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Abstract
Motivated by the shift of the photovoltaic (PV) industry towards bifacial solar modules, desert

markets, and ever narrower profit margins, this thesis study is aimed at improving the esti-

mation accuracy of the output of bifacial PV systems that are potentially exposed to soiling.

The scope is limited to the estimation of photocurrent, the performance parameter that is the

most strongly affected by bifaciality and soiling. The thesis consists of three parts with the

following topics: ground surface reflectance, module soiling, and bifacial effective irradiance.

As for the first topic, the thesis aims at providing tools for surface reflectance estimation in

any use case. The model evaluation results that are based on a global database of reflectance

measurements can be used to choose a reflectance model that is appropriate for the surface

type of interest. On a global average, the results show that data-driven estimation reduces the

mean absolute error of reflectance estimates by 20-40% compared to the literature values. The

proposed geographically generalised parametrisations of reflectance models can be used to

produce temporally variable reflectance estimates if measuring campaigns for local model

calibration cannot be implemented. If they can, the thesis provides detailed guidelines for

their optimal timing. The choice of the reflectance model can result in deviations of up to

2.5% in the energy yield estimated for a bifacial PV system.

In the second part of the thesis, a new physical model for forecasting soiling losses is proposed.

The model incorporates new methods e.g., to simulate dust deposition on tilted surfaces, to

physically capture the impact of relative humidity on dust accumulation, and to estimate the

hemispherical transmittance of dust for diffuse light sources. The model can be used based on

the public data products of numerical weather prediction models without the need for soiling

measurements. The model is validated against its alternatives and measurements made at a

field experiment in the United Arab Emirates. The impact of the soiling loss model on yield

estimation is found to be lower than that of the reflectance model, plus minus 1% at maximum

considering usual weekly or biweekly cleaning intervals.

Finally, the third part of the thesis proposes a new model for simulating the photocurrent

of each solar cell of a bifacial PV power plant using a computationally efficient method. It

comprises a new algorithmic design that makes it possible to make all the detailed geometric

calculations once and move to the temporal domain only to estimate irradiance. The most

important novelty of the proposed model is that it estimates the photocurrent contributions as

a distribution of the different light sources. The model is validated against the measurements

made in France and Italy. The results of the validation show that the model’s current estimates

are more accurate than those of the widely used "unlimited sheds" approach. The most
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Abstract

important reasons for the better performance are the new model’s capability to estimate the

spatial variability of effective irradiance on the array surface and that of ground-incident

irradiance around the system. As per the impact assessment, the new model was found to

overestimate yield and underestimate electricity cost by 1% on average. The "unlimited sheds"

approach, in turn, resulted in more variable bias. In the case of large arrays, the approach was

found to overestimate yield by 4%.
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Zusammenfassung
Motiviert durch den Wechsel der Photovoltaikindustrie zu bifazialen Solarmodulen, durch

Märkte in Wüstenstaaten, und die immer schmaleren Gewinnspannen, zielt diese Doktorarbeit

auf eine Verbesserung der Abschätzungsgenauigkeit der Leistung bifazialer Photovoltaiksyste-

me ab, welche potenziell Verschmutzung ausgesetzt sind. Die Arbeit ist auf die Abschätzung

des Photostroms beschränkt – den Leistungsparameter, welcher am meisten durch Bifazialität

und die Verschmutzung beeinflusst wird. Die Arbeit beinhaltet drei Teile mit den folgenden

Themenbereichen: Reflexionsgrad des Untergrunds, Verschmutzung der Module, und effektive

bifaziale Bestrahlungsstärke.

Das erste Thema dieser Arbeit stellt Werkzeuge zur Abschätzung des Reflexionsgrades von

Oberflächen für jegliche Anwendung bereit. Die modellierten Auswertungsresultate basieren

auf einer globalen Datenbank von Reflexionsgradmessungen. Diese können herangezogen

werden, um ein Model für den Reflexionsgrad auszuwählen, welches mit hoher Wahrschein-

lichkeit der vorgegebenen, spezifischen Art des Untergrunds entspricht. Im Vergleich zu

literaturbasierten Abschätzungen, haben diese datenbasierten Abschätzungen das Potenzial

den absoluten mittleren Fehler der Reflexionsgradabschätzung im Durchschnitt um 20 – 40

Prozent zu verringern. Die vorgeschlagene geographisch generalisierte Parametrisierung der

Reflexionsgradmodelle kann verwendet werden, um zeitlich variable Reflexionsgradabschät-

zungen zu erstellen, falls Messungen vor Ort zur Kalibrierung des Modells nicht durchführbar

sind. Falls sie durchführbar sind, liefert diese Arbeit einen detaillierten Leitfaden für die

optimale Zeitwahl. Die Wahl des Reflexionsgradmodells kann zu einer Abweichung von zwei-

einhalb Prozent im Energieertrag sowie in den Stromentstehungskosten eines bifazialen

Photovoltaiksystems führen.

Der zweite Teil dieser Arbeit behandelt ein physikalisches Modell zur Vorhersage der Verlu-

ste durch Verschmutzung. In die Entwicklung dieses Modells flossen mehrere neue Modelle

mit ein. So wird z.B. die Staubablagerung auf geneigten Oberflächen simuliert, der Einfluss

der relativen Feuchtigkeit auf die Staubanhäufung erfasst, und die hemisphärische Licht-

durchlässigkeit des Staubs für diffuse Lichtquellen abgeschätzt. Das Modell kann verwendet

werden um, basierend auf öffentlichen Daten von Wettervorhersagemodellen, die Verschmut-

zungsverluste abzuschätzen. Dies vermeidet so die Notwendigkeit von Messungen. Validiert

wird das Modell durch eine Gegenprüfung mit dessen Alternativen sowie mit Messungen,

die im Feldversuch in Abu Dhabi (Vereinigte Arabische Emirate) durchgeführt wurden. Der

Einfluss des Verschmutzungsverlustmodells auf den Energieertrag zeigte sich niedriger als

der des Reflexionsgradmodells – höchstens ein Prozent mit Berücksichtigung der üblichen
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Zusammenfassung

wöchentlichen oder vierzehntägigen Reinigungen.

Im dritten Teil dieser Arbeit wird schliesslich ein neues Modell zur Simulation des Photostroms

jeder einzelner Solarzelle eines bifazialen Photovoltaiksystems vorgeschlagen. Ein Merkmal

des Modells ist seine Effizienz in Bezug auf die benötigte Rechenleistung. Es beinhaltet einen

neuen algorithmischen Ansatz, welcher es ermöglicht alle detaillierten geometrischen Berech-

nungen nur einmal durchzuführen und schliesslich nur für die Abschätzung der Bestrahlungs-

stärke in den Zeitbereich zu wechseln. Die wichtigste Neuerung des vorgeschlagenen Modells

ist, dass die Beiträge zum Photostrom als Verteilung verschiedener Lichtquellen abgeschätzt

werden. Auf dem aktuellen Stand der Technik wird zunächst die Bestrahlungsstärke in der

Ebene berechnet. Anschliessend werden die winkelabhängigen sowie möglichen spektra-

len Korrekturen vorgenommen. Das Modell wird mit Messungen, durchgeführt in Cadarache

(Frankreich) und Catania (Italien), überprüft und validiert. Das Ergebnis der Überprüfung zeigt,

dass die Stromabschätzung des Modells genauer ist als der weithin verwendete «unlimited she-

ds» Ansatz. Der Hauptgrund für die verbesserte Genauigkeit, liegt in der Fähigkeit des Modells

die räumliche Veränderlichkeit der einfallenden Bestrahlungsstärke um das System herum

abzuschätzen. Die Bewertung des neuen Models zur Abschätzung der bifazialen Bestrahlungs-

stärke hat ergeben, dass das Model den Energieertrag durchschnittlich um 1.0 Prozent über-,

und die Stromentstehungskosten um denselben Betrag unterschätzt. Der «unlimited sheds»

Ansatz ergab deutlich variablere systematische Abweichung, die von Überschätzung bis zu

starker Unterschätzung reichen. Im Falle der langen PV-Reien überschätzt der Ansatz den

Energieertrag um 4.2 Prozent.
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Introduction

When the first solar photovoltaic (PV) power plant of the United Arab Emirates (UAE) (Figure

1) was commissioned in Abu Dhabi in 2010, the world’s lowest PV electricity prices were at

a level of approximately 0.14 USD per kWh (IRENA, 2019). In April 2020, a tender closed

for 1.5 GWp of new PV capacity to be installed in Abu Dhabi. The tender drew an all-time

low bid at a price of 0.0135 USD per kWh of PV electricity (Bellini, 2020). For comparison,

the lowest monthly average wholesale baseload prices in Europe have not reached a level

below 0.02 USD per kWh in years (European Commission, 2019). During this doctoral thesis

project, the lowest PV electricity prices have gone down by 55 per cent from the 0.0299 USD

per kWh that astonished the market observers in 2016 (pv magazine, 2016). During the same

time, the lowest price-per-watt of solar modules has plunged, too, from approximately 0.6

USD in 2016 (IRENA, 2019) to 0.18 USD in 2020 (-70%) (pvXchange Trading GmbH, 2020).

However, as the module cost accounts for only 25 to 40 per cent of the system installed cost

(IRENA, 2019), the profit margins of the utility-scale PV projects have reached a remarkably low

Figure 1 – Masdar City Solar Photovoltaic Plant. (Courtesy: Masdar).
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Introduction

level (Apostoleris et al., 2018). Under such conditions, the accuracy of yield prediction becomes

increasingly important. In order for project developers to bid a price that is competitive but

profitable, the models for plant performance simulation need to be accurate.

The performance simulation and array configuration of mainstream solar photovoltaic (PV)

systems were based on a fairly well-established set of simulation steps until bifacial solar

modules became a considerable option for commercial systems in the late 2010s. The sim-

ulation of a PV system’s radiative environment needs to be significantly more detailed than

the traditional models in order to optimise the system configuration for bifacial modules and

quantify the bifacial gain.

Another industry trend complicating PV system design and performance simulation is the

gradual shift of the PV market focus on desert regions with abundant solar resource but often

severe dust loading. The shift increases the share of operating and maintenance costs in

the levelised cost of PV electricity. With plummeting module prices and rapidly growing

installed capacity, it is increasingly attractive to predictively plan and optimise the resources

allocated to the mitigation of dust accumulation. Such optimisation requires reliable models

for forecasting the soiling-induced loss in PV output power.

This doctoral thesis project is aimed to address the three industry trends discussed above by

improving the estimation accuracy of the output of bifacial PV systems that are potentially

exposed to soiling. The project’s scope is limited to the estimation of photocurrent – the

performance parameter that is the most strongly affected by bifaciality and soiling. The other

parameters such as open-circuit voltage and fill factor are more specific to the module type

and less dependent on ambient conditions. When the electrical parameters of a module are

known, the uncertainty in the estimation of the module’s open-circuit voltage and fill factor is

lower than that of the module’s photocurrent.

The thesis document is divided into the following three parts:

1. Part I: Ground reflectance

2. Part II: Module soiling

3. Part III: Bifacial effective irradiance

After the three parts, in chapter 12 of part IV, the impact of the proposed model improvements

on the estimation of power output, energy yield, and levelized cost of electricity is assessed.

The below sections give brief introductions to each part and describe the related research

questions.
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Introduction

Ground Reflectance

In the PV performance modelling community, it is still common to assume that for any point

on the ground surface, ground surface reflectance (ρ) i.e., the ratio of the reflected irradiance to

the total incident irradiance is a temporal constant. In other words, the anisotropy of ground-

reflected radiance is assumed to be caused by the spatially variable ground-incident irradiance

and not by the optical properties of the surface itself (with exceptions to this including, e.g.,

Chiodetti et al. (2016)). However, no natural surface is a perfect diffuse reflector i.e., perfectly

Lambertian: the direction of the incident ray of light influences the angular distribution of

reflected radiance. This effect results in temporally variable ρ under the field conditions of

solar energy systems.

At its predevelopment stage, a solar energy project may still involve multiple potential sites in

an area that is identified as promising. Unless the area of interest is highly diverse, irradiance

measurements made at one of the sites are often sufficient for correcting the satellite-image-

based modelled estimates for all the considered sites (Polo et al., 2015). For instance, if the

modelled global horizontal irradiance (G) is found to be systematically underestimated under

certain sky conditions at one site, the same underestimation pattern can be generalised to

another nearby site. This is not the case with ρ. It can experience significant variability

even within a surface area of the system itself. Hence, in order to make decisions requiring

information about ρ, measurements are usually made at all the sites under consideration. A

prime example of such a decision is the choice between monofacial and bifacial solar modules.

More generally, the knowledge of ρ benefits any estimation of radiant fluxes on the surface of

the Earth such as radiant heat load calculations for buildings or irradiance transposition on

PV array surfaces with varying orientations.

To assess the impacts of the temporal and spatial variabilities of ρ on the estimation accuracy

of photocurrent in bifacial PV systems, the below four research questions are formulated.

These questions are not addressed exhaustively by the preceding literature.

1. What kinds of models are available for estimating the temporal variability of ρ?

2. How do the models perform compared to each other and to the best constant estimators?

3. How much does geographic generalisation reduce ρ estimation accuracy?

4. How does the timing of the ρ measurements used for model calibration influence the

accuracy of ρ estimation?

The structure of part I of the thesis is based on these four questions. Chapter 1 presents a

review of the various existing models for ρ estimation as well as a few novel formulations.

Chapter 2 describes the data and the methodology selected for the evaluation of the models’

performance. The results of the evaluation are presented in chapter 3, thereby, responding

to the second question. The third and fourth questions are addressed by chapters 4 and 5,

respectively.

3



Introduction

Module Soiling

The immense, mostly untapped technical potential for PV power generation in the world’s

desert areas has motivated dozens of research papers on solar module soiling. The deposition

of dust on the surfaces of solar modules generally reduces the modules’ output power. The

level of this reduction can significantly vary based on the rate of deposition but also on the

particle size distribution of the deposited dust. Figure 2 shows a photograph of a power plant

that follows a cleaning cycle of four days; the deposited dust layer is clearly visible when

comparing the small wetted part of an array shown in the figure to the surrounding part of the

array.

Figure 2 – Photovoltaic power plant with modules that are cleaned every four days. (Courtesy:
Masdar).

The soiling loss levels have been found to be linked to several ambient parameters such as

the relative humidity of ambient air and wind speed. However, no established set of physical

formulations is available for considering these effects. It is very common that soiling losses

are estimated as a function of time spent since the last cleaning. This approach is highly

location-specific and can result in a varying level of accuracy even in a single location if the

dust loading varies between seasons.

To assess the impacts of module soiling on the estimation accuracy of photocurrent in bifacial

PV systems, the below three research questions are formulated.

1. What kinds of models are available for forecasting soiling loss based on publicly accessi-

ble ambient data?

2. What are the gaps in the state of the art and how a model that closes those gaps should

be built?
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3. How does the enhanced model perform in comparison to the state of the art?

The structure of part II of the thesis is based on these three questions. Chapter 6 presents a

review of the models available in the literature for forecasting module soiling losses drawing

on the output of standard numerical weather prediction models. A new model that aims to

close the gaps identified in chapter 6 is described in chapter 7. Finally, chapter 8 presents the

performance evaluation of the new model in comparison with two alternative approaches.

Effective Irradiance

The emergence of bifacial photovoltaics has motivated a variety of recent studies on ground-

reflected irradiance estimation. The traditional modelling approach based on the assumption

of spatially uniform ground radiosity (Moon and Spencer, 1942; Liu and Jordan, 1960) has

been replaced by models that capture the spatial distribution of irradiance incident on the

ground surface surrounding the system (e.g. Yusufoglu et al., 2015; Mermoud and Wittmer,

2016; Hansen et al., 2017; Chudinzow et al., 2019). This new generation of models grid the

surface by unshaded and shaded, internally homogeneous patches with varying incident

irradiance levels resulting in an anisotropic ground-reflected radiance distribution from the

plane-of-array (POA) point of view.

Figures 3 and 4 show bifacial systems in two very different applications: a ground-mounted

array on a flat, gravely ground and a building-integrated facade system facing the wall of a

building. With both systems, the radiosity of the reflective surfaces was five to ten times higher

in the unshaded parts than in the shaded parts at the time when the photographs were taken.

The consideration of this impact is necessary for understanding the benefit from bifacial

photovoltaics at a site of interest.

All the bifacial irradiance models focus on the estimation of POA irradiance. It is well-known,

however, that the direct usage of POA irradiance as an input to the electrical models of solar

cells to estimate photocurrent results in overestimation. The main reason for this bias is

the angular reflection losses that need to be taken into consideration before estimating the

photocurrent: the reflected part of POA irradiance varies with the incidence angle of the

incident light. A similar correction can also be done to capture the spectral variability of

the incident light. These corrections are often performed after estimating the angularly and

spectrally aggregated POA irradiance although the POA irradiance itself is modelled specifically

to each light source.

The below three research questions are formulated to form the basis for the analysis of the

impact of effective irradiance estimation on photocurrent in bifacial systems.

1. How is plane-of-array and effective irradiance incident on bifacial modules generally

modelled in the preceding literature?

5



Introduction

2. What are the gaps in the state of the art and how a model that closes those gaps should

be built?

3. How does the enhanced model perform in comparison to the state of the art?

Figure 3 – Bifacial photovoltaic array with its rear surface exposed to irradiance from both
unshaded and shaded parts of the ground. (Courtesy: CEA).

The structure of part III of the thesis is based on these three questions. Chapter 9 presents a

review of the models available in the literature for modelling radiative interactions in bifacial

PV systems. A new model that aims to close the gaps identified in chapter 9 is described

in chapter 10. The chapter also describes a new algorithmic architecture that is specifically

designed to reduce the computational load involved in detailed radiative simulation. Finally,

chapter 11 presents the performance evaluation of the new model in comparison with a

popular, simpler approach.

