weights only once.

FUZZY ALGORITHMS
The algorithms in this section use fuzzy logic methods, an extension of binary logic where
values range from 0 (False) or 1 (True). Fuzzy code allows components to take values be-
tween 0 and 1, interpreted as probabilities. Takagi and Sugeno developed a model using
this logic [527] which has been employed to modify several ML algorithms.

For instance, when fuzzy logic is applied to k-means clustering, the elements can belong
simultaneously to more than one cluster up to some degree [128], as represented in Fig-
ure B.6. Fuzzy logic can also be integrated into ANN yielding to the Adaptive Neuro Fuzzy
Inference System [528], making the ANN more flexible.

Figure B.6: Comparison between k-means and fuzzy k-means clustering, where the association to a group is de-
fined by a probability rather than a certainty.





C
METRICS

Metrics are employed to measure how close predicted values are to real ones. The most
basic metric is the error, defined as the difference between real and forecasted values. This
measure can be made unit-free through normalization by the nominal capacity of the power
plant, the real value (percentage error), or the average of the real values, among others.

Time series are not practical to work with, since they do not provide a single value and
hence are hard to compare. Some transformations can be applied to this error to express it
as one figure, such as:

• Averaging, giving place to the Mean Bias Error (MBE) or simply Bias

• Taking the absolute and averaging, Mean Absolute Error (MAE)

• Squaring and averaging, Mean Squared Error (MSE)

• Squaring, averaging, and taking the square root, Root Mean Squared Error (RMSE)

All these metrics can be further normalized, giving place to the Normalized Mean Bias
Error (NMBE) and equivalent measures (NMAE, NMSE, and NRMSE). When the MAE is nor-
malized by the real value of the data series, it gives the Mean Absolute Percentage Error
(MAPE), which is a special case of NMAE.

Normalization provides unit-free errors and allows for the comparison of the perfor-
mance of PV power plants of different nominal power. However, one needs to be careful
with the way that this normalization is performed, especially when comparing metrics of
different works. Normalization can be achieved with the average value of the series, with
the nominal power of the plant, or with the difference between maximum and minimum
values, among other options. These normalizations are correct and widely accepted, but
they can result in very different NRMSE ranges.

Time resolution also impacts the metrics. If daily resolution is used instead of hourly,
night values are excluded, bringing the average closer to the difference between the ex-
tremes. Therefore, time resolution should always be considered when comparing metrics
of different works.

Each metric provides different information about the type of error performed. MBE in-
dicates whether the predictions lean towards underestimation or overestimation, but posi-
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tive errors are canceled by negative ones. MAE describes the quantitative error of the fore-
casts, giving the same importance to all values [103]. This last fact is sometimes undesirable
since larger errors are the most costly. MSE and RMSE solve this issue at the cost of giving
higher importance to outliers. Between the two, RMSE is preferred since the scale remains
intact.

Other measures that are not so straightforward to derive but also extensively employed
for PV power forecasting are the coefficient of determination or R-squared (R2), the skill
score (SS), and the correlation. R2 indicates the variability between real and predicted val-
ues; it represents how well future outcomes are likely to be predicted [103]. The best value it
can take is 1, hence the higher the score, the better. The skill score compares the error of the
proposed method relative to the error of a standard method (such as persistence). Corre-
lation determines the forecast performance even if any systematic correction or re-scaling
has occurred.

There is a group of metrics specific to probabilistic forecasting. These measure the er-
ror made on prediction intervals, not on single points. The most employed metric in this
category is the Continuous Ranked Probability Score (CRPS), which computes the differ-
ence between the real value and the prediction interval [529]. It combines deterministic
outcomes with probabilistic predictions, and it is equivalent to MAE for deterministic fore-
casts. An alternative to CRPS is the measure of kurtosis and skewness, which are usually
computed together. They represent how different the shape of the prediction is relative to
a normal distribution. While the skewness measures the asymmetry of the distribution, the
kurtosis computes its sharpness [128].

Table C.1 shows each of the mentioned metrics with their equation and main charac-
teristics. Here, xi are the true values, x̂i are the predicted values, x is the average true pre-

diction value, N represents the number of samples, F f
i (x) is the cumulative distribution

function (CDF) of the i th probabilistic forecast, F 0
i (x) is the CDF of the i th observation, and

σ is the variance of the prediction distribution.
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Table C.1: Most employed metrics for PV power forecasting with their equations and main characteristics.

Metric Equation Main characteristics

Error xi − x̂i Time series.

NMBE 1
x

∑
i (xi−x̂i )

N Measure of central tendency.
Indicates over and under estimations.

NMAE 1
x

∑
i |xi−x̂i |

N Measure of average error.
Same importance to all values.

NMSE 1
x2

∑
i (xi−x̂i )2

N Measure of average squared distance.
Higher importance to outliers.