Contribution to the Field

In the wider context, all the topics covered in this thesis are related to the field of PV system

performance simulation. The below list summarises the contributions that this thesis project

has made to the field:
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Figure 4 – Building-integrated bifacial photovoltaic facade system with its rear surface exposed
to irradiance from both unshaded and shaded parts of the wall. (Courtesy: CSEM).

Part I

• the first comprehensive comparative evaluation of ground surface reflectance (ρ) mod-

els based on a global surface reflectance dataset covering 26 locations worldwide,

• the development and validation of new time-variant models for estimating ρ,

• the development and validation of geographically generalised model parametrisations

for estimating time-variant ρ without the need for long campaigns to measure ρ,

• the development of comprehensive guidelines for timing ρ measurement campaigns,

Part II

• the development and validation of a new physical model for forecasting soiling loss
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based on publicly accessible input parameters involving:

– a new framework for modelling dust deposition onto an arbitrarily oriented mod-

ule surface,

– empirical formulations for sensible heat flux to consider the effect of buoyancy on

the turbulent diffusion of dust,

– formulations to physically consider the effect of the relative humidity of ambient

air on particle accumulation, and

– new models for estimating the hemispherical transmittance of dust,

Part III

• the development and validation of a new model for estimating the photocurrent of each

solar cell of a bifacial PV power plant by a computationally efficient method involving:

– a scope covering all the five major solar tracking technologies in addition to the

commonly considered fixed mount,

– a new algorithmic computationally efficient architecture dividing the simula-

tion process into a geometric mapping component that is deterministic and an

irradiance-dependent component where the variability of parameters cannot be

predicted deterministically,

– two new computational techniques using the configurational consistency between

the arrays,

– two-dimensional remodelling of the horizon-zenith anisotropy component of the

sky diffuse irradiance model of Perez et al. (1990),

– a new time-variant correction procedure for the spectral mismatch between four

different solar module types and solar beam, sky diffuse, and ground-reflected

irradiance, and

– a new correction procedure for the effect of incidence angular reflection considered

separately for solar beam irradiance, the isotropic and horizon-zenith anisotropy

components of sky diffuse irradiance, and the irradiance reflected from each

considered ground mesh element.

Overall, the improvements proposed in this thesis can reduce the mean bias error of the

estimates of PV system output power and levelised cost of electricity by multiple percentage

points. The impact of model improvements is discussed in more detail in chapter 12 of part IV.
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1 Modelling Ground Reflectance

When modelling the performance of solar energy systems, it is customary to assume that

surface reflectance (ρ) is a constant parameter — a surface property, whose variability only

depends on the changes in the ground surface, for example, due to snowfall. As explained in

the introduction above, the state of the art of ground-reflected irradiance models does capture

the spatial variability of the irradiance that is incident on the ground and the change of this

variability in time. This treatment is analogous to how sky diffuse irradiance is modelled. The

sky as a whole is simulated as an anisotropic source of light i.e., its radiance varies depending

on the viewing angle. However, each element of the sky dome is considered as an isotropic

light source.

Ground surfaces are a much more diverse source of diffuse light than the sky. The points of

natural ground surfaces are anisotropic radiators. Due to the temporal variability of weather

and solar geometry, the angular distribution of the irradiance incident on each of these

radiators changes in time resulting in temporally variable ρ. ρ is, therefore, not a fixed surface

property but a continuously changing surface parameter.

The angular distribution of ground-reflected radiance is highly specific to the surface type. In

a microscopic scale, it can be expressed by a bidirectional reflectance distribution function

(BRDF) — a concept developed by Nicodemus (1965). The BRDF of a ground surface element

depends on the element’s refractive index, surface roughness, and internal scatter. Internal

scatter results from the specific structure of the optical interfaces that affect the direction of

incoming photons below the surface. A complete anisotropic specification of ground-reflected

irradiance incident on the plane of interest would require the computation of a BRDF for

each point of the entire ground surface visible to the plane i.e., the surface’s bidirectional

texture function (BTF). For solar energy applications, BTF computation would be prohibitively

time-consuming.

At the macroscopic end of the scale, passive remote sensing is based on the monitoring and

analysis of sunlight reflected from the Earth’s surface and the atmosphere. There is a vast

amount of literature dealing with the estimation of surface reflectance using radiative transfer
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Chapter 1. Modelling Ground Reflectance

modelling and the spectrally resolved data produced by the multitude of sensors onboard

satellites. While models based on satellite data produce useful estimates of reflectance for

wide-area computations (, e.g.,) in climatology, their resolution for solar energy applications

is often too coarse. The highest resolution of the publicly available BRDF products of the

Moderate Resolution Imaging Spectroradiometer (MODIS), for example, is 500 metres.

There is also a variety of ρ models applicable to the performance simulation of solar energy

systems. To the best of the author’s knowledge however, a comprehensive review of the

available mathematical formulations does not exist in the preceding literature. The purpose

of this chapter is to present this review. The reviewed models are limited to the ones that

both can be used without extensive knowledge of the ground surface’s optical properties and

are based on input parameters measured in situ. Section 1.1 defines the terminology and

explains the relationship between ground-reflected irradiance andρ through basic radiometric

relations. The review of the ρ models proposed in the preceding literature is presented in

section 1.2. Finally, section 1.3 proposes novel adaptations that aim to address some gaps and

shortcomings identified in the state of the art.

1.1 Radiometric Foundation

The terminology related to ground reflectance estimation is discussed in this section. Subsec-

tion 1.1.1 introduces the three main parameters, BRDF, albedo, and surface reflectance, for

quantifying the radiation reflected from a ground surface. Subsection 1.1.2 explains how these

parameters can be used to estimate ground-reflected irradiance incident on a planar surface

above the ground.

1.1.1 Measures of Reflectance

Practitioners of solar energy often use surface reflectance and albedo interchangeably. In

fact, the distinction is not clear even in the radiometric literature. The definitions adopted in

this section are founded on the BRDF-related terminology and formulations introduced by

Nicodemus (1965). First, the section formulates three different measures for the reflectance

of a surface: BRDF ( fr), albedo (ρd−h), and surface reflectance (ρ). Figure 1.1 illustrates the

dimensional differences and the geometric relationship between these parameters.

Equation (1.1) defines fr itself in terms of incident (Li) and reflected radiance (Lr) i.e., spectral

radiant flux density per unit solid angle [Wm−2 nm−1 sr−1].

fr(θi,φi,θr,φr,λ) := dLr(θr,φr,λ)

Li(θi,φi,λ)cosθi dΩi
, (1.1)

where θi and θr respectively stand for the zenith angles of the incidence and reflection of light,

φi and φr for the corresponding azimuth angles, and λ for the wavelength of light. dΩi is the
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1.1. Radiometric Foundation

Figure 1.1 – Illustration of the relationship between the three measures of ground surface’s
reflectivity: bidirectional reflectance ( fr) (left), directional-hemispherical reflectance i.e.,
albedo (ρd−h) (centre), and bi-hemispherical reflectance (ρ) (right).

differential of solid incidence angle defined in terms of θi and φi by (1.2).

dΩi = sinθidθidφi (1.2)

fr can be understood as the partial derivative of reflected radiance [Wm−2 nm−1] at certain

direction (dΩr) with respect to the ground irradiance contribution incident from the direction

dΩi.

In this part of the thesis, albedo (ρd−h) is defined as the spectrally resolved total reflectance

for an infinitesimal light source. It is used as a synonym for the directional-hemispherical

reflectance (aka black-sky albedo) of a surface. ρd−h is a function of the direction (θi, φi)

and wavelength (λ) of the incident light and related to fr as specified in (1.3). The multiplier

cosθr is used to project the solid angles onto the ground surface in order to estimate the

ground-normal component of the flux density. Analogously to the relationship between fr and

Lr (1.1), ρd−h can be defined as the partial derivative of spectral radiosity (J ) i.e., the reflected

hemispherical radiant flux density [Wm−2 nm−1] as in the third expression of (1.3).

ρd−h(θi,φi,λ) :=
∫

2π
cosθr fr(θi,φi,θr,φr,λ)dΩr

=
∫

2πdLr(θr,φr,λ)cosθr dΩr

Li(θi,φi,λ)cosθi dΩi
= d J (λ)

Li(θi,φi,λ)cosθi dΩi
, (1.3)

where dΩr stands for the differential of solid reflection angle, which is analogous to dΩi

defined by (1.2).

ρd−h is a pure surface property.

Surface reflectance (ρ), in turn, usually refers to the ratio of the radiant power reflected from

a surface to the total power incident on the surface. In contrast to ρd−h, ρ is a scalar that

depends on the properties of the incident light in addition to those of the surface. The first

13



Chapter 1. Modelling Ground Reflectance

expression of (1.4) represents the radiant power ratio described above in a straightforward

mathematical form with J as the numerator and the total irradiance incident on the ground as

the denominator. The second expression defines ρ by means of ρd−h utilizing the relationship

between J and ρd−h specified in (1.3).

ρ :=
∫
∞ J (λ)dλ∫

2π cosθi
∫
∞ L(θi,φi,λ)dλdΩi

=
∫

2π cosθi
∫
∞ L(θi,φi,λ)ρd−h(θi,φi,λ)dλdΩi∫

2π cosθi
∫
∞ L(θi,φi,λ)dλdΩi

(1.4)

The second expression of (1.4) demonstrates how ρ is the ground-irradiance-weighted average

albedo.

In summary, dimensionality is one distinctive property of fr, ρd−h, and ρ: fr is a bidirectional,

ρd−h a directional-hemispherical, and ρ a bi-hemispherical measure of ground surface’s re-

flectivity. fr is unit-solid-angle-specific [sr−1] whereas ρd−h and ρ are dimensionless. Another

important distinction is between the properties that are intrinsic to the surface type i.e., fr or

ρd−h, and ρ, whose value also depends on the characteristics of the incident light.

1.1.2 Estimation of Ground-Reflected Irradiance

Figure 1.2 presents an illustration of a system comprising a plane of a solar array (POA) located

above a ground surface. The figure illustrates the framework for estimating ground-reflected

irradiance incident on the POA.

Provided that ρ and J are constant across a ground surface element, the view factor (F ) can

be used to estimate the irradiance leaving the element and striking a planar surface located

above the ground such as a solar array. The total ground-reflected irradiance (Gr,poa) received

on the POA can be estimated by summing the individual contributions from the entire set (S)

of ground surface elements visible to the POA. The procedure is defined by (1.5).

Gr,poa =
∑
s∈S

Fpoa−s

∫
∞

Js(λ)dλ= ∑
s∈S

Fpoa−sρsGs, (1.5)

where Fpoa−s stands for the view factor from the POA to ground surface element s, Js for the

radiosity of element s, ρs for the surface reflectance of element s, and Gs for the total incident

irradiance on element s.

While Gr,poa can be estimated by (1.5), a transposition model such as the one proposed by

Perez et al. (1990) can be used for estimating the sky diffuse irradiance incident on the POA

(Gd,poa) based on solar beam normal irradiance (Gb,n) and sky diffuse horizontal irradiance

(Gd).

Gs represents the denominator of (1.4) when applied to element s. The estimation of Gr,poa by

(1.5) results in no error if all elements s have a spatially uniform J distribution and the surface
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1.1. Radiometric Foundation

Figure 1.2 – Illustration of the system under consideration with Fpoa−s referring to view factor
from POA to s, Gb,n to solar beam normal irradiance, Gd,poa to sky diffuse irradiance incident
on POA, Gr,poa to ground-reflected irradiance incident on POA, Gs to total incident irradiance
on s, Js to the radiosity of s, POA to the plane of the solar array, s to ground surface element s,
and θz to solar zenith angle.

is Lambertian i.e., its Lr distribution is isotropic. In the case of a Lambertian surface, the

angular distributions of both fr and ρd−h are uniform with their spectral integrals equalling ρ

at all angles. The assumption of a Lambertian surface is still common as it is required for the F -

based approach as in (1.5). Equation (1.5) could not be directly used, for instance, with a BRDF

because Fpoa−s intrinsically assumes an isotropic Lr distribution. By switching the summation

in (1.5) to an integral however, the equation can be converted into the exact definition of Gr,poa

for a ground surface of any level of Lambertianity or spatial variability of radiosity. Equation

(1.5) is also often referred to as the view-factor-based method as opposed to ray tracing. Ray

tracing is normally used with one-time simulations to form an accurate picture of the radiative

interactions in a system. Equation (1.5) offers a computationally lighter method for estimating

Gr,poa repetitively under real operating conditions of solar energy systems (Hansen et al., 2016).
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The accuracy as well as the computational load of the method is mainly dependent on the

gridding density of the ground surface.

1.2 Prior Art

As explained at the beginning of the section, only models that allow for the usage of accessible

on-site information are considered in this review. Hence, the scope of the considered models

is limited to formulations with input parameters derived from visually determinable surface

properties ((, e.g.,) grass colour or snow coverage), from continuous global or decomposed

broadband irradiance measurements, and from short-term site suitability assessment cam-

paigns for measuring ground-reflected irradiance at the site of interest. Nevertheless, all these

models can be regarded as aggregating approximations of the site’s BRDF distribution. The

discussion of the models is structured by dividing them into four categories:

1. literature-based constants (M0_1-3),

2. data-based constants (M0_4-5),

3. data-based univariate models (Mz_6-9 and Md_10), and

4. data-based bivariate models (M2_11-20).

The above abbreviations in parentheses indicate the considered models. The digit after the

capital letter M denotes the number of time-variant predictors. In the case of univariate

models, instead of simply including 1 in the abbreviation, the predictor is indicated by either

z referring to solar zenith angle (θz) or d referring to diffuse irradiance fraction calculated

based on global horizontal irradiance (G) and its beam (Gb) and diffuse (Gd) components

(d = Gd/G = 1−Gb/G). All the considered bivariate models are functions of both θz and d .

The models are listed along with their abbreviations and literature and equation references in

Table 1.1 at the end of this section.

The constant models for Lambertian surfaces (M0_1-5) are discussed in subsection 1.2.1.

Subsection 1.2.2 deals with the the general aspects of ρ modelling for non-Lambertian sur-

faces. The time-variant, non-Lambertian models (Mz_6-9, Md_10, and M2_11-20) are listed

chronologically in subsection 1.2.3. Finally, subsection 1.2.4 summarises all the reviewed

models.

1.2.1 Lambertian Surfaces

The baseline modelling approach is the assumption of the ground surface as a Lambertian,

spectrally flat reflector. Such a reflector has a temporally constant ρ that is independent of

the fraction of diffuse radiation and the incidence angle of the incoming photons. The value

of this constant can be either retrieved from publicly accessible reflectance libraries (e.g.,
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Scharmer et al., 2000; Baldridge et al., 2009; Gueymard, 2005) (model M0_2) simply based on

visually approximated ground surface colour and roughness or derived statistically using the

data collected through site suitability assessment. The most basic approach suggested by Liu

and Jordan (1963) is to adopt a reflectance value of 0.2 that is reasonably close to that of any

natural snow-free ground surface (model M0_1). Gueymard (1993) proposed a third-degree

polynomial function to fit spatially low-resolution (zonal) ρ measurements to site latitude

with month-specific coefficients (model M0_3). The measurements were made by Kung et al.

(1964) with an aeroplane in North America.

Site assessment data can be used to calculate a single mean reflectance or separate morning

and afternoon mean reflectances (Ineichen et al., 1990). Different mean values can be obtained

by interpreting the mean either arithmetically (model M0_4) or geometrically (model M0_5)

(Psiloglou and Kambezidis, 2009).

1.2.2 Non-Lambertian Surfaces

With optimally inclined monofacial solar modules or collectors, the considered set S in (1.5)

(section 1.1.2) is commonly assumed to only comprise a single, homogeneous element i.e.,

the entire ground surface visible to the module plane. With bifacial systems, the division of

the visible ground surface into unshaded and shaded patches and further down to smaller

elements with different degrees of sky blocking is already the state of the art (e.g., Mermoud

and Wittmer, 2016; Hansen et al., 2017; Chudinzow et al., 2019). Indeed, the focus of the recent

Gr,poa model improvements for bifacial systems lies on improving the models of the spatial

distribution of irradiance incident on the ground. As discussed in section 1.1.2 however, the

assumption of a Lambertian surface with a constant ρ is still common. The correction for

the non-Lambertian behaviour of real ground surfaces can be simplified by a time-variant

estimate of ρ. In subsection 1.2.3, a review of the various models proposed for this correction

is presented.

As discussed in section 1.1.1, the level of irradiance reflected from a real ground surface is

dependent on the spectral and angular distributions of the light incident on the ground. The

fact that a surface has a colour implies that its reflectivity is spectrally sensitive. The U-shaped

diurnal pattern (e.g., Pinker et al., 1980; Song, 1998) of ground-reflected irradiance can, in

turn, be primarily attributed to the interplay between internal scatter and surface roughness.

An example of such a pattern is shown in Figure 1.3 for Gobabeb, Namibia on the 20th of

March, 2013. The photons that penetrate a ground surface at a narrow angle of incidence

are likely to experience more scattering events than the photons with a wide incidence angle.

Consequently, the reflected radiation in the latter case tends to be more forward-scattered

whereas in the former situation, the reflected radiance distribution is more isotropic (e.g.,

Middleton and Mungall, 1952). Macroscopic surface roughness, in turn, reduces forward

scattering through shading but intensifies backscatter (e.g., Hapke, 1971). The overall impact

of surface roughness on the dependence of ρ on solar elevation hinges on the roughness scale
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and geometry. Finally, the relationship between ρ and solar elevation is not only reliant on the

temporally constant surface properties but also on the level and angular distribution of sky

irradiance and the inter-related spectral variability of global irradiance.

Figure 1.3 – Surface reflectance measured in Gobabeb, Namibia on March 20, 2013.

In addition to the solar elevation dependence, ground-reflected radiance is found to expe-

rience azimuthal anisotropy (e.g., Graham and King, 1961; Impens and Lemeur, 1969). Any

phenomenon that causes a systematic difference in surface reflectance between morning and

afternoon results in the azimuthal anisotropy. As per the review of Psiloglou and Kambezidis

(2009), this is suggested to be caused by, (, e.g.,) leaf wilting (Davies and Buttimor, 1969),

diurnal variation in soil moisture content (e.g., Coulson and Reynolds, 1971), systematically

asymmetric spectral distributions between morning and afternoon sunlight (e.g., Robertson,

1966), prevalent wind direction (Song, 1998), and other meteorological variables (e.g., Minnis

et al., 1997). Apart from estimating fitting coefficients separately based on morning and after-

noon measurements, there is no ρ model published to mathematically address the physical

reasons for the azimuthal anisotropy.

Somewhat surprisingly, in the literature, there are also no attempts to capture the seasonal

variation in surface reflectance due to the annual cycle of vegetation based on phenological

variables measured in situ. It can be hypothesised that, for example, temporal variables such
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as growing degree days and precipitation can be used to predict the seasonal evolution of the

surface reflectance of vegetated surfaces.

1.2.3 Time-Variant Models

Most of the considered ρ models for non-Lambertian surfaces require the data-based esti-

mation of one or more of the following five ρ(θz,d) instances that are regarded as constant

parameters. The purpose of these ρ values is to capture the specifics of a site’s ground surface

so that the models’ other coefficients can reflect more general properties of the site’s surface

category such as grassland or desert.

• diffuse bi-hemispherical reflectance (aka white-sky albedo): ρd = ρ(θz,d = 1),

• global bi-hemispherical reflectance (aka blue-sky albedo) at the normal incidence of

solar beam: ρn = ρ(θz = 0,d),

• global bi-hemispherical reflectance (aka blue-sky albedo) at the 60° incidence of solar

beam: ρ60° = ρ(θz =π/3,d),

• directional-hemispherical reflectance (aka black-sky albedo) at the normal incidence of

solar beam: ρb,n = ρ(θz = 0,d = 0), and

• directional-hemispherical reflectance (aka black-sky albedo) at the 60° incidence of

solar beam: ρb,60° = ρ(θz =π/3,d = 0).

Figure 1.4 illustrates the relationship between the five instances. The usage of the second

(ρn) and third (ρ60°) instances as constant parameters involves speculation about the angular

distribution of sky diffuse radiance. Though, this only applies to the univariate models as in

the bivariate models, the reflectance of sky diffuse irradiance is captured through ρd. Being

spectrally aggregated quantities, strictly speaking, none of the five can be temporal constants

due to the spectral variability of solar radiation. However, these sources of variability can be

expected to be less significant than the variations in land cover type or solar elevation under

clear-sky conditions. They allow for the quantification of surface colour without factoring

in the impact of non-Lambertianity. That is why their usage is likely to benefit the models’

generalizability.

Pioneering Work

The work of Minnaert (1941) is often considered as the first attempt to model bidirectional

reflectance in a real-world application — a quarter-century before Nicodemus (1965) concep-

tualised BRDF. The first widely-used simple, bi-hemispherical formulations for time-variant ρ

were developed in the 1970s. In order to improve the understanding of the land-atmosphere
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Figure 1.4 – Illustration of the relationship between the five ρ(θz,d) instances used in the
reviewed models with ρn and ρ60° respectively referring to global bi-hemispherical reflectance
at the normal and 60° incidence of solar beam, ρb,n and ρb,60° to directional-hemispherical
reflectance at the normal and 60° incidence of solar beam, and ρd to diffuse bi-hemispherical
reflectance.

interaction on arable ground surfaces in particular, Nkemdirim (1972) proposed an expo-

nential relationship (1.6) between ρ and θz with separate parametrisations for morning and

afternoon data (model Mz_7).

ρ(θz) = ρnebθz ,b ∈ [0,−2ln(ρn)/π], (1.6)

where b is a positive fitting coefficient.

The given range in (1.6) is derived from the theoretically possible range of ρ: ρ(θz) ∈ [0,1].

As discussed above it is generally assumed that ρ increases with increasing incidence angle of

incident light. From this presumed solar elevation dependence, it follows that ρb,n ≤ ρn ≤ ρd.
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The actual value of ρn depends on d . The assumption of ρn being a constant involves an

underlying simplification that ρb,n ≈ ρd. ρn can be measured only at sites located between

the tropics in certain parts of the year. Therefore, in most cases, ρn needs to be statistically

derived.

Psiloglou and Kambezidis (2009) tested two variants of (1.6) where both ρn and b were derived

statistically without considering any bounds. The second variant, which is presented in (1.7),

additionally includes a separate constant outside the exponential term (model Mz_9).

ρ(θz) = b0 +b1eb2θz (1.7)

Based on the measurements of Coulson et al. (1965), Temps and Coulson (1977) developed a

semi-empirical trigonometric model (1.8) that also requires an estimate of ρn (model Mz_6).

ρ(θz) = ρn(1+ 1−cosθz

2
) (1.8)

Model Mz_6 was developed as part of the anisotropic POA irradiance model of Temps and

Coulson (1977).

Ross (1981) analytically derived formulations for the reflectance of vegetated ground surfaces

representing various vegetation types and geometries. The formulations differentiate between

solar beam and sky diffuse components and, thereby, consider the impact of d in addition to

that of θz. The formulation of solar beam directional-hemispherical reflectance i.e., black-sky

albedo (ρb = ρ(θz,d = 0)) for dense and uniformly oriented foliage (Ross, 1981, p. 327) is the

most appropriate for solar energy applications and, hence, considered here. The considered

ρd formulation (Ross, 1981, p. 328) is based on an assumption of isotropic sky radiance in

addition to the simplifications for dense and uniformly oriented foliage. The formulations

involve only one fitting coefficient that quantifies surface absorptance and is shared by both

ρb and ρd equations. Hence, also the resulting global ρ equation shown in (1.9) (model M2_12)

involves only one coefficient.

ρ(θz,d) = (1−b)
( 1−d

1+2b cosθz
+ d

b2 (b − ln(1+2b)

2
)
)
,b ∈ [0,1] (1.9)

where b is a coefficient quantifying the absorptance of the surface. The fact that M2_12 does

not involve any fixed base ρ(θz,d) instance makes the model incapable of distinguishing

between the colour and the Lambertianity of a ground surface of interest. Instead, the model

integrates all surface-dependent effects in the single fitting parameter b. This may diminish

the generalisability of the model based on measurements at a single site to other sites.

Dickinson (1983) also derived ρ analytically. The formulation derived for randomly oriented

foliage and semi-infinite plant canopy was adopted by numerous subsequent studies (e.g.,

Briegleb et al., 1986; Briegleb, 1992; Hou et al., 2002; Chiodetti et al., 2016) and, therefore,

also chosen for this study. While Dickinson (1983) did not use any fixed ρ(θz,d) instance as
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a parameter, the subsequent adopters of the formula usually expressed it as a function of

ρ60°. In the absence of d measurements, the use of ρ60° can be justified as it can be easily

measured in contrast to ρn. ρn can be measured only when the solar beam is normal to the

ground. This occurs only at certain times in certain regions of the globe. Also, Dickinson (1983)

implies that ρd ≈ ρb,60°, which leads to ρd ≈ ρ60°. The ρ60°-based formulation is given in (1.10)

(model Mz_8). In contrast to (1.9), (1.10) does not involve the separation of beam and diffuse

components.

ρ(θz) = ρ60°
1+b

1+2b cosθz
,b ∈ [0,1], (1.10)

where b is a coefficient increasing with surface’s non-Lambertian behaviour.

Similarly to ρn, the usage of ρ60° as a constant is based on the assumption that at θz = π/3,

ρ does not significantly vary with d . The validity of the assumption is highly dependent

on sky conditions. ρ60° becomes a problematic parameter in case the ρb,60° approximation

(ρd ≈ ρb,60°) is not valid and via ρ60°, d interferes the estimation of the θz dependence of ρ.

Under purely isotropic sky diffuse irradiance for instance, ρd ≈ ρ(θz = 50°,d). The derivation of

this approximation is explained in section 4 of this thesis. The value of b in (1.10) is estimated

by Briegleb et al. (1986) to be 0.4 for desert and arable land and 0.1 for other surface types.

Gueymard (1987) proposed two semiphysical models separating the beam and diffuse com-

ponents. The one shown in (1.11) is for surfaces with nearly isotropic reflectance (model

M2_20).

ρ(θz,d) = (1−d)(ρn + ffe
b0+b1θz+b2θ

2
z )+d

(
ρn +0.023( ff + fb)

)
,

{ ff, fb} ∈ [0,2], {b0,b2} < 0,b1 > 0, (1.11)

where ff and fb are surface-type-specific coefficients quantifying forward and backscatter,

respectively. The exponential fit function addresses the θz dependence of beam reflectance

with coefficients b0, b1, and b2.

The second model of Gueymard (1987), presented in (1.12), is for semispecular surfaces (model

M2_17).

ρ(θz,d) = (1−d)
(
ρn + (1−ρn)eb(π/2−θz))+dρd,b < 0 (1.12)

where b is a negative fitting coefficient.

The usage of ρd as a constant parameter is based on the well-grounded assumption that at d =
1, the θz dependence of ρ vanishes. In order for ρd to actually be constant, sky diffuse radiance

must follow a temporally constant angular distribution at d = 1. When d measurements are

available, ρd can be estimated, for instance, by the method proposed by Ineichen et al. (1990).

With d measurements, also the estimation of ρn becomes more accurate as ρn can be capped

by the measured ρd on grounds of the ρn range mentioned above (ρb,n ≤ ρn ≤ ρd).

The model of Gardner and Nadeau (1988) (1.13) further decomposes beam reflectance into
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purely specular i.e., bidirectional and diffuse i.e., directional-hemispherical components by

utilising the anisotropy factor proposed by Temps and Coulson (1977) as a weighting function

(model M2_11). They also indirectly assume that ρd = ρn.

ρ(θz,d) = (1−d)
(1−cosθz

2
cosθz + (1− 1−cosθz

2
)ρn

)+dρn (1.13)

In (1.13), the specular component is calculated by multiplying the specularity weight function

((1−cosθz)/2) by the beam horizontal irradiance fraction (1−d) and the transposition factor

of the receiving surface (cosθz). However, when striking the ground, a specularly reflected ray

is attenuated only through absorption, which is considered by means of ρ. The cosine effect

does not attenuate the ray as it is reflected directionally. Therefore, the use of the multiplier

(1−d)cosθz is questionable as the intensity of an incident ray is beam normal irradiance

(Gb,n =Gb/cosθz = (1−d)G/cosθz) rather than its horizontally transposed counterpart, Gb.

In other words, an additional division by cosθz appears to be missing in the specular term of

(1.13).

Ineichen et al. (1990) tested a simple model (1.14) that decomposes solar beam and sky diffuse

reflectances by means of empirically derived ρb and ρd but did not consider the impact of θz

separately (model Md_10). The model intrinsically implies a Lambertian surface with ρb that

is independent of θz. It may be suitable for approximately Lambertian but spectrally sensitive

real surfaces.

ρ(d) = (1−d)ρb +dρd, (1.14)

Adaptations

Schlick (1994) is known for Schlick’s approximation presented in (1.15).

ρb(θz) = ρb,n + (1−ρb,n)(1−cosθz)5 (1.15)

The method is widely used in computer graphics to approximate specular reflection. Following

the formulations of (1.12-1.13), Schlick’s approximation can be deployed in two different ways

to model ρ (1.16-1.17) (models M2_13,16).

ρ(θz,d) = (1−d)
(
ρb,n + (1−ρb,n)(1−cosθz)5)+dρd,b ∈ [0,1], (1.16)

ρ(θz,d) = (1−d)

(
ρn + 1−cosθz

2

((
ρb,n + (1−ρb,n)(1−cosθz)5)cosθz −ρn

))
+dρn,

b ∈ [0,1] (1.17)

ρb,n is an instance of ρd−h and, therefore, a pure surface property by definition. ρb,n cannot

be estimated by using typical ρ data based on measured downwelling and upwelling global

irradiances. However, by using the ρn range discussed above (ρb,n ≤ ρn ≤ ρd), its statistical
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estimation can be capped by ρd allowing for physically founded estimation.

The Simple Model of the Atmospheric Radiative Transfer of Sunshine (SMARTS) (Gueymard,

1995) contains separate ρ models for snow-free ground (1.18) (model M2_14) and snow (1.19)

(model M2_18). Gueymard (1995) adapted these bivariate models from the semi-empirical,

univariate relations proposed by Larsen and Barkstrom (1977).

ρ(θz,d) = ρd

(
b(1−d)

(
1−cosθz ln(1+1/cosθz)

)+d
)
,b > 0 (1.18)

ρ(θz,d) = ρd
(
b1(1−d)(1+b2 cosθz)+d

)
,b1 > 0,b2 < 0 (1.19)

Hou et al. (2002) used the ρb,60° approximation of Dickinson (1983) stating that ρd = ρ60°. Fur-

thermore, in their adaptation, they also assumed that (1.10) only applies to beam reflectance.

However, they used the same parametrisation as suggested by Briegleb et al. (1986) for (1.10).

These assumptions result in a decomposed formulation for ρ presented in (1.20) (model

M2_15).

ρ(θz,d) = ρd
(
(1−d)

1+b

1+2b cosθz
+d

)
,b ∈ [0,1], (1.20)

Following Hou et al. (2002), Chiodetti et al. (2016) also assumed that (1.10) is only applicable

to beam reflectance. However, they adopted the beam albedo model of Wang et al. (2007) and

thereby included ρb,60° as the model’s ρ(θz,d) parameter instead of ρd (1.21) (model M2_19).

ρ(θz,d) = (1−d)ρb,60°
1+b

1+2b cosθz
+dρd,b ∈ [0,1], (1.21)

ρb,60° (black-sky albedo) cannot be measured with the typical equipment used for ρ monitor-

ing. Similarly to ρb,n, it is a constant surface property. Operationally speaking, ρb,60° is the

most problematic base ρ instance as the only physically well-justified range for it is [ρb,n,1].

1.2.4 Summary

Table 1.1 lists the models discussed above. The models are sorted in the order of increasing

complexity. The first three models, M0_1, M0_2, and M0_3, are particularly simple to use as

they do not require any measurements. M0_1 refers to the constant ρ of 0.2 and M0_2 to a

surface-type-specific value derived from the albedo library of Gueymard (2005). The library

actually specifies ρb(θz = 20°) for snow and ρb(θz = 53°) for other surface types. M0_3 involves

a look-up table of month-specific coefficients of a third-degree polynomial fit of ρ to site

latitude. The following two models represent the constants derived out of the measured data.

M0_4 stands for the arithmetic mean and M0_5 for the geometric mean.

The univariate models (#6-10 in Table 1.1) can be divided into two categories: functions

of θz and those of d . θz and d are known to be correlated (e.g., Liu and Jordan, 1960) and,

therefore, the empirical models involving either one of the two capture part of both effects.
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Table 1.1 – Overview of the considered models.

# Author and equation reference Abbr.
Number of

physical
constants

Number of
physical
variables

Number of
empirical

coefficients

1 Liu and Jordan (1963) M0_1 1 0 0
2 Gueymard (2005) M0_2 1 0 0

3 Gueymard (1993) M0_3 1 0
4 × 12

months

4 Psiloglou and Kambezidis (2009) M0_4 1 0 0
5 Psiloglou and Kambezidis (2009) M0_5 1 0 0

6 Temps and Coulson (1977), (1.8) Mz_6 0-1 1 0-1
7 Nkemdirim (1972), (1.6) Mz_7 0-1 1 1-2
8 Dickinson (1983), (1.10) Mz_8 0-1 1 1-2

9
Psiloglou and Kambezidis (2009),
(1.7)

Mz_9 0 1 3

10 Ineichen et al. (1990), (1.14) Md_10 1-2 1 0-1

11 Gardner and Nadeau (1988), (1.13) M2_11 0-1 2 0-1
12 Ross (1981), (1.9) M2_12 1 2 1

13 Schlick (1994) &
Gueymard (1987), (1.16)

M2_13 1 2 1

14 Larsen and Barkstrom (1977)
& Gueymard (1995), (1.18)

M2_14 1 2 1

15 Hou et al. (2002), (1.20) M2_15 1 2 1

16 Schlick (1994) & Gardner and
Nadeau (1988), (1.17)

M2_16 0-1 2 1-2

17 Gueymard (1987), (1.12) M2_17 1-2 2 1-2

18 Larsen and Barkstrom (1977)
& Gueymard (1995), (1.19)

M2_18 1 2 2

19 Wang et al. (2007) &
Chiodetti et al. (2016), (1.21)

M2_19 1 2 2

20 Gueymard (1987), (1.11) M2_20 0-3 2 3-6

However, since d and θz are not linearly proportional, they are not interchangeable as the

predictors of ρ. Apart from Mz_8, the considered models of the former category involve ρn,

whose direct measurement is possible only at sites located between the tropics. Hence, in

practice, ρn is rather a fitting coefficient than a physical constant at most sites. ρ60° can be

directly measured at much more sites than ρn. At those sites, Mz_8, which is based on the

measured mean of ρ60°, can be considered to have only one fitting coefficient. Mz_9 refers to

the purely empirical extension of Mz_7 with an additional constant term. The models of this

category offer the simplest means of estimating continuously variable ρ as the only measured

parameters required for their calibration are G and upwelling i.e., ground-reflected horizontal

irradiance (Gr). The latter, d-based category is only represented by Md_10. It involves two

constants: the physically sound ρd and the rather statistical ρb. As opposed to the other
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considered univariate models, the calibration of Md_10 requires the measurements of either

Gd or Gb,n in addition to G and Gr.