NRMSE 1
x

√∑
i (xi−x̂i )2

N Measure of average error.
Higher importance to outliers.

MAPE 1
N

∑
i

∣∣∣ xi−x̂i
xi

∣∣∣ Measure of prediction accuracy as a per-
centage of the error.

R2 1−
∑

i (xi−x̂i )2∑
i (x−xi )2 Measure of variability.

Indicates model’s goodness of fit.

Skill score 1− RMSE proposed

RMSE reference
Represents an improvement over the ref-
erence model (e.g. persistence).

Correlation
∑

i (xi−x)
(
x̂i−x̂

)
√∑

i (xi−x)2 ∑
i

(
x̂i−x̂

)2
Measure of linear relationship between
variables.

CRPS 1
N

∑
i
∫ ∞
−∞

(
F f

i (x)−F 0
i (x)

)2
d x Measure of difference between the real

value and the prediction interval.

Kurtosis 1
N

∑
i

(
x̂i−x̂

)4

σ4 Measure of asymmetry of the distribu-
tion.

Skewness 1
N

∑
i

(
x̂i−x̂

)3

σ3 Measure of sharpness of the distribution.
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COMPARISON

Since no decomposition model stands out in the literature, a comparison was conducted
to determine the most suitable one. The analysis utilized all 12 European meteorological
stations from the Baseline Surface Radiation Network (BSRN) [329] (see Figure 8.2a for their
location). The stations provide ground-based measurements of GHI, DHI, and DNI, en-
abling the comparison of modeled values with measured ones. BSRN combines data from
numerous previously independent radiation measurement stations globally. Given the di-
verse sources, no standardized quality checks are applied. Thus, preliminary quality assess-
ments, including the conversion to hourly resolution, are conducted on all irradiance data.
All hourly data points where the solar zenith exceeds 85° are discarded to prevent anomalies
that occur at low solar altitude angles. This zenith limit was used for preparing the BSRN
data and the irradiance data of the software tool.

This study focuses on six widely used models: Erbs [530], DISC [531], Reindl2 [532, 533],
BRL [280], Every [534], and Engerer [535, 536]. For every station, the hourly time series�DHI was calculated for each model using the GHI of that station, and compared to the
BSRN-measured DHI. All these decomposition models use the clearness index to estimate
the diffuse fraction, which is related to the time of day. Some models also included other
time-dependent variables such as the sun altitude in Reindl2, the zenith angle in DISC, and
apparent solar time in BRL, Every, and Engerer. These latter three furthermore included
continuity in the model by including daily clearness index and persistence. The perfor-
mance indicators are nRMSE and nMBE.
Where H is the number of hourly time instants. The results were analyzed to identify the
best decomposition model for hourly irradiance data in Europe, see Figure D.1.

The nRMSE is notably higher for the BUD and SON stations compared to the others.
This can be attributed to the relatively poor data quality of these stations. The BRL model
outperforms all other models in all stations except for the SON station, which had shown
data limitations due to the high altitude. The simple Erbs model outperforms the bivariate
models Reindl2 and DISC, the two least accurate models. Therefore, increasing the com-
plexity of Erbs, resulting in Reindl2 and DISC, did not improve its performance. The Every
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Figure D.1: nRMSE and nMBE of six decomposition models, shown for the twelve different datasets retrieved using
the BSRN database. Refer to Figure 8.2a for the location of the BSRN station employed.

and Engerer models are adaptations of the BRL model. However, their nRMSE is higher
than the original model. For the Every model, the decreased performance could be due
to the model being parameterized in Australia. The Engerer model also showed decreased
performance compared to the BRL model, possibly due to the model being designed for
minute data originally.

Regarding the nMBE of the analysis, no model outperforms the others at all stations.
However, on average, the Engerer model performs best, with an average absolute nMBE
of 8.9% compared to the worst-performing 14% for the DISC model and close to 11% for
the remaining models. Nevertheless, Engerer outperforms BRL in only seven out of twelve
stations. In contrast to the nRMSE results, Every and Engerer models slightly surpass the
preceding BRL model. Furthermore, the Erbs outperforms its succeeding models DISC and
Reindl2. All models highly underestimate the diffuse fraction at the SON station, which
could be again due to the extremely high altitude of the station. This raises a general con-
cern for using decomposition models at high altitudes.

The performance analysis concludes that the Engerer model performs best based on av-
erage nMBE. However, the BRL model is considered the overall best model, consequently
outperforming other models based on nRMSE and performing averagely based on the nMBE.
In this study, these results are assumed to apply to satellite irradiance data. However, a note
should be made that this conclusion is only robust when hourly ground-based input irradi-
ance is used.