The bivariate models (#11-20 in Table 1.1) involve both θz and d as independent variables.

Table 1.1 lists a reference to the equation corresponding to each of these models. Models

M2_11-15 involve at most one and models M2_16-19 two fitting coefficients. The most complex

model is M2_20 with six coefficients at maximum.

1.3 Novel Formulations

In addition to the 20 models reviewed in section 1.2, this section presents six novel formula-

tions to be considered in the performance evaluation (section 3). First, while arithmetic mean

(M0_4) is the minimum mean square error estimator, it is the median that minimises mean

absolute error (MAE) for any dataset. That is why in this study, median is also considered as an

option for data-based ρ estimation (model M0_21). Additionally, arithmetic-mean-corrected

variant of M0_3 is evaluated (model M0_22).

The most commonly cited versions of Mz_8 define it as a function of ρ60°. The choice origi-

nates from the white-sky albedo approximation, ρd ≈ ρb,60°, proposed by Dickinson (1983). It

is shown in section 4, however, that the proposed beam incidence angle, 60°, appears overesti-

mated. Hence, ρ60° can be hypothesized to be sensitive to the variability of d and, thereby, a

problematic choice as the fixed base ρ level of the model. Model Mz_23 presented in (1.22)

uses ρn instead of ρ60° effectively setting a minimum level for ρ. Although ρn does not solve

the problem of potential d sensitivity, its maximum value is physically bound by ρd, which

may increase the model’s stability under real conditions.

ρ = ρn
1+b

1+b cosθz
,b ∈ [0,2], (1.22)

where b is a coefficient increasing with the non-Lambertian behaviour of the surface.

As noted in section 1.2, model M2_11 appears to curtail its specular term with a redundant

ground transposition factor cosθz. Model M2_24 presented in (1.23) is accordingly modified

by dividing the term by cosθz.

ρ = (1−d)
(1−cosθz

2
+ (1− 1−cosθz

2
)ρn

)+dρn (1.23)

Accordingly, the semi-specular model M2_16 formed in section 1.2 by substituting the specular

term of M2_11 with Schlick’s approximation (Schlick, 1994) is adapted into M2_25 specified in

(1.24).

ρ = (1−d)
(
ρn + 1−cosθz

2

(
(1−bρn)(1−cosθz)5 −ρn(1−b)

))+dρn,b ∈ [0,1] (1.24)

In the adaptation, ρb,n, which is immeasurable with conventional instruments for ρ moni-
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toring, is additionally replaced by bρn,b ∈ [0,1] on the basis that ρb,n ≤ ρn ≤ ρd (see section

1.2). In the present study, for the sake of consistency, the substitutions ρb,n = bρd,b ∈ [0,1]

and ρb,n = bρn,b ∈ [0,1] are also made in M2_13 and M2_16, respectively. In this thesis, b in

the subscript always refers to beam whereas b is used as a general symbol for coefficients.

Finally, the bivariate model M2_19 uses ρb,60° as the base ρ level of its beam term. The choice

can be traced back to Mz_8 and the ρd ≈ ρb,60° approximation of Dickinson (1983). In the

case of a univariate model, it is well-justified to use a base ρ value whose covariance with

d is as low as possible since in that way, the physically less meaningful, empirically derived

coefficients integrate the maximum share of d-induced variability. Bivariate models, however,

separate the beam and diffuse components and weigh the corresponding terms with (1−d)

and d , respectively. Hence, the use of ρb,60° or ρd as the fixed base of the beam term cannot

be similarly justified. As the (realistic) minimum ρ, ρn may offer a better base for the beam

component. As discussed above, it is capped by ρd preventing the fitting procedure from

setting the value unrealistically high. The use of bivariate models requires d measurements,

thereby, enabling the measurement of ρd. The novel bivariate model M2_26 presented in

(1.25) is accordingly based on the ρn-based formulation of (1.22).

ρ = (1−d)ρn
1+b

1+b cosθz
+dρd,b ∈ [0,2] (1.25)

Conclusion

This chapter gave a review of the fundamentals and the state of the art of the estimation of

ground surface reflectance. In addition to the models proposed in the preceding literature,

novel formulations were presented. The next two chapters discuss the analysis performed to

evaluate the performance of the reviewed surface reflectance models. Chapter 2 describes

the construction of the global database of ground reflectance measurements as well as the

deployed analysis methods. Chapter 3 reports the results of the evaluation.
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2 Sources and Processing of Ground
Reflectance Data

This chapter describes the utilised data and the methods deployed to process and analyse

them. The sources and scope of the data are described in section 2.1. The section also explains

the post-processing steps undertaken to merge the time series of in-situ measurements into

a single database of quality-assured observations. The model evaluation itself is performed

through cross-validation. The details of the adopted technique are given in section 2.2. Fi-

nally, section 2.3 explains the steps of developing the timing guidelines for ρ measurement

campaigns.

2.1 Data Sources

The analysis reported in this part of the thesis is based on ground measurements made at the

26 sites specified in Table 2.1. The geographical distribution of the sites is shown for North

America in Figure 2.1 and for the rest of the world in Figure 2.2. The sites are chosen from

the latest snapshot databases of the Baseline Surface Radiation Network (BSRN) of the World

Radiation Monitoring Center (König-Langlo et al., 2015; Driemel et al., 2018) and the Surface

Radiation Budget (SURFRAD) of the National Oceanic and Atmospheric Administration of

the United States Department of Commerce (Augustine et al., 2000, 2005). The selection is

limited to the sites with decomposed irradiance (diffuse horizontal irradiance (Gd) and/or

beam normal irradiance (Gb,n)) measurements. All the considered BSRN and SURFRAD data

are available at a resolution of 1-5 minutes. The ground surface types are categorised as per the

land cover classification system of the International Geosphere-Biosphere Programme (IGBP).

The sites with the land cover type "Snow and ice" have continuously snow or ice-covered

ground surfaces while the other sites may also experience temporary periods of snow coverage.

The sites can also be divided into climatic groups. The climatic division specified in Table 2.1

is based on the Köppen climate classification. In the Köppen climate classification, climate

types are divided into five main groups: tropical (A), dry (B), temperate (C), continental (D),

and polar (E). The second and third letters refer to the typical levels of precipitation and

temperature, respectively. As a whole, the sites represent 10 land cover types and 11 climates.

As a result, 19 different surface-climate combinations are considered in the study. Land cover
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type can be expected to be the primary factor when classifying sites into different ground

reflectance categories. However, because of its link to the type and seasonality of the sites’

vegetation, also climate should be regarded as a potential factor.

Table 2.1 – Overview of the measurement sites.

# Site Coordinates
Land cover type

(IGBP)

Climate type

(Köppen)

1
Goodwin Creek,

US-MS

34.25° N,89.87° W

98 m AMSL
Woody savannas Cfa

2
Rutland,

US-VT

43.64° N,72.97° W

184 m AMSL
Savannas Dfb

3
Boulder,

US-CO

40.13° N,105.24° W

1689 m AMSL

4
Fort Peck,

US-MT

48.31° N,105.10° W

634 m AMSL

5
Table Mountain,

US-CO

40.12° N,105.00° W

1689 m AMSL

BSk

6
Tõravere,

Estonia

58.25° N,26.46° E

70 m AMSL

Grasslands

Dfb

7
Alamosa,

US-CO

37.7° N,105.92° W

2317 m AMSL
BSk

8
Wasco,

US-OR

45.59° N,120.67° W

200 m AMSL
Csb

9
Bondville,

US-IL

40.05° N,88.37° W

213 m AMSL
Cfa

10
Penn State,

US-PA

40.72° N,77.93° W

376 m AMSL
Cfb

11
Sioux Falls,

US-SD

43.73° N,96.62° W

473 m AMSL

Croplands

Dfa

12
Tateno,

Japan
36.06° N,140.13° E

25 m AMSL
Cfa

13
Cabauw,

Netherlands

51.97° N,4.93° E

0 m AMSL

14
Payerne,

Switzerland

46.82° N,6.94° E

491 m AMSL

Cropland/ natural

vegetation mosaics
Cfb

16
Tiksi,

Russia

71.59° N,128.92° E

48 m AMSL
Dsd

17
Barrow,

US-AK

71.32° N,156.61° W

8 m AMSL

18
Ny-Ålesund,

Norway

78.93° N,11.93° E

11 m AMSL

Permanent

wetlands
ET

19
Gobabeb,

Namibia

23.56° S,15.04° E

407 m AMSL
Barren BWh
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20
Red Lake,

US-AZ

35.66° N,114.07° W

843 m AMSL
BWh

21
Desert Rock,

US-NV

36.62° N,116.02° W

1007 m AMSL
BWk

22
Alert,

Canada

82.49° N,62.42° W

127 m AMSL

Barren

ET

23
Neumayer,

Antarctica

70.65° S,8.25° W

42 m AMSL

24
Syowa,

Antarctica

69.01° S,39.59° E

18 m AMSL

25
South Pole,

Antarctica

89.98° S,24.80° W

2800 m AMSL

Snow and ice EF

26
Eugene,

US-OR

44.05° N,123.07° W

150 m AMSL
Urban and built-up Csb

27
Chesapeake Light,

US-VA

36.91° N,75.71° W

37 m AMSL
Water bodies Cfa

Figure 2.1 – North American sites covered in the analysis. (Courtesy: IGBP base map from
NASA (2012)).

Subsection 2.1.1 explains the post-processing steps undertaken to merge the time series of in-

situ measurements into a single database of quality-assured observations. A general overview

of the database is given in subsection 2.1.2.
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Figure 2.2 – Sites outside North America covered in the analysis. (Courtesy: IGBP base map
from NASA (2012)).

2.1.1 Data Processing

Parallel time series of solar geometric parameters are first generated to complement the time

series of global horizontal downwelling irradiance (G), global horizontal upwelling irradiance

(Gr), Gd and/or Gb,n, and basic meteorological parameters retrieved from the BSRN and

SURFRAD databases. In this chapter, the term measured ρ is used to refer to the ratio of

the measured Gr to the measured G . Similarly, measured d denotes either the ratio of the

measured Gd to the measured G or one minus the ratio of the measured Gb,n to the measured

G multiplied by the cosine of the computed θz. The chosen d estimation method depends

on the availability of the measurements of Gd and Gb,n at each time step. Solar geometry

is calculated by means of the SG2 algorithm of Blanc and Wald (2012). The quality of the

measurements is assessed based on the criteria proposed by Espinar et al. (2011). The time
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2.1. Data Sources

steps, at which one or more of the parameters do not meet the quality control criteria for

sub-hourly extrema, are omitted. The quality of Gr, which is not addressed by Espinar et al.

(2011), is simply assured by excluding any remaining time steps, at which Gr ≤ 0 or Gr >G .

Snow coverage drastically intensifies the reflectance of a natural ground surface. Except for

M0_3 and M0_22 however, the considered models do not address the seasonal variation be-

tween snow-free and snowy conditions. Hence, model evaluation under all-ground conditions

might result in poor performance indicators of a model that would perform well when the

surface of a site is snow-free. That is why it is necessary to test the models separately for

periods with and without snow coverage. The two databases do not contain direct information

about snow coverage and thus, the presence of snow has to be determined indirectly in order

to classify the data into snowy and snow-free data points. Figure 2.3 shows the histograms

of measured ρ at a site where the ground surface is mostly snow-free (Tateno), a site whose

ground surface is covered by snow for roughly half of the daytime minutes (Barrow), and a

site with continuous snow coverage (South Pole). The figure implies that the data points with

snow coverage could be roughly distinguished by dividing the data into two categories with ρ

levels below and above 0.5. However, ρ can be expected to reach high values also without snow

Figure 2.3 – Histograms of measured ground reflectance at completely snow-free (Tateno),
seasonally snowy (Barrow), and continuously snowy (South Pole) sites.

coverage at low solar elevations. Barrow and South Pole are high-latitude sites and, therefore,

they are exposed to low solar elevations throughout the year. Under higher solar elevation,

the observed ρ of snow may reach significantly lower levels than what the histograms imply.

Hence, it is not possible to reliably determine the presence of snow directly based on the ρ

measurements recorded at a resolution of 1-5 minutes.

33



Chapter 2. Sources and Processing of Ground Reflectance Data

Daily mean ρ is a more appropriate indicator. On grounds of Figure 2.3, one could expect that

daily mean ρ is unlikely to reach 0.5 under either snowy or snow-free conditions. The picture

changes, notwithstanding, when analysing the daily mean ρ of seasonally snowy sites in more

detail. Natural ground surfaces are not always either completely snow-free or entirely covered

by snow. Especially during the transition periods between snow-free and snowy seasons, the

monitored ground surface can be covered by patches of high-ρ snow and by those of low-ρ

snow-free surface even for several weeks. Furthermore, ρ of snow is known to decrease when

the snow is ageing or melting (e.g., Hall, 1985, p. 29). In particular, snowmelt may result in a

significant reduction in daily mean ρ even if the surface is still entirely covered by snow. Figure

2.4 shows the daily means of ρ for two seasonally snowy sites over the entire timeframes of

each site’s database. The four-yearly ticks of the figure’s time axes are placed at mid-year, the

beginning of July. The figure shows numerous days when the daily mean ρ is somewhere

between the presumed ρ levels of fresh snow and the snow-free surface type. Under such

Figure 2.4 – Daily means of measured ground reflectance at two seasonally snowy sites.

conditions, the aggregated ρ, which is the observed parameter, could be modelled as the

average of the two individual ρ levels, those of the snow-free surface and snow, weighted

with the corresponding view factors (see (1.5) in section 1.1.2). The freshness of the topmost

layer of snow cannot be easily determined without snowfall data. Though, the presence of

snowmelt could be predicted based on ambient air temperature. However, since some of the

covered sites do not have continuous temperature records available, daily mean ρ remains as

the only applicable indicator of snow coverage.

The seasonal variability in daily mean ρ is primarily due to solar elevation and both natural
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and anthropogenic changes in vegetation. As can be seen in Figure 2.4, the pattern of this

variability varies greatly with the surface type. Hence, it is not straightforward to suggest a

general maximum level for a daily mean ρ of snow-free ground surface. While 0.2 would

appear as a good choice for the permanent-wetland-type ground surface of Ny-Ålesund, the

maximum level of 0.3 would be more appropriate for the highly variable cropland surface type

of Bondville. Through analysing the daily mean ρ values, 19 out of the 26 considered sites are

found to experience both snowy and snow-free periods. The 19 sites are divided into one very

low-ρ site (Urban and built-up), five low-ρ sites, ten medium-ρ sites, and three high-ρ sites

with snow-free daily mean ρ threshold limit values (TLV) of 0.15, 0.2, 0.25, and 0.3, respectively.

The data points with complete snow coverage are identified with a minimum daily mean ρ

of 0.7. By setting the level this high, snow coverage completeness can be ensured. Though,

most of the data points with an aged or melting, yet complete snow coverage are likely to be

excluded. The snow-free TLVs are listed for each site in Table 2.2. The table also specifies the

covered years and the data references divided into BSRN (various references) and SURFRAD

(Augustine et al., 2000, 2005) sources. The table’s site order follows the one used in Table 2.1.

2.1.2 Database Overview

Figure 2.5 shows the numbers of quality-assured daytime data points for each site and for

each of the three categories of snow coverage. Red Lake has the smallest database with its 9868

data points considered in the analysis. Figure 2.6 illustrates the variability of the TLV-filtered

ρ measurements by means of a box plot. The depicted variability is primarily due to both

diurnal and seasonal changes in solar elevation, land cover, and diffuse irradiance fraction. In

the case of multiannual time series, the inter-annual variability particularly in land cover can

have an additional impact.

The temporal variability of the estimates made by the reviewed models is due to the variabilities

of θz and/or d . Through the fixed base ρ(θz,d) instances and other fitting coefficients, the

models intrinsically assume constant land cover. That is why the seasonal variation in the land

cover itself can be expected to limit the level of accuracy that the reviewed models can reach.

Figure 2.7a shows the mean-normalised standard deviation (σ) of the measured monthly

mean ρ for each site. In relative terms, four very different sites, Wasco, Alert, Eugene, and

Chesapeake Light, stand out with their high variability levels. Out of the entire land cover

type categories, desert and snow-and-ice sites, by contrast, appear to have comparatively low

seasonal variability levels. The average normalised σ across all the sites is 6.7%. Part of this

variability is due to changes in θz and/or d — the changes whose impact the reviewed models

aim to capture. In order to pre-evaluate the level of predictability for each site, the Pearson

correlation coefficients (R) are calculated between the measured monthly mean ρ and the

monthly means of daily minimum θz and d . The coefficients are plotted in Figure 2.7b.
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Table 2.2 – Description of the data by site (see Table 2.1 for more detailed site information).