In addition to examining annual metrics, seasonal variations were investigated. The
daily errors of all stations are averaged, leading to an average nRMSE or nMBE for each day.
When exploring the nRMSE results (of which no figure is included), most models have their
highest accuracy in late autumn and early winter. However, no clear pattern has been found
since the Reindl2 and DISC models show different seasonal behavior, and the similarities in
the BRL, Every, and Engerer model patterns probably emerge from their relation.

More interesting results are found when exploring the seasonal pattern in nMBE shown
in Figure D.2. All models overpredict the diffuse component in autumn and underpredict
it in spring. This bias pattern also emerges when the same analysis is done at a station
level (not shown). It is hard to explain this behavior since most seasonal fluctuations have
extremes in winter and summer. Despite conducting a comprehensive analysis of the sea-
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sonality of variables, the observed nMBE pattern could not be explained.

Figure D.2: Average daily nMBE of six decomposition models for a dataset containing irradiance data of twelve
European BSRN stations. A seasonal bias pattern occurs with negative bias in spring and positive bias in autumn.

While the origin of this seasonal bias remains unknown, compensating for it can im-
prove existing models. A correction factor can be applied to a model with high nMBE to
create a much better fit. However, this approach does not apply to a model with a high
nRMSE. Based on the results, opting for the BRL model is recommended. To compensate
for the seasonal bias, a multiplication factor is introduced to the BRL model:

�DHIi mpr oved =�DHI
1

nMBE f i t
(D.1)

By simply including the multiplication factor, the diffuse fraction kd (ratio of irradiance
that is diffusely reflected) may exceed unity. This is mitigated within the new model by
capping all values of kd at 1.

The daily average nMBE curve for the BRL model was used to determine the multiplica-
tion factor. A Fourier expansion with two terms and a period of 365 days was used.

nMBE f i t = a0 +a1 cos(Dn)+b1 sin(Dn)+a2 cos(2 ·Dn)+b2 sin(2 ·Dn)

Dn = dn ·2π

365

(D.2)

With a0 = 1.037, a1 = 0.02052, a2 = −0.02688, b1 = 0.1069, b2 = −0.002202, and dn the day
number in a calendar year. Using Equation D.2, the seasonal nMBE pattern is mitigated
using the compensating factor as seen in Figure D.3. The new bias-compensated model is
named the BRL-MvK model.

The improvement of the model is also observed with the annual nMBE of each station.
The annual nMBE is shifted towards a more positive bias for all stations (of which no figure
is included), decreasing the inter-station average of the absolute value of the annual nMBE
values from 11.2% to 10.6%. This shift results in improved model performance for most
(formerly) negative-biased stations and a decreased performance for all formerly positive-
biased stations. Kindly note that Figure D.3 refers to the daily biased error averaged for all
BSRN stations while 10.6% refers to the mean absolute of the nMBE of the 12 stations. The
nRMSE of the BRL-MvK model outperforms the BRL model in all stations and the mean is
improved from 31.8% to 30.5%.
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Figure D.3: Daily nMBE averaged for all the BSRN stations of the BRL and BRL-MvK model throughout a year.
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TOOL OVERVIEW

The software tool initiates by prompting the user to input location parameters:

• What is the central longitude [°] and latitude [°] of the PV plant (with 4 decimal points
of accuracy)?

• A square image is downloaded. How many km should the sides be to include the full
PV plant area?

• What is the capacity of the PV plant?

After which a prompt is generated confirming the input location of the user using a map
tile retrieved via Geoapify [537].

When the location is deemed correct, the perimeters of the PV plant and the PV group
area are defined. The user is asked to draw polygons, as seen in Figure E.1. The blue area
indicates the PV plant area and the yellow areas are the PV groups area, which is provided
per group.

Before being prompted to draw the areas, the user is asked whether all PV modules in
the plant are uniformly tilted and oriented. If so, the following questions are asked:

• What is the azimuth orientation (deg) of the PV panels (E=90°, S=180°, W=270°)?

• What is the tilt (deg) of the PV panels (flat=0°)?

If the modules are not uniformly tilted and oriented, the two latter questions are asked
for every group after drawing it.

Before defining the yellow group areas, the user is asked if all groups have an equal num-
ber of solar panels. If so, the Ng p of each group is set to equal values. Otherwise, they are
asked to input the number of modules after each drawn PV group.

Afterward, the user is prompted to input the data purposes using the GUI element shown
in Figure E.2. If more than one goal is checked in the GUI element, the user is asked to input
the relative priority of each purpose.
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Figure E.1: GUI where the user is asked to draw the PV group areas (yellow) for the Solar Park Krughütte in Eisleben,
Germany. The already drawn blue area is the PV plant area.

Figure E.2: GUI element where the user inputs the purpose of the data for future use.