Site Reference
Considered
timeframe

Snow-free daily
mean ρ TLV

Goodwin Creek 1995-2019 0.25
Rutland 2014-2015 0.25
Boulder 2014 all records w/o snow
Fort Peck 1995-2019 0.25
Table Mountain

Augustine et al. (2000, 2005)

1995-2019 0.20

Tõravere Kallis (2019) 1999-2015 0.25

Alamosa 2014-2016 0.20
Wasco 2016-2017 0.25
Bondville 1995-2019 0.30
Penn State 1998-2019 0.25
Sioux Falls

Augustine et al. (2000, 2005)

2003-2019 0.25

Tateno Ijima et al. (2019) 1996-2015 0.25
Cabauw Knap (2019) 2005-2015 0.30

Payerne
Vuilleumier et al. (2014);
Vuilleumier and Heimo (2019)

1992-2011 0.25

Tiksi Kustov (2019) 2006-2014 0.20
Barrow Dutton (2019) 1992-1010 0.25

Ny-Ålesund
Maturilli et al. (2015);
Maturilli and Herber (2019)

1992-2014 0.20

Gobabeb Vogt (2019) 2012-2015 all records w/o snow

Red Lake 2017 all records w/o snow
Desert Rock

Augustine et al. (2000, 2005)
1998-2019 0.30

Alert Cox and Halliwell (2019) 2004-2014 0.20
Neumayer König-Langlo (2019) 1992-2015 all records w/ snow
Syowa Fukuda et al. (2019) 1994-2014 all records w/ snow
South Pole Long and Michalsky (2019) 1992-2015 all records w/ snow

Eugene Augustine et al. (2000, 2005) 2016-2017 0.15

Chesapeake Light Denn et al. (2019) 2000-2015 all records w/o snow

TLV, threshold limit value.
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Figure 2.5 – Site-specific numbers of quality-assured daytime data points divided into records
with no snow coverage, complete snow coverage, and undefined level of coverage.

2.2 Cross-Validation

The performance of the considered models is evaluated by a 10-fold cross-validation procedure

performed separately for each site. The 10-fold cross-validation procedure involves ten runs

of consecutive calibration (aka training) and validation. Every site’s dataset is divided into ten

subsets. Here, only the snow-free data points are considered with all the datasets other than

those of the land cover category Snow and ice. In the case of the three Snow and ice datasets,

only the records with a complete snow coverage are included. Out of the ten subsets, each is

used as the validation dataset once while the remaining nine sets are allocated to calibration.

In this way, the models’ performance is tested based on datasets that are independent of the

models’ calibration. This ensures that the models’ performance indicators are not boosted

by overfitting, for example. Random sampling is used for distributing the time steps into the

ten datasets. Consequently, the chosen cross-validation procedure cannot be used to identify

models whose parametrisations are robust against seasonal effects. The seasonal impact on

the validity of calibration is discussed in chapter 5. The calibration step is performed through

the method of least squares, MATLAB’s Trust-Region-Reflective Algorithm in specific.

This procedure is implemented in two different configurations; first, letting all the parameters
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Figure 2.6 – Box plot of the ground reflectance (ρ) measurements considered in the analysis.
(The top and bottom edges of the boxes indicate the 75th and 25th percentiles, respectively,
and the red lines show the corresponding median values. The whiskers extend 2.7 standard
deviations (σ) out of the mean values. The data points beyond these boundaries are not
plotted.)

be defined by regression without any constraints and, second, limiting the parameter values

to physically meaningful levels. The unconstrained approach gives information about the

fit of the model’s formulation in general while the results of the constrained method can be

expected to be more generalizable due to the maintained link to physics.

In the constrained case, ρn and ρ60° are estimated by averaging measured ρ in subsets with

θz ∈ [0°,5°] and θz ∈ [55°,65°], respectively. When the size of the subsets is insufficient, ρn

and ρ60° are obtained through regression at the calibration step but keeping them subject to

the following constraint: {ρn,ρ60°} ∈ [0,1]. When evaluating the d-dependent models (Md_10

and M2_11-20,24-26), the following more restrictive constraint is used for ρn: ρn ∈ [0,ρd].

For these models, ρd (and ρb with Md_10) is estimated based on the d measurements as per

the method proposed by Ineichen et al. (1990). In the rare case of an insufficient number of

records available for this method, it is assumed that {ρd,ρb} ∈ [0,1]. The range of ρb,60°, in turn,

is always limited to [0,1]. The other parameters are constrained as specified in the equations

of sections 1.2.4 and 1.3.
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Figure 2.7 – a) Mean-normalised standard deviation (σ) of monthly mean surface reflectance
(ρ); b) Pearson correlation coefficients (R) of monthly mean ρ with the corresponding mean
daily minimum solar zenith angle (θz) and mean diffuse irradiance fraction (d).

The model performance indicators used for identifying the best-performing models for a site

are the worst ones out of the ten values obtained for each of the following six statistics:
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1. root-mean-square error (RMSE),

2. centred root-mean-square error (cRMSE),

3. mean absolute error (MAE),

4. mean bias error (MBE),

5. Pearson correlation coefficient (R), and

6. Kolmogorov–Smirnov statistic (D).

These indicators are chosen based on their popularity in the literature of irradiance modelling

(e.g., Mieslinger et al., 2014; Gueymard and Ruiz-Arias, 2015). RMSE and MAE quantify the esti-

mation procedure’s overall uncertainty that is influenced by both random and systematic error.

RMSE is integrally linked to least-squares-based regression but it is not as easily interpretable

as MAE. MAE is, by definition, a direct indicator of the average absolute difference between

the estimates and observations. Because of the quadratic formulation of RMSE, the weight

of outliers is higher in RMSE than in MAE. Out of the constant estimators, M0_4 minimises

RMSE and M0_21 MAE. RMSE and MAE are always positive unlike MBE. MBE is used to assess

the model bias. R is the most commonly used correlation coefficient and can take on a value

between -1 and 1. In contrast to MBE, R can be used as an estimator of random error. If the

modelled estimates and observations have identical temporal patterns i.e., the estimates do

not have any random error, R = 1 regardless of the model bias. Similarly, cRMSE only addresses

the random error. Instead of squaring the differences between estimates and observations as

done in RMSE, cRMSE involves the squaring of the differences between the estimates’ and

observations’ deviations from their respective means. Hence, it can be considered as the

unbiased version of RMSE. The functional difference between R and cRMSE is that cRMSE

also reflects the amplitudinal fit between the estimates’ and observations’ variabilities whereas

R can be used as a pure measure of the similarity of the temporal patterns. Finally, D is used to

quantify the similarity of the empirical distribution functions of the modelled estimates and

observations. By definition, it is the maximum absolute difference between the distributions.

Both random and systematic errors affect D as both of them cause the distribution function of

modelled estimates to deviate from that of observations.

2.3 Real World Emulation

In the cross-validation technique described in section 2.2, the models are calibrated based

on training datasets that are nine times as large as the validation datasets. The two datasets

can be assumed to have very similar distributions because of the random sampling and the

large sample size. In a real-world case, the situation would be very different. The length of a ρ

measurement campaign depends on the solar energy project developer’s available resources

for site assessment. As per informal discussions with industry experts, its duration ranges
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from a few days to two weeks at maximum. Thus, the model to be used for the system’s entire

operating life is calibrated based on at most two weeks of measurements.

When analysing the impact of calibration timing in this study, only small subsets of each site’s

dataset are used for model calibration. In this way, the model training process becomes more

realistic. The impact of the measurement campaign’s duration on calibration performance is

investigated first. The period of the measurements used for training the model is increased

from a single day to the full site-specific timeframe in steps of two days. At every step, the

performance of the resulting parametrisations is, in turn, evaluated based on each site’s entire

dataset.

The more detailed analysis of the impact of other factors is carried out by assuming weekly

calibration periods. The analysis focuses on three factors: θz, surface colour quantified by

ρd, and the angular distribution of ground irradiance quantified by d . θz is a solar geometric

parameter whose prediction is virtually deterministic. By contrast, ρd is highly site-specific

and experiences seasonal variability resulting from a complex interaction between land cover,

weather, and land use. d is also a stochastic, weather-dependent parameter but if existing, the

pattern of its seasonal variability at a site can be easily inferred from the site’s typical meteoro-

logical year dataset. It is, therefore, interesting to investigate how d influences the calibration

performance should surface colour remain unchanged. In order to do this, only those week

options that feature the site’s most frequent ρd levels are considered when calibrating the

models and validating the resulting parametrisations. Thereby, the joint impact of d and solar

elevation can be analysed independently of the seasonal variability of surface colour.

As can be seen in Figure 2.8, the range of d significantly varies between the considered sites. To

give geographically generalised guidelines, the calibration weeks’ minimum θz and mean d are

both normalised. Calibration performance is primarily influenced by how well the calibration

week represents the site’s long-term conditions from the viewpoint of each model. When the

performance is observed as a function of d , the results cannot be easily generalised as the

long-term average d can largely vary between sites. The predictor domains normalised to take

on values of 0 and 1 at each site’s minimum and maximum, respectively, address this problem.

The presence of snow is taken into account in the same way as at the model evaluation step:

none of the considered calibration periods may involve snow coverage on the ground surface

unless for the three sites characterised by continuous snow or ice coverage. Therefore, the

impact of the calibration period is only assessed considering the snow-free records at the

sites with absent or seasonal snow coverage and the complete-snow-cover records at the

permanently snowy sites.

Conclusion

This chapter described the global database of ground reflectance measurements constructed

for the evaluation of the models reviewed in chapter 1. It also described the methodologies
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Figure 2.8 – Box plot of the weekly means of diffuse irradiance fraction (d) with the whisker
bottom (and top) levels representing the weekly mean d values of the calibration weeks with
particularly clear (and turbid) sky conditions.

used to evaluate the models’ performance and to assess the impact of calibration timing on

the performance. The next chapter presents the results of the model evaluation. Chapter 5

deals with the timing impact.
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This chapter first presents the model evaluation results available in the preceding literature

(section 3.1). In spite of the abundance of publicly available in-situ measurements, there are

only two previous studies (Ineichen et al., 1990; Psiloglou and Kambezidis, 2009) evaluating

formulations for in-situ ρ estimation. The chapter continues with the findings of the present

analysis: the performance evaluation of the models described in chapter 1 based on the

database described in chapter 2. Section 3.2 gives an overview of the models’ calibration

performance as per the method of Taylor (2001) with section 3.3 delving into a more detailed

error comparison. Section 3.4 discusses the role of empirical distribution function deviations.

Finally, the assessed overall performance is discussed for each site and model category in 3.5.

3.1 Previous Model Comparisons

To the author’s knowledge, model performance estimates are publicly available only from two

studies (Ineichen et al., 1990; Psiloglou and Kambezidis, 2009) using direct Gr measurements

to evaluate the validity of different in-situ-measurement-based ρ models. This is surprising

considering the availability of the required measurements (Loew et al., 2016; Wang et al.,

2019) and the topic’s significance. By contrast, there is an abundance of studies validating

satellite-data-based ρ models (reviewed by, e.g., Yang et al., 2008; Gueymard et al., 2019).

Ineichen et al. (1990) were the first to comparatively evaluate ρ formulations. The climate

types that they covered include temperate oceanic (Cfb), hot-summer Mediterranean (Csa),

and hot-summer humid continental (Dfa). They compared six models, namely M0_1, M0_4,

predecessor of M0_3, Mz_6, Mz_7, and Md_10 (see Table 1.1), based on the measurements

from six sites: two semi-urban sites in Geneva, Switzerland (Cfb) and Albany, New York,

USA (Dfa), two meadow sites in Trappes, France (Cfb) and Cabauw, Netherlands (Cfb), a dry

meadow site in Carpentras, France (Csa), and an agricultural site in Lausanne, Switzerland

(Cfb). The conservative and often cited conclusion of Ineichen et al. (1990) is that M0_4, a

model based on the assumption of the ground surface as a purely Lambertian surface, is the

most appropriate general method for estimating Gr,poa. They estimate its uncertainty to be
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below 10 Wm−2 at hourly scale with most surface types. Ineichen et al. (1990) speculate that

the non-Lambertian behaviour of a ground surface is very surface-type-specific and, thus,

difficult to capture by means of a general model.

Psiloglou and Kambezidis (2009) performed another comparative evaluation of models based

on in-situ data. The measured data are collected at only one site, in an urban environment in

Athens, Greece (Csa). The seven considered models include M0_1, M0_3, M0_4, M0_5, Mz_7,

Mz_9, and M2_20 (in addition to a monthly mean model excluded from this study’s model

selection). The findings are consistent with those of Ineichen et al. (1990) indicating that the

models assuming a constant ρ are the most appropriate candidates for a general approach to

ρ estimation. Though, the reported uncertainty is 50% higher, approximately 15 Wm−2. The

results of both evaluations imply that the possible impact of azimuthal anisotropy is negligible.

Ineichen et al. (1990) only evaluated univariate models. Psiloglou and Kambezidis (2009)

also included a bivariate model but tested models based on measurements collected at only

one site. Moreover, the state of the art of satellite-based ρ models is already firmly based on

time-variant estimation (e.g., Yang et al., 2008), which brings the conservative conclusions

of Ineichen et al. (1990) and Psiloglou and Kambezidis (2009) into question. Hence, there

appears indeed to be a need for another model evaluation study that would test all the models

reviewed in this thesis based on a worldwide database covering a wider variety of surface and

climate types.

3.2 Taylor Diagrams

When comparing the performance of parametrisations with low MBE levels, the Taylor diagram

is a useful tool (Taylor, 2001). Figure 3.1 shows one of the site-specific diagrams generated

for analysing the results for Gobabeb. The generated diagrams show the best-performing

models in terms of cRMSE, R, and the difference between the standard deviations (σ) of

modelled estimates and observations. For each diagram, the best-performing models are

selected out of the time-invariant models (M0_1-5,21,22), univariate models (Mz_6-9,23 and

Md_10), and bivariate models (M2_11-20,24-26). Out of the ten parametrisations generated

for each model, the one that produces the highest MAE is selected for the diagram. In other

words, the identified worst-case parametrisations are chosen for the comparison. As a result,

the σ levels of the validation observations slightly vary between the different models. Due

to the large number of data points however, this variability is sufficiently small to allow for

generating a single diagram for all models. Furthermore, in case either Md_10 or M2_20 is one

of the identified models, also the second-best option is included. As for Md_10, this is because

it is the only univariate model requiring d measurements making it, operationally speaking,

more comparable with the bivariate alternatives than with the other univariate ones. M2_20

has significantly more coefficients than the other considered models. Hence, it is interesting

to see how its comparative complexity is translated into gain in performance.

In the constrained example of Figure 3.1, M2_20 provides the lowest cRMSE and highest R.
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Figure 3.1 – Taylor diagram showing the best-performing ρ models for Gobabeb identified
through unconstrained and constrained cross-validation.

The σ level of the M2_14 estimates is the closest to that of the observations. Amongst the

univariate models, Mz_9, in turn, provides the lowest cRMSE and R and Mz_6 the closest

σ. The constant models i.e., M0_1-2,4-5,21 are always located in the diagrams’ bottom-left

corners as their σ and R levels are zero. Consequently, the five models give always the same

cRMSE. That is why any of the five models indicated in the diagrams represent the whole group.

By contrast, the seasonally variable constant models, M0_3 and M0_22, can have performance

indicators differing from those of the five permanent constants. In the unconstrained case,

the models with more coefficients and less stringent constraints tend to perform better. Below,

all the reported results refer to those of the constrained validation.

As per the Taylor diagrams, M2_20 seems either the most or one of the most appropriate

models at all the sites. Though, at most sites, the performances of M2_20, M2_26, M2_14

are surprisingly similar considering their different structures and the fact that M2_20 has six

parameters compared to the three and two of M2_26 and M2_14, respectively. Also, M2_18,

which is initially developed for snow, performs well even at many sites where only snow-

free data are considered. However, the model’s two empirical coefficients do not have any

physically-based bounds and as a result, the fitted parametrisations vary significantly between

the sites. The highly site-specific parametrisations reduce the generalizability of M2_18.

3.3 Aggregated Error Comparison

While Taylor diagrams provide a great means of comparing the merits of different calibrated

models, they do not give much information about the gain in performance when moving from

literature-based, potentially severely biased estimates to data-based estimation. Figure 3.2

compares this gain in terms of RMSE between data-based constants and the estimates from

univariate and bivariate models for each site. The figure essentially illustrates the benefit
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of measuring ρ instead of adopting a library value based on visual inspection. Though, the

calibration datasets considered here are too large for assessing the gain of a real measurement

campaign. The estimation based on more realistic database sizes is discussed in chapter 5.

On average, the reduction in RMSE is 16% with the data-based constants, 22% with the

univariate models, and 31% with the bivariate models. In terms of MAE, the corresponding

average differences are 22%, 29%, and 39%. As can be seen in the figure, the gain varies greatly

between the sites. While the RMSE reduction is only 11% at maximum in Syowa, it exceeds

75% in Chesapeake Light. As opposed to Syowa, another snow-and-ice site, South Pole, also

shows a reduction of almost 60%. In Syowa, the assumed library value, 0.75, does not result in

underestimation as significantly as it does in South Pole and Neumayer. This can be seen more

Figure 3.2 – Reduction in root-mean-square error (RMSE) due to estimating ground reflectance
based on in-situ-measured data instead of literature-derived constants.

clearly in Figure 3.3 that shows the MBE levels resulting from the usage of literature-based

estimates. Much of the gain variability reported in Figure 3.2 can be explained by the variation

in this bias.

In addition to the MBE levels, Figure 3.3 specifies both the most appropriate literature-based ρ

levels and the practically unbiased, data-drawn values. It is clear that the reflectances of snow

and barren ground are particularly difficult to estimate with a general constant. Amongst
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the desert sites, the data-based constants range from 0.21 to 0.34. In the case of bifacial

photovoltaic systems for example, this variability would result in significant differences in

bifacial gain and manifests the importance of site campaigns at desert sites in particular. The

levels given in albedo libraries for wetland sites seem overestimated. Though, all the wetland

sites considered in the study represent only subarctic or tundra climates. The results may be

different if also lower-latitude wetland sites were included in the analysis. The surprisingly

high measured value for Chesapeake Light is as expected given the strong specularity of a

water surface’s reflectance. The library value is valid for beam incidence of 53° (Gueymard,

2005). Though, as pointed out by Fabbri et al. (2016), a part of the station’s sensor’s view does

not actually comprise sea but the elements of the monitoring station itself. This may be the

reason for M2_20 clearly outperforming the models specifically developed for semi-specular,

water-like surfaces there.

Figure 3.3 – Mean bias error (MBE) resulting from the usage of literature-derived ground
reflectances i.e., models M0_1, M0_2, or M0_3 (see chapter 1) with the respective reflectance
levels indicated on the top panel.

Also the benefits of time-variant modelling and d measurements can be assessed based on

the Taylor diagrams. Figure 3.4 shows the added value more explicitly by comparing the

RMSE reductions due to using the best-performing d-independent and d-dependent models

instead of M0_4, which is the minimum-RMSE constant estimator. Apart from the single
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Figure 3.4 – Reduction in root-mean-square error (RMSE) due to estimating ground reflectance
using time-variant models instead of the minimum-RMSE constant estimator (M0_4).

urban site, Eugene, all the considered land cover type classes include sites where time-variant

ρ modelling seems to notably improve estimation accuracy. Though, at two out of the three

snow-and-ice sites, this gain is modest, too. In terms of RMSE, the use of d as a predictor

improves the estimation accuracy at all sites. It at least doubles the RMSE reduction at 18 out

of the 26 sites. The RMSE improvement is insignificant only in Gobabeb.

3.4 Deviations in Empirical Distribution Functions

As implied by Figures 3.1 and 3.4, Gobabeb is an example of a site where d measurements may

not be useful for improving the accuracy of ρ estimation. In fact, MAE decreases there when

switching from the best-performing d-dependent model (M2_20) to the best d-independent

one (Mz_9). Interestingly, while M2_20 provides the lowest RMSE, it is Mz_9 that outperforms

the other models in terms of MAE. In terms of MAE, M2_20 is only at the fourth rank with a 6%

higher MAE than that of Mz_9. The reason becomes clear with the help of Figure 3.5 that shows

the deviations of the cumulative distributions of the ρ estimates from the distribution of the

observations. Mz_9 captures the overall pattern of the observations’ cumulative distribution

slightly better than M2_20. Due to its better accuracy at high ρ levels however, M2_20 provides
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the lowest RMSE. The figure also indicates D for the selected models. In terms of D , the best-

performing model is Mz_8. The distribution of its estimates follows that of the observations

particularly well at low ρ levels. For this reason, with Mz_8, the obtained MAE is still lower than

with M2_20. Mz_9 is the only evaluated model with completely unconstrained coefficients,

thereby, potentially worsening its generalizability. Hence, the rather small difference in MAE

between Mz_8 and Mz_9 suggests that the best choice for modelling ρ at desert sites such as

Gobabeb is Mz_8. This example demonstrates the added value of D when choosing between

models whose other performance indicators have similar values.

Figure 3.5 – Deviations of the ground reflectance (ρ) estimates’ empirical cumulative distri-
bution functions from the observations’ distribution function in Gobabeb along with the
corresponding Kolmogorov-Smirnov statistics (D).

3.5 Overall Performance

Table 3.1 lists the models recommended for each site by category. The models are identified

based on a comparative analysis integrating all the considered performance indicators. As an

entirely empirical formulation with three fitting coefficients, Mz_9 is listed as the best option

only for the sites where it clearly improves estimation accuracy when switching from the other

d-independent models.

The MAE levels specified in Table 3.1 give the average error in absolute terms. The table

indicates that the permanent-wetland and snow-and-ice sites suffer from the largest errors in

estimated surface reflectance (MAE of up to 0.069 in Syowa) while the urban and water sites

feature the smallest errors with MAE of 0.013 and 0.011, respectively. An absolute error level
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Table 3.1 – Best-performing ground reflectance models for each site and model category.
(When a model’s abbreviation is not included in bold in the table, the model is not found to
notably improve estimation accuracy when compared to the best option of a simpler category.)

constant d-independent d-dependent
Site

Model MAE D Model MAE D Model MAE D

Goodwin Creek M0_4 0.025 0.53 Mz_23 0.022 0.24 M2_20 0.018 0.18

Rutland M0_4 0.026 0.53 Mz_7 0.024 0.33 M2_20 0.020 0.22

Boulder M0_22 0.025 0.51 Mz_8 0.022 0.26 M2_20 0.019 0.23
Fort Peck M0_4 0.031 0.51 Mz_23 0.024 0.16 M2_14 0.020 0.17
Table Mountain M0_4 0.025 0.52 Mz_23 0.021 0.16 M2_20 0.018 0.18
Tõravere M0_4 0.028 0.56 Mz_8 0.028 0.44 M2_20 0.023 0.23

Alamosa M0_4 0.021 0.53 Mz_23 0.019 0.10 M2_20 0.017 0.33
Wasco M0_4 0.031 0.57 Mz_7 0.031 0.52 M2_20 0.025 0.15
Bondville M0_4 0.030 0.50 Mz_23 0.024 0.15 M2_20 0.019 0.18
Penn State M0_4 0.023 0.51 Mz_7 0.022 0.24 M2_20 0.018 0.23
Sioux Falls M0_4 0.028 0.50 Mz_23 0.024 0.17 M2_20 0.020 0.19

Tateno M0_4 0.029 0.57 Mz_7 0.028 0.43 M2_20 0.024 0.23
Cabauw M0_4 0.032 0.51 Mz_7 0.028 0.17 M2_26 0.024 0.24
Payerne M0_21 0.023 0.56 Mz_7 0.023 0.42 M2_20 0.019 0.22

Tiksi M0_21 0.039 0.64 Mz_9 0.039 0.64 M2_20 0.035 0.35
Barrow M0_4 0.034 0.56 Mz_23 0.034 0.28 M2_20 0.029 0.29
Ny-Ålesund M0_4 0.026 0.54 Mz_23 0.026 0.16 M2_20 0.018 0.29

Gobabeb M0_4 0.046 0.56 Mz_8 0.031 0.11 M2_20 0.031 0.22
Red Lake M0_21 0.021 0.55 Mz_23 0.021 0.19 M2_20 0.019 0.25
Desert Rock M0_21 0.017 0.54 Mz_23 0.017 0.17 M2_20 0.016 0.16
Alert M0_21 0.022 0.59 Mz_8 0.021 0.31 M2_12 0.018 0.22

Neumayer M0_21 0.047 0.53 Mz_9 0.048 0.50 M2_20 0.040 0.41
Syowa M0_21 0.071 0.55 Mz_9 0.073 0.63 M2_20 0.069 0.36
South Pole M0_21 0.040 0.52 Mz_7 0.039 0.38 M2_20 0.038 0.43

Eugene M0_21 0.013 0.59 Mz_9 0.014 0.68 M2_20 0.013 0.43

Chesapeake Light M0_4 0.044 0.58 Mz_7 0.021 0.20 M2_20 0.011 0.29
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may not always be the best indicator, however, when comparing model performance between

sites. Indeed, Figure 3.6 shows that, relatively speaking, it is actually the snow-and-ice sites

whose ρ estimates are the most accurate. The tundra and permanent-wetland, urban, and

water sites stand out with their low accuracy — in Tiksi, the MAE of the best-performing model

reaches 25%. The poor accuracy at the tundra and permanent-wetland sites may be due to

the strong seasonal variability in ρ (see Figure 2.7 in section 2.1) and/or frequent occurrence

of water body or snowmelt patches in the field of the sensor’s view. The average minimum

MAE across all the sites is 11%. The average minimum RMSE is 17% with a maximum of 34%

in Tiksi.

Figure 3.6 – Relative mean absolute error (MAE) of the ground reflectance estimates made by
the best-performing option out of the models independent (grey) and dependent (black) on
diffuse irradiance fraction (d).

3.5.1 Models Independent of Diffuse Fraction

Mz_7 and Mz_23 turn out to be the best-performing d-independent models for most of the

studied vegetated sites. Among the temperate and humid vegetated sites, Mz_7 appears

to be favoured by higher-latitude (44° on average) sites than Mz_23 (39° on average). The

arid and semiarid sites tend to favour Mz_23 with the most desert-like site, Gobabeb, as a
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notable exception. In Gobabeb, Mz_8 is the best-performing option. Three models, Mz_7,8,23,

perform very similarly in Red Lake and Desert Rock with slightly better indicators obtained for

Mz_23. At the barren tundra site, Alert, Mz_8 is again the most suitable.

As already shown in Figure 3.4, the urban and snow-and-ice sites are characterised with

approximately Lambertian surface behaviour with the univariate models providing no or low

gain in estimation accuracy. When considering the data points with snow coverage from all

the considered sites together, no univariate model can outperform M0_4 (ρ = 0.83) in terms

of RMSE or M0_21 (ρ = 0.84) in terms of MAE. Finally, the only considered water surface

site, Chesapeake Light, also favours Mz_7 among the univariate models with the following

parametrisation verifying the expected high level of specularity: ρn = 0.014 and b = 1.731.

3.5.2 Models Dependent on Diffuse Fraction

M2_20 is one of the most suitable models at all the considered sites. This is not a surprise

considering its comparatively large number of fitting coefficients. For assessing its capabilities

of actually capturing the underlying physics, it is insightful to compare the coefficient levels

obtained for different sites and attempt to relate the levels to physical site properties. Figure

3.7 shows the comparison for the forward ( ff) and backscatter ( fb) coefficients. While both

coefficients affect the estimated difference between ρn and ρd, ff also functions as the weight

of the exponential term quantifying the surface’s non-Lambertian behaviour. The dispersion

Figure 3.7 – Model M2_20 (see (1.11) in section 1.2) coefficients quantifying forward ( ff) and
backscatter ( fb) obtained for the studied sites.

of the coefficient values presented in the figure does not suggest any clear link to the estimated

ρn level or to the sites’ surface or climate types. The presented values are obtained with the

exponent’s three fitting coefficients (b0, b1, and b2) varying almost freely, which naturally also

affects the obtained levels for ff and fb. Gueymard (1987) specifies tentative values for the two
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assuming a fixed set of b0, b1, and b2. As per Gueymard (1987), this set results in { ff, fb} = 1 for

green grass, to which the other surface types’ ff and fb are relative. When fitting the model

with this set to the data used in the present study, most of the resulting fb values saturate at

zero i.e., the coefficient’s lower bound. ff, in turn, mainly takes on values between 0.8 and

1.2. Hence, while ff mostly behaves as expected, the obtained fb values do not agree with the

findings of Gueymard (1987). Consequently, the results of this study do not support a general

M2_20 parametrisation that would be suitable for an entire surface type category.

The novel formulation M2_26 (see (1.25) in section 1.3) is one of the best-performing models

at 19 sites. There are 15 vegetation-covered sites where M2_26 performs better or comparably

with M2_20. Compared to the other consistently well-performing d-dependent models, M2_14

and M2_18, the coefficient values obtained for M2_26 appear to be the most systematically

linked to the land cover type and ρn. The link will be discussed in more detail in chapter 4.

This finding suggests that M2_26 is capable of capturing the physical dynamics comparatively

well at most sites.

As shown in Figure 3.4, the three considered desert sites do not behave uniformly when it

comes to the gain in ρ estimation accuracy due to using d as a predictor. In Gobabeb, the gain

does not seem to exist whereas in Red Lake and Desert Rock, it does. Though, in Red Lake, only

M2_20 outperforms univariate models in terms of MAE — that, too, merely slightly. In Desert

Rock, also M2_26 and M2_18 improve accuracy to a slight extent compared to Mz_23, the

top-performing univariate model. However, the Desert Rock site is actually partially vegetated

at least for part of the year (National Oceanic and Atmospheric Administration, 2019). These

findings suggest a hypothesis that the completely barren desert sites such as Gobabeb and

Red Lake favour d-independent models. This could be explained by the fact that desert sites

mostly experience clear skies turning d into a weak indicator of solar elevation rather than

that of atmospheric turbidity. Another rationale could be the spectral albedo of barren ground,

which tends to be flatter than that of, (, e.g.,) green grass (Baldridge et al., 2009). As a result,

the broadband reflectance of barren ground can be expected to be less sensitive to d . The

hypothesis would have to be tested based on measurements from other barren desert sites.

As discussed above, the snow-and-ice sites show Lambertian behaviour. However, the estima-

tion of snow’s ρ seems to slightly improve when considering d . M2_20 performs consistently

well at the three snow-and-ice sites as well as with the dataset combining all the sites’ records

with a complete snow coverage. The model specifically developed for snow, M2_18, clearly

outperforms other models only in Neumayer. It is noteworthy that with snow, M2_18 pro-

vides an accuracy very similar to that of the other bivariate models with three coefficients

(M2_17,19,26). When considering all the 13 million data points identified to certainly fea-

ture snow coverage, M2_20 provides modest reductions of 3% and 2% in RMSE and MAE,

respectively, when compared to the M0_4-estimated ρ = 0.83.

The single urban site, Eugene, is the only site where Md_10 performs comparatively well.

However, Md_10 with ρb = 0.066 and ρd = 0.076 only reaches the same MAE as the M0_21-
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estimated ρ = 0.073. As shown in Figure 2.7 (see section 2.1), the site’s relatively high seasonal

variability is negatively correlated with solar elevation suggesting physical changes in the site’s

land cover during the measurement period.

As discussed in section 3.3, in Chesapeake Light, M2_20 provides somewhat surprisingly the

best performance clearly surpassing all the models developed for semi-specular surfaces.

The M2_20 parametrisation fitted for the Chesapeake Light measurements is the following:

ρn = 0.027, ff = 0.033, fb = 1.849, b0 =−4.023, b1 = 4.414, b2 =−0.000 (θz ∈ [0,π/2]).

Conclusion

In this chapter, it is shown that on a global average, the estimation of ρ using measurement-

calibrated models has the potential to improve the accuracy of ρ estimation by 20-40 per

cent compared to adopting a literature-based value from a reflectance library. The best-

performing models reach a MAE of 11 per cent on a global average. Among the data-based

models, the time-variant estimators improve the estimation accuracy at most sites. The

notable exceptions include snowy surfaces. Considering all the ρ records with snow, only

the best-performing bivariate models can slightly improve on the global arithmetic mean

ρ of 0.83. Two of the proposed novel formulations i.e., Mz_23 and M2_26 perform well at a

majority of the considered sites. However, model M2_20 (Gueymard, 1987) shows superior

performance providing the best performance at 19 out of the 26 considered sites. Because of

the large number of coefficients, its parametrisations are not easily generalisable, however. No

general parametrisation, which would be suitable for an entire surface type category, could

be found for the model. When reviewing the other bivariate models, M2_26 was found to be

a promising candidate for such a parametrisation. Its unbiased parametrisations between

different sites that represent a similar surface type follow a similar pattern, which allows for

the generalisation between sites. This is discussed in more detail in the next chapter.
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Ground Reflectance Models

A general model to reliably predict ρ for a site without supporting measurements does not

exist: the literature-based estimates result, on average, in 25-70 per cent higher errors than

measurement-calibrated models as shown in chapter 3. This chapter provides tools for situ-

ations where the ease of ρ estimation is important but the reliability of the literature-based

estimates is not sufficient. Using the worldwide database, the need for future measurements

is reduced by identifying and utilising linkages between the models’ coefficients quantifying

colour (i.e., the base ρ instances) on the one hand and Lambertianity (i.e., the other coeffi-

cients) on the other. Based on a linkage between the two, a single "colour measurement"

can be used to calibrate a generalised model that already involves the information about

the Lambertianity as a function of the colour. In this way, by compromising the estimation

accuracy compared to a properly calibrated model, the acquisition of a data time series re-

quired for the statistical fitting of multiple coefficients can be avoided. The performance of the

generalisations is compared to that of site-specifically calibrated parametrisations (chapter 3)

by means of MAE and MBE.

In accordance with the findings presented in chapter 3, both univariate (section 4.1) and

bivariate (section 4.2) parametrisations are proposed for vegetated sites and a univariate one

for arid sites (section 4.1). From the practical point of view, it is not irrelevant which base ρ

instance is deployed for quantifying the surface colour. In the proposed parametrisations, ρ60°

or ρd is used as the base level instead of the commonly used but often immeasurable ρn.

In section 4.3, a d-independent ρ generalisation is proposed for the shaded surface of any

land cover type.

4.1 Univariate Models

It turns out that the different Mz_7 (1.6) parametrisations imply an interesting relation between

the exponent’s fitting coefficient (b) and the statistically estimated ρn at the vegetated sites.

As can be seen in Figure 4.1, a vegetated surface’s non-Lambertian behaviour quantified by b
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seems to intensify roughly linearly with decreasing ρn. The linear fit presented in the figure

is generated considering all the vegetated sites apart from Tiksi where b = 0 implying a sub-

optimal parametrisation. ρn, which cannot be directly derived from the in-situ measurements

Figure 4.1 – Relation between the exponential fitting coefficient (b) of model Mz_7 (1.6) and the
estimated global bi-hemispherical reflectance at normal beam incidence (ρn) at the studied
vegetated sites (linear fit at R2 = 0.82).

of most sites, can be linearly related to ρ60°, which is an easily measurable parameter. This

relation is illustrated in Figure 4.2. As a result of these two linear fits, it is possible to formulate

Figure 4.2 – Relation between the estimated global bi-hemispherical reflectance at normal
beam incidence (ρn) of model Mz_7 (1.6) and the measured average global reflectance at 60°
incidence ρ60° at the studied vegetated sites (linear fit at R2 = 0.76).
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a generalized Mz_7 parametrisation defined by (4.1) (referred to as Mz_7veg below) that

allows for the approximation of non-Lambertian surface reflectance simply based on ρ60°

measurements made at a site. Thus, it does not require a time series of ρ measurements in

contrast to the reviewed data-driven models. However, consequently, it introduces a bias. At

the considered vegetated sites, the MBE of Mz_7veg ranges within [-0.020,0.012]. Cabauw,

whose ρ60° is larger than 0.23, is not considered here.

ρ = (1.14ρ60° −0.07)e(−4.90ρ60°+1.20)θz ,θz ∈ [0,π/2],ρ60° ∈ [0.12,0.23] (4.1)

In the above formulation, the coefficients would take on similar values when expressing ρ as a

function of average reflectance estimated by means of M0_4 instead of as a function of ρ60°.

Mz_7veg could also be used as the first approximation of the non-Lambertian behaviour of

a vegetated surface when measured data are unavailable and a library estimate needs to be

used. When compared to M0_4, which can be regarded as the simplest method requiring a

time series of ρ measurements, Mz_7veg deteriorates the estimation accuracy most at sites

characterised with high ρ levels (Tõravere and Payerne) or where the ρ60°-ρn fit is highly biased

(Wasco). At these sites, MAE increases by 9-13% due to switching from M0_4 to Mz_7veg.

At nine out of the 16 considered sites, the switch actually reduces MAE — in spite of the

introduced bias.

The fitting results from the three considered desert sites indicate a reverse non-Lambertian

behaviour compared to the vegetated sites: surfaces of lower reflectance appear more Lam-

bertian. In fact, when adopting the same Mz_7 generalisation approach to the desert sites as

done above with the vegetated sites, the resulting fit is good. The model, Mz_7des, is defined

by (4.2).

ρ = 0.89ρ60°e
(0.42ρ60°+0.02)θz ,θz ∈ [0,π/2],ρ60° ∈ [0.20,0.35] (4.2)

Compared to the unbiased constant ρ estimate, Mz_7des reduces MAE by 14% in Gobabeb

and by 4% in Red Lake. In Desert Rock, MAE increases by 4%. These promising results should

be verified by measurements from a wider network of desert sites.

4.2 Bivariate Model

M2_26 (1.25) is one of the best-performing models at 19 sites. It shows potential for a similar

generalised approach for vegetated sites as Mz_7. There are 15 vegetation-covered sites where

M2_26 performs better or comparably with M2_20. Figure 4.3 shows how at those sites, b in

M2_26 has a negative correlation with ρn similarly to b in Mz_7. Though, the linear fit of Mz_7

is significantly better. However, with the other consistently well-performing d-dependent

models, M2_14 and M2_18 (see section 1.2 for description), the linkage is even weaker. As

in the case of Mz_7veg (4.1), the generalised M2_26 parametrisation should be a function

of an easily measurable parameter. For a parametrisation of a d-dependent model such as

M2_26, ρd would be an ideal option. Figure 4.4 shows that, unsurprisingly, a roughly linear

relationship does exist between M2_26-estimated ρn and measured ρd. Drawing on the
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Figure 4.3 – Relation between the fitting coefficient (b) of model M2_26 (1.25) and the es-
timated global bi-hemispherical reflectance at normal beam incidence (ρn) at the studied
vegetated sites (linear fit at R2 = 0.62).

Figure 4.4 – Relation between the estimated global bi-hemispherical reflectance at normal
beam incidence (ρn) of model M2_26 (1.25) and the measured diffuse bi-hemispherical re-
flectance (ρd) at the studied vegetated sites (linear fit at R2 = 0.75).

linear fits presented in Figures 4.3 and 4.4, a general M2_26 parametrisation defined by (4.3)

(referred to as M2_26veg below) is proposed for vegetated sites. The use of the equation only

requires information about the site’s ρd, which can be estimated based on measured ρ and d

as described by Ineichen et al. (1990), for instance. By definition, under overcast conditions,

ρ = ρd and, thus, in principle, only one or a few data records are required for its estimation
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provided that d ≈ 1.

ρ = ρd
(
(1−d)

3.84−10.34ρd

1+ (3.21−11.33ρd)cosθz
+d

)
,

θz ∈ [0,π/2],ρd ∈ [0.10,0.22] (4.3)

Compared to the unbiased estimates of M0_4 and the simplest d-dependent model, Md_10,

M2_26veg significantly improves the estimation accuracy at all the 15 vegetated sites. This is

despite the bias of its estimates with MBE ranging between -0.019 and 0.012.

4.3 Shaded Surface

On shaded surfaces, the distribution of reflected radiance can be assumed to be uniform

and, thus, ρ constant irrespective of the surface type’s Lambertianity. This is due to the

assumed uniformity of the sky radiance incident on shaded surfaces. Following the above

colour-Lambertianity terminology, only a colour estimate (i.e., a base ρ level) is, therefore,

sufficient for modelling ρ on shaded surfaces. Hence, just how the database is utilised to find

time-variant "unshaded" parametrisations that only require easily measurable base ρ levels to

be operational, the parallel ρ and d time series of the database can be used to derive a single

base ρ level that can be directly used as an approximating ρ estimator for a shaded surface.

In other words, the proposed approximation formula allows for the estimation of ρd even

if d measurements are unavailable or the surface is unshaded during the ρ measurement.

When estimating ground-reflected irradiance, an estimate of ρd is necessary for appropriately

differentiating between unshaded and shaded parts of a ground surface of interest.

In order to properly avail of advanced models for simulating the radiative environment of bifa-

cial photovoltaic arrays for instance, one should distinguish between the ρ levels of unshaded

and shaded ground surfaces. The reflectance of shaded surfaces can be characterised by ρd as

the solar beam is assumed to be entirely blocked. Therefore, while ρ of unshaded surfaces

is expected to vary in time depending on how Lambertian the surfaces are, ρ should always

remain equal to ρd on shaded surfaces. Though, this is true only if the object obstructing the

solar beam can be considered as sufficiently small not to significantly influence the sky diffuse

radiance distribution incident on the surface.

The estimation ofρd can be performed through directly measuring it under empirically verified

high-d conditions as done by, (, e.g.,) Ineichen et al. (1990). If d measurements or sufficiently

turbid atmospheric conditions are not available, in the prior art, ρd is typically approximated

by assuming that ∃θz,d∀d ρd = ρ(θz,d,d) i.e., there is a solar zenith angle θz,d at which ρ = ρd

irrespective of d . In other words, at the solar zenith angle θz,d, ρ is equal to ρd under clear-sky,

overcast, or any other sky conditions. Dickinson (1983) and the subsequent authors adapting

Mz_8 or its successors assume that θz,d = 60°. This approximation is in contradiction with

the same models’ assumption of isotropic sky radiance. For a surface exposed to isotropic

sky radiance with ρ behaving as predicted by a univariate model ρ(θz), θz,d can be explicitly
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determined as specified in (4.4).

θz,d := argmin
θz∈[0,π/2]

∣∣ρ(θz)−ρd
∣∣= argmin

θz∈[0,π/2]

∣∣∣∣ρ(θz)−2
∫ π/2

0
ρ(θz)cosθz sinθz dθz

∣∣∣∣ (4.4)

Figure 4.5 shows that if ρ(θz) is substituted with Mz_8 (or Mz_23) in (4.4), the obtained θz,d

ranges from 48.2° at b = 0 to 52.5° at b = 1 (or b = 2). In the case of Mz_7, the obtained θz,d

levels are even lower with the exception of highly non-Lambertian low-ρn surfaces such as

water. Therefore, from this theoretical point of view, the θz,d estimate of Dickinson (1983)

appears high.

Figure 4.5 – Solution of equation (4.4) for four different surface reflectance patterns i.e., the
solar zenith angles θz,d at which ρ(θz,d,d) = ρd,d ∈ [0,1] assuming isotropic sky radiance
with b′ denoting the full-range-normalised Lambertianity coefficient of each model (b in
(1.6)-(1.22)).

The database can also be used to provide experimental evidence for the choice of θz,d. In

order to formulate a geographically generalised formulation for θz,d based on the data, the

piecewise linear model expressed in (4.5) is fitted to the observations.

θz,d =
θ′z, θ′z > θz,dmin

θz,dmin, θ′z ≤ θz,dmin

,θ′z ∈ [0,π/2], (4.5)

where θz,dmin stands for the daily minimum θz and θ′z for the θz at which
∣∣ρ−ρd

∣∣ is minimised

on average.

Figure 4.6 shows the site-specific observed mean θz,d levels for 25 θz,dmin bins as a box plot.

It also presents the model in (4.5) fitted to the observed mean θz,d data. Furthermore, the
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figure illustrates the number of available sites for each bin as an overlaid bar chart in order

to explicate the sample size available for each box. The overall MBE of the modelled θz,d is

minimised at θ′z = 49°. This result, ρ(θz = 49°,d) ≈ ρd, agrees well with the above theoretical

derivation verifying the apparent θz,d overestimation of the prior art.

Figure 4.6 – Site-specific mean θz,d levels observed for daily minimum θz bins (box plot) [°],
piecewise linear θz,d model (4.5) fitted to the observations (line) [°], and number of sites
available for each daily minimum θz bin (bar chart).

Conclusion

In this chapter, a set of correlations between the fixed ρ instances and the models’ empirical

coefficients are used to formulate four geographically generalised parametrisations for certain

suitable ρ models. Such generalisations were proposed for vegetated surfaces using the

univariate model Mz_7 (Nkemdirim, 1972) (Mz_7veg) (4.1) and the bivariate model M2_26

(M2_26veg) (4.3). In addition, another Mz_7 parametrisation was proposed for desert sites

(Mz_7des) (4.2). The idea of these parametrisations is that they can be used to obtain first-

hand, temporally variable (i.e., non-Lambertian) ρ estimates for a site without implementing

a long ρ measuring campaign required for statistical data fitting. They include ρ60° as a

parameter but it can be replaced by a library estimate of ρ in the absence of measurements.

The performance of the proposed generalised parametrisations is good compared to that of

the simplest site-specific (and thus unbiased) alternatives ((?, e.g.,)0_4) but significantly worse

than the best-performing models. The fourth geographical generalisation is an estimator of ρd
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in the absence of d measurements. ρd can be used as the reflectance of shaded surfaces where

the solar beam can be assumed to be entirely blocked. The proposed generalisations can be

used as practical alternatives to measuring campaigns. The optimal timing of ρ measurement

campaigns is discussed in the next chapter.
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Reflectance Models

At most sites, it significantly improves the estimation accuracy if real on-site measurements

are collected to calibrate a ρ model instead of deploying literature-based constants or the

generalised time-variant formulations proposed in chapter 4. As per the results presented in

section 3.3, the data-driven ρ estimation reduces MAE by 20-40 per cent on a global average

compared to literature-based estimates. As discussed in section 2.3 however, the training

datasets that are available for model calibration in a real-world situation are much smaller

than the ones used for the model evaluation reported in chapter 3. Depending on the timing

of the campaign, the training data may have a distribution that significantly differs from the

distribution of the hypothetical future measurements. If this is the case, the timing of the

measurement campaign has an impact on the ρ model calibration and consequently on the

decisions drawing on the model’s predictions.

The objective of this chapter is to give general guidelines for timing ρ measurement campaigns

for ρ model calibration. The pool of models is limited to the ones found to show the best

performance (see chapter 3). Section 5.1 first demonstrates the importance of the topic by pre-

senting calibration performance as a function of the campaign duration. Section 5.2 continues

with the analysis of the global pattern of the seasonal variation in calibration performance,

both in terms of the underlying factors and the differences between the considered models.

At an individual site, surface colour variability has naturally a major impact on calibration

performance. This highly site-specific and, therefore, measurement-dependent parameter is

isolated here in order to investigate the impact of d , whose yearly variability is available in, (,

e.g.,) standard typical meteorological year datasets. The subsequent analysis of the impact of

d on calibration performance is presented in section 5.3. Finally, section 5.4 gives guidelines

for situations where there is no flexibility in timing the campaign.

5.1 Campaign Duration

Figure 5.1 demonstrates the importance of a proper campaign timing with four example mod-

els deployed to estimate ρ at the low-latitude desert site Gobabeb, Namibia. The four models
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represent the most common best-performers within the constant, univariate, and bivariate

categories as reported in chapter 3. As can be seen in the figure, in Gobabeb, an unfortunately

chosen calibration week may result in an increase of 50-90 per cent in MAE compared to a

particularly well chosen calibration week. In fact, when the timing is right, a period of one day

seems sufficient to obtain a parametrisation that is representative for long-term conditions.

By contrast, in the worst calibration seasons, it takes multiple months of calibration for the

model to reach MAE levels comparable to the full-database-based calibration.

Figure 5.1 – Increase in mean absolute error (MAE) of the estimates of four surface reflectance
models due to calibrating a model based on a subset of Gobabeb’s dataset instead of the full
dataset.

5.2 Seasonal Variation

The optimisation of the campaign timing can result in a significant gain in long-term esti-

mation accuracy as shown in Figure 5.1. Figure 5.2 presents the seasonal dependence of

calibration performance in more detail. It shows the median increase, across the 26 sites, in

monthly average MAE compared to the minimum monthly average MAE. The MAE levels refer

to the MAE of a parametrisation that is obtained based on a weekly dataset and applied to

estimate ρ for the entire timeframe of the site’s database. Each considered month has the

same number of calibration week options as there are days that represent the month. Each

day of the month is the fourth day of its own week option. However, the week options that

have fewer than 1000 quality-assured data points are not included in the analysis.
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Figure 5.2 – Relative increase in monthly average mean absolute error (MAE) compared to
that of the best calibration month at monthly median sites with the summer (winter) solstice
occurring at the end of month 6 (12) at every site. (In the case of the four considered sites
located in the southern hemisphere, shifted month indices are used with December denoted
by 6 and June by 12).

Regardless of the chosen model, calibration in the summer half of the year tends to provide

the best-performing parametrisations. With the time-variant models, this can be explained

by the fact that the months surrounding the summer solstice provide the widest range of

solar elevations and, hence, the highest potential for parametrisations representing long-term

conditions — at least in terms of solar geometry. In contrast to the other potentially important

factors (primarily the temporal patterns in surface colour and diffuse irradiance fraction),

the solar geometric variability deterministically follows the same seasonal pattern at all the

considered sites. The occurrence of θz =π/3 enables the direct measurement of ρ60° adding to

the estimation accuracy of ρ60°-dependent models such as Mz_8. At the sites located above

the 40° latitudes, solar elevation is too low for the direct ρ60° measurement during a winter-

solstice-centred period whose duration depends on the site latitude. This further deteriorates

the performance of winter month parametrisations in the case of ρ60°-dependent models.

5.2.1 Constant Models

Due to the θz dependence of ρ, the constant models, M0_4-5,21, can be expected to result in ρ

underestimation when calibrated in the summer and in overestimation when calibrated in the

winter. Drawing on this logic, it can be hypothesized that the best time for calibrating constant
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models is in spring or autumn. However, this hypothesis is supported by the monthly median

indicators presented in Figure 5.2 only in the case of M0_21. The indicators of M0_4 and M0_5

clearly imply that summer is the best calibration season also in their case - more clearly, in fact,

than with the time-variant models. The surprising result can be partially explained by simple

statistics. Being minimum-RMSE estimators, M0_4 and M0_5 indeed reach their minimum

RMSE levels at a median site when calibrated in late spring. However, since the long-term

mean ρ is greater than the long-term median at most sites, the underestimating summer-time

mean values actually approach the long-term median, thereby, minimising MAE. The median

is the constant estimator minimising MAE for any dataset. The fact that the long-term mean

ρ is greater than the corresponding median ρ at most sites is primarily due to the U-shaped

diurnal ρ pattern of non-Lambertian ground surfaces. Another factor contributing to the

superior summer performance is that there are simply more quality-assured summer daytime

minutes increasing their weight in the long-term average conditions.

The choice of the calibration performance indicator and the higher frequency of summer-time

records do not, however, explain why M0_21 calibration performance peaks only once in

spring and not also before the autumnal equinox. Figures 5.3 and 5.4 provide an explanation.

On the left-hand side, the figures illustrate the variabilities of the site-specific monthly means

of the surface colour quantified by ρd (Figure 5.3a) and mean d of each calibration week option

(Figure 5.4a). In order to enable the comparison between the sites, the depicted values are

normalised by converting them into the relative differences from the long-term mean value of

each site. On the right-hand side, the figures (Figures 5.3b and 5.4b) show the corresponding

variabilities of the standard deviations of the two parameters. Hence, while the left-hand

figures present the seasonal variability of the parameters themselves, the right-hand figures

help to understand how variable the parameters are within each month.

Figure 5.3a shows that the seasonal variability of ρd does not have a strong pattern shared be-

tween the 26 sites. Figure 5.3b reveals that the inter-week variability of ρd does vary seasonally,

however. On the long-term average, surface colour appears to experience more variability in

the autumnal half of the year than in the vernal half. In other words, although the late-spring

ρd levels appear to overestimate the long-term ρd roughly by the same extent as the early-

autumn ρd levels underestimate it at a median site on a monthly average, the monthly mean

errors end up higher in early autumn due to the higher inter-week variability.

As can be seen in Figure 5.4a, in contrast to ρd, d has a strong seasonal pattern reaching

the peak in the winter and the bottom in the summer. This main trend can be explained by

the positive correlation between d and θz. The spring-autumn asymmetry, however, must

be related to differences in atmospheric turbidity. On average, early autumn appears to be

characterised by clearer skies than late spring. The particularly clear skies together with

frequent low ρd levels (Figure 5.3a) make early-autumn calibration weeks particularly prone

to underestimation with constant models.
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Figure 5.3 – Variability of weekly diffuse bi-hemispherical reflectance (ρd) between sites and
months in terms of a) monthly mean deviation from the long-term mean and b) monthly
standard deviation relative to the long-term mean ρd with the dashed line denoting the
monthly mean levels across the sites.

5.2.2 Univariate Models

The univariate models address the θz dependence and therefore, summer can be expected to

be their best calibration season as it offers the widest range of solar elevations. This expectation

is confirmed by Figure 5.2. However, in the case of some sites, the timing optimisation is

complicated, again, by the seasonal variabilities of inter-week ρd variability (Figure 5.3b) and

d (Figure 5.4b). On the one hand, late summer tends to feature a wider spectrum of surface

colours than early summer. Since the inter-week variability is comparable with or larger than

the seasonal variability, the rise in inter-week variability adds to the late-summer monthly

average errors. On the other hand, due to the spring-autumn asymmetry of d , the calibration

of univariate models in the summer months is more likely to result in underestimating, clear-

sky parametrisations. Their ρn estimates are physically more correct but as the model’s base

ρ instance too low for the long-term average conditions characterised by less frequent clear

skies. The further away time passes from the summer solstice, the lower the clear-sky-induced

bias becomes. The calibration of Mz_8 does not involve the estimation of ρn but the direct

measurement of ρ60° making it less prone to this bias. Also, the problem seems to exist only

at sites that are characterised by either mostly clear (d < 0.5) or mostly cloudy skies (d > 0.6).

The reasons for this site dependence are explained in section 5.3.1.
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Figure 5.4 – Variability of weekly mean diffuse irradiance fraction (d) between sites and months
in terms of a) monthly mean deviation from the long-term mean and b) monthly standard
deviation relative to the long-term mean d with the dashed line denoting the monthly mean
levels across the sites.

5.2.3 Bivariate Models

The bivariate models address the impacts of both solar elevation and atmospheric turbidity.

Therefore, their calibration performance should also peak in the summer but also follow the

variability of surface colour the most closely. The median-site curve of M2_26 shown in Figure

5.2 is indeed well aligned with the pattern of the inter-week ρd variability with the exception

of month 8. The drop occurring in month 8 can be traced back to the random variability

in the month’s distribution of the performance indicators. In month 8, model performance

quickly deteriorates after the best-performing half of the sites. At the median, the slope of

the performance deterioration is high making the median summer performance of M2_26

unstable. The site-mean performance, in turn, closely follows the inter-week ρd variability.

The calibration performance of M2_20 appears to behave in the same way as that of M2_26.

However, with the six fitting parameters, one-week M2_20 calibration tends to overfit and,

hence, the model is not comparable with the other bivariate models.

5.3 Atmospheric Turbidity

Figure 5.5 presents the results of the analysis of the joint impact of d and solar elevation at

each site’s most frequent ρd levels. The analysis method is described in section 2.3 in more
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detail. The figure gives campaign timing recommendations that are specific to the selected

site, calibration season, and model. The sites are categorised based on their sky clarity, which

is quantified with the long-term average diffuse irradiance fraction (d). As explained in section

2.3, it can be assumed that there is no variability in surface colour within each site-specific

dataset. The results shown in the figure are valid only for snow-free ground surfaces. The

calibration season refers to the three data subsets dividing the range of weekly minimum

θz into three equally long intervals. The adopted season terminology roughly matches with

the actual seasons at the temperate sites. At the polar and tropical sites however, the link is

distorted by the polar night and the annual double peak of solar noon elevation, respectively.

Finally, the timing parameter itself is the weekly mean d normalised such that it takes on a

value of zero at the minimum and a value of one at the maximum.

Figure 5.5 – Recommended periods for ρ model calibration based on model category (column),
average diffuse fraction over the year (d) (rows) and season (cells). The recommended periods
are defined by a range of normalised weekly mean diffuse fraction. In Gobabeb for instance, d
is equal to 0.26 (first row). Hence, the calibration of, say, a univariate model (second column)
should preferably be performed in the summer for a period whose normalised weekly mean d
is greater than 0.85 (first line in cell). Since its weekly mean d ranges between 0.14 and 0.55
over the year, this means a recommended period for calibration is a summer week with a
mean d greater than 0.49 ((0.55−0.14) ·0.85+0.14).

The recommended ranges presented in Figure 5.5 are derived by analysing the dependence of

the increase in weekly MAE from that of each site’s minimum-MAE week on the site-range-

normalised weekly mean d . The ranges given in Figure 5.5 represent the conditions under

which the MAE increase is at most 5 per cent. The MAE increase patterns are presented for

models M0_4, Mz_23, and M2_26 in Figures 5.6-5.8, respectively. Figures 5.6-5.8 agree with

the robustness findings discussed in more detail in section 5.4: the simpler the model is, the

less dependent its performance appears to be on the calibration period and, consequently,

the wider the recommended mean d ranges are.
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5.3.1 Constant Models

Figure 5.6 shows that regardless of a site’s long-term mean d , d does not have a major impact

on the summer calibration performance of M0_4. On the one hand, at clear-sky sites, the

relatively narrow d range does not cover levels that are sufficiently high to shift the ρ esti-

mate significantly upwards. On the other hand, with increasing site cloudiness, the seasonal

variability in calibration performance is reduced and eventually obliterated. In the winter,

the same d levels appear to have a larger but inverse effect due to the lower solar elevation

and the presumably U-shaped relationship between ρ and θz. A calibration campaign under

particularly clear winter skies at a clear-sky site seems to result in strong overestimation with

constant models. The clear-sky winter calibration weeks should also be avoided at the other

sites where, though, such weeks are, by definition, less frequent. That is why clear-sky winter

weeks actually have, relatively speaking, the worse impact on calibration performance, the

cloudier the site is. As a geographically generalised guideline, constant ρ estimation should

not be done over a winter-time calibration period whose mean d is below 0.5.

5.3.2 Univariate Models

Figure 5.7 shows the isolated impact of weekly mean d on calibration performance with

Mz_23, a univariate model. In contrast to the constant models, there is no proportionality

between d and the winter calibration performance of univariate models at clear-sky sites. In

the case of constant models, atmospheric turbidity attenuates the solar-elevation-induced

overestimation in the winter. Univariate models, in turn, address the solar elevation depen-

dence as if the surface was under black-sky conditions. The clearer the sky conditions are,

the more accurately the model can, therefore, estimate the dependence. This is more so in

the summer when sites are exposed to the widest range of solar elevations — especially if the

model’s base ρ(θz,d) instance is ρn as is the case with Mz_23. In reality however, daytime

black-sky conditions cannot exist on the Earth. The calibration of a univariate model under

very clear skies tends to result in underestimating, "quasi-black-sky" parametrisations. Higher

d appears to increase ρn estimates, thereby, improving summer calibration performance at

clear-sky sites. In the winter, it is more difficult for the model to capture the dependence,

for which reason also the impact of d becomes ambiguous. At an occasionally cloudy site,

the situation changes, however: there are also highly turbid weeks and the weeks with very

clear sky conditions become rare. When calibrated under highly turbid sky conditions at

such a site, a univariate model cannot capture any solar elevation dependence reducing to

a constant model. Finally, at frequently cloudy sites, the constant model can, in fact, be the

most appropriate option simply because most of the time, the solar elevation dependence

is abated by clouds. At such sites, the clear sky conditions that allow for the calibration to

capture the dependence result in excessively variable estimates.
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Figure 5.6 – Dependence of model M0_4 calibration performance on diffuse irradiance fraction
with unchanged surface colour.

5.3.3 Bivariate Models

The bivariate models aim to capture the impact of d on ρ. With univariate models, a wider

range of solar elevations tends to improve calibration performance. Accordingly, a wider range

of d levels can, thus, be hypothesized to contribute to the calibration performance of bivariate

models. It turns out, however, that a bivariate model’s likelihood to capture the correct solar
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Figure 5.7 – Dependence of model Mz_23 calibration performance on diffuse irradiance
fraction with unchanged surface colour.

elevation dependence is clearly more important for calibration performance. Bivariate models

are capable of weighting the estimated solar elevation dependence with d , thereby, solving the

univariate models’ problem of underestimating, quasi-black-sky parametrisations. As a result,

the particularly clear summer weeks of clear-sky sites offer the best calibration conditions for

bivariate models in spite of the lower intra-week d variability, which is positively correlated

with the weekly mean d . Clouds being rare at such sites, the effect of d is largely integrated
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Figure 5.8 – Dependence of model M2_26 calibration performance on diffuse irradiance
fraction with unchanged surface colour.

in the solar elevation dependence. At occasionally cloudy sites, the bivariate models run at

the same risk as the univariate models when calibrated under highly turbid sky conditions.

The solar elevation dependence cannot be easily captured resulting in parametrisations

underperforming at clear-sky conditions. As the primary factor of d variability is cloudiness

instead of solar elevation, the consideration of the independent impact of d by means of a

bivariate model tends to always improve the long-term estimation accuracy. When the solar
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elevation dependence cannot be properly captured however, this gain is not realised. This

behaviour applies even to the frequently cloudy sites.

5.4 Guidelines for Calibration with Inflexible Timing

Often, there is little flexibility within a project’s schedule for timing the campaign period

making the above guidelines futile. With decreasing flexibility, the robustness of the chosen

model against the changes in calibration season becomes more important. Since the full-

database-based estimates are nearly unbiased, the robustness of the models can be quantified

by the MBE variability between the parametrisations obtained with the different calibration

periods. Figure 5.9 shows the standard deviations of the obtained MBE levels across all

one-day (5.9a) and one-week (5.9b) calibration periods. The constant and univariate model

examples included in Figure 5.9 are not the same as the models included in Figure 5.1. This

is because while M0_4 and Mz_23 are the most common best-performers with calibration

datasets representing long-term conditions, M0_5 and Mz_8 are, on average, slightly more

robust against the changes in calibration season.

The figure verifies the intuition that the shorter the calibration period, the more attractive

the models with fewer predictors become. Though, this effect is visible only in the case of

the daily calibration period. When the calibration has to be performed merely based on

the measurements of one day, the constant model is clearly an uncertain choice only at the

most non-Lambertian site, Chesapeake Light. The performance of model M2_20, in turn,

seems highly unpredictable with one-day calibration at almost all sites. With a one-week

measurement campaign, the superiority of M0_5 is less obvious. At the general level however,

the outcome remains the same: on average, M0_5 provides the most robust performance with

Chesapeake Light as the only site where the model’s robustness is clearly worse than that of

the time-variant models.

Conclusion

This chapter gave guidelines for timing a measuring campaign for calibrating ρ models.

Calibration performance is affected by the timing of the measuring campaign because the

distributions of measuredρ data tend to follow seasonal variability - both due to solar geometry

and surface colour. Regardless of the chosen model, calibration in the summer half of the year

tends to provide the best-performing parametrisations. This can be attributed to the large

weight of summer conditions in the long-term average daytime conditions and the higher

inter-week variability in surface colour in the autumnal half of the year. Time-variant models

favour summer months also because of the wide range of solar elevations. The impact of

diffuse irradiance fraction (d) strongly depends on the number of predictors considered. With

constant models, winter-time calibration periods with mean d below 0.5 is likely to result in

severe overestimation. By contrast, the particularly clear skies together with frequent low ρd
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Figure 5.9 – Standard deviation of relative mean bias of the estimates of four surface reflectance
models calibrated based on a) one day of measurements and b) one week of measurements.
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levels make early-autumn calibration weeks particularly prone to underestimation in the case

of constant models. The calibration of univariate models, in turn, is not recommended under

clear-sky conditions at clear-sky or frequently cloudy sites due to the risk of underestimating

parametrisations. As for the bivariate models, the clearer the skies are during the calibration,

the higher is the estimation accuracy of the resulting parametrisation. A bivariate model’s

likelihood to capture the correct solar elevation dependence was found to be clearly more

important for calibration performance than the possibilities to capture the dependence on d .

When there is no flexibility in timing the measuring campaign, simple models form the most

robust estimation method against the seasonal variability of ρ. The geometric mean, M0_5,

was found to be the most robust option at most sites.

This part of the thesis dealt with the estimation of ground surface reflectance first reviewing

the different models for ρ estimation (chapter 1) and describing the construction of a global

database of ρ measurements (chapter 2). The reviewed models were evaluated against the

collected data resulting in model recommendations for each considered surface type (chapter

3). On a global average, data-driven estimation was found to improve the MAE of ρ estimates

by 20-40 per cent compared to the literature-based estimates. The database was further used

to obtain parametrisations that can be used as geographically generalised estimators of time-

variant ρ (chapter 4). Nevertheless, when possible, ρ measurements should be used instead

of the general parametrisations or library estimates as the measurement-based estimation

was found to provide clearly superior accuracy. This is the case of large databases, however.

If the measurements cover a period that does not represent the site’s long-term conditions

well, the resulting accuracy may be even worse than what the literature-based estimates

would provide. This is where, finally, the discussion of this chapter comes to the picture. In

summary, the optimal strategy of estimating ρ at a site of interest depends on the surface type

and the latitude of the site, whether it is important to capture the temporal ρ variability or

aggregated (daily or monthly) estimates would suffice, whether there are resources available

for a measuring campaign, and whether there is flexibility in timing the campaign.
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6 Forecasting Soiling Loss in Photo-
voltaic Systems: Motivation and State
of the Art
The impact of soiling on the performance of solar modules, its estimation and mitigation, is

one of the most researched topics in the field of PV system performance modelling (reviewed

by, e.g., Mani and Pillai, 2010; Mekhilef et al., 2012; Sarver et al., 2013; Darwish et al., 2015;

Costa et al., 2016; Maghami et al., 2016; Zaihidee et al., 2016; Figgis et al., 2017; Said et al., 2018;

Costa et al., 2018). The purpose of this chapter is not to give a comprehensive review of the

work done in the field. The particular focus of the chapter lies on the predictive estimation of

soiling loss based on system and ambient parameters that are accessible to any operator of PV

systems. Section 6.1 first motivates the need for the predictive estimation by discussing the

challenges of the existing approaches to managing the impact of soiling. The previous work

done on soiling loss prediction is reviewed in section 6.2.

6.1 Benefits of Soiling Forecast

Dust and dirt particles that accumulate on solar module surfaces tend to reduce the modules’

output power by either absorbing or scattering away light. The reduced flux of photons

primarily induces a current drop that is commonly referred to as soiling loss. In 2019, the

most common method of mitigating soiling loss in commercially operated PV systems was

still the cleaning of solar modules (Ilse et al., 2019b). The modules can be cleaned manually by

a cleaning crew, semi-automatically by cleaning robots that are manually moved from one PV

array to another, or, more rarely, by means of a fully-automated cleaning system (Ilse et al.,

2019b). Although the market share of the fully automated systems is rapidly growing, less than

one per cent of the global PV capacity is expected to be equipped with them still in 2022 (Ilse

et al., 2019b). Therefore, the soiling mitigation techniques deployed by PV project developers

and plant operators can be expected to be concentrated on the manual and semi-automated

cleaning still for several years to come.

Being dependent on manual labour, the operating cost of manual and semi-automated clean-

ing is strongly dependent on the required cleaning frequency. As per informal discussions

with industry experts, PV systems of a capacity less than 50 MWp typically rely on a regular
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cleaning schedule, which may be seasonally adjusted. The adjustments are made based on

a comparative analysis of long-term power output time series of arrays or power blocks that

follow different cleaning strategies. Via the analysis, a cleaning strategy that is economically

optimal in the long term can be identified. Due to the long-term planning horizon, little scope

exists for short-term optimisation of cleaning costs. The costs may only experience seasonal

variability if any. Larger power plants normally rely on measuring equipment that monitor

soiling loss in real time. When the measured soiling level reaches certain threshold value, the

cleaning activity is started in the part of the plant allotted to the instrument. The value of

this threshold is a result of long-term techno-economic optimisation. Although the need for

cleaning can be estimated more accurately than with a regular cleaning schedule, sufficient

labour resources still need to be continuously secured near the plant in order to respond to

the identified cleaning need in a timely fashion.

In order to fully optimise the cleaning activities, predictive planning would be required. There

is no need for a fixed reserve of labour based in the vicinity of the plant if instead of monitoring

soiling loss in real time, a time series of estimated soiling loss could be generated for the

next few days. The forecasting of soiling loss would enable a more flexible allocation of

labour to other maintenance activities and make it easier for maintenance contractors to

share employees between PV power stations that are not immediately next to each other and

are possibly exposed to different soiling conditions. Hence, the cleaning activities could be

optimised for a fleet of power plants instead of a single plant.

In addition to enabling the short-term optimisation of cleaning activities, the capability of

deriving soiling loss estimates from publicly accessible atmospheric data would also benefit

the feasibility assessment of PV projects. Instead of organising soiling monitoring campaigns

at the various sites considered for PV project development, numerical weather prediction

(NWP) and publicly available re-analysis products of atmospheric chemistry transport models

could be used to generate one more column in the sites’ typical meteorological year (TMY)

datasets specifying the hourly soiling rate i.e., change in soiling loss. This would make it

possible to understand the seasonal soiling loss differences already at the pre-feasibility stage

of the project. To further reduce the NWP-related uncertainty, the modelled soiling ratio

estimates could be corrected for micro-climatic effects by comparing the re-analysis products

with measurements from short soiling monitoring campaigns.

A soiling loss model that takes into account the effect of array configuration in terms of, (,

e.g.,) mounting method would make it possible to optimise the plant design for a site also

considering seasonally variable soiling conditions. In the commonly used PV performance

simulation programmes, soiling loss is taken into account as a single multiplier applied to

the array output power (PVsyst SA, 2018b; Gilman et al., 2018). This approach rules out any

possibilities for the consideration of the impact of the plant’s design on soiling loss.

In summary, a model for forecasting