The last question is about the number of sensors to be allocated. If the user does not
input a predefined number of sensors, advice is given.
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During the calculations, the user is updated on the progress and the undertaken steps.
The code is profiled to give insight into how time-intensive the software tool is and what
the speed-determining modules are. Table E.1 provides the time profiling for the two case
studies presented in Subsection 8.4.1.

Table E.1: Runtime of the different steps of the software tool for the two case studies.

Runtime [min] Kolindros Eisleben

Distribute sensors 0.0 0.0
Import data 0.4 0.4
Calculate SVF 4.5 19.9
Create irradiance maps 0.0 0.0
Create error maps 0.1 0.5
Suggest locations 0.0 0.0
Create report 0.6 1.0

Total 5.6 21.8

For the two case studies presented, the software takes around 5.6 minutes for the 6 MWp

solar park in Kolindros (Greece), and 21.8 minutes for the 29.1 MWp solar park in Eisleben
(Germany). Although in general the higher the capacity, the longer the computational time,
the capacity is not the sole indicator of computational time demand. The total runtime of
the software tool mostly depends on the SVF calculations, for which the higher the local
height differences, the more time-intensive the computations become. The creation of the
output report and the data import are also time-intensive steps.
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SIMPLIFICATION

The allocation algorithm is based on the minimization problem in Equation 8.1. Indepen-
dently of the time resolution of the error, the measurement deviations take the absolute
difference between GPO A,l and Gr e f . For clarity, the definition of GPO A,l is shown in Equa-
tion F.1.

GPO A,l = SV Fl ·Rd ·D H I + (1−SV Fl ) ·α ·G H I +DN I ·cos(γ) (F.1)

Where γ is the angle of incidence onto the PV modules. GPO A,l , Rd , DHI, DNI, GHI, and α
are time series but the time dependency has been removed from this equation for ease of
understanding.

The reference irradiance is the weighted average of the GPO A of a certain area, as shown
in Equation 8.3. Since the reference irradiance is location-independent, it can be rewritten
including the definition of GPO A,l :

Gr e f =

(

SV F ·Rd ·D H I + (1− (

SV F ) ·α ·G H I +DN I ·cos(γ) (F.2)

Where

(

SV F is the weighted average of the SVF of all grid points inside the PV group for
which the sensor measures irradiance, Equation F.3.

(

SV F = 1∑Ng p

n=1 Nn ·∑Ng p

n=1 Ln

Ng p∑
n=1

Ln∑
l=1

SV Fl ·Nn (F.3)

The simplification of Gr e f only holds because DHI, DNI, GHI, Rd , α, and γ are all (as-
sumed to be) spatially independent. Using this new notation of Gr e f , the following deriva-
tion can be done:
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|GPO A,l −Gr e f | = |SV Fl ·Rd ·D H I + (1−SV Fl ) ·α ·G H I

− (

SV F ·Rd ·D H I − (1− (

SV F ) ·α ·G H I |
(F.4)

= |(SV Fl −

(

SV F ) · (Rd ·D H I −α ·G H I )| (F.5)

Equation F.5 holds for sums over all data points of in-plane and reference irradiance
time series of length T . The minimization problem for the three time resolutions of the

measurement deviation can be rewritten using ∆SV Fl = SV Fl −

(

SV F :

argmin
l∈L

(ϵh,l ) = argmin
l∈L

H∑
h=1

|∆SV Fl · [Rd (h) ·D H I (h)

−α(h) ·G H I (h)]| · H ′

H

(F.6)

argmin
l∈L

(ϵd ,l ) = argmin
l∈L

D∑
d=1

|∆SV Fl

24∑
hd=1

[Rd (hd) ·D H I (hd)

−α(hd) ·G H I (hd)]| · H ′

24 ·D

(F.7)

argmin
l∈L

(ϵy,l ) = argmin
l∈L

Y∑
y=1

|∆SV Fl

8760∑
hy=1

[Rd (hy) ·D H I (hy)

−α(hy) ·G H I (hy)]| · 1

Y

(F.8)

Where h ∈ H , d ∈ D , and y ∈ Y are the hour, day, and year of each time step, respectively.
The last term normalizes to a yearly value, with H ′ = 8760 being the hours per year.

All terms that are both inside the absolute signs and location independent cancel out in
the minimization problem. The fractions at the end of Equation F.6, F.7 and F.8 cancel out
because they are necessarily a positive constant. Therefore, all minimization problems are
reduced to Equation 8.6.

This simplification does not imply that the error maps are equal. Differences occur
when the time series inside the absolute brackets from Equation F.6-F.8 have both negative
and positive terms. This leads to measurement deviations canceling out when different pe-
riods are chosen to minimize bias. However, that condition rarely occurs, being met in only
0.2% and 0.14% of the data points in the Kolindros and Eisleben case studies, respectively.
This simplification has been implemented for these two case studies, and the difference in
results is negligibly small.
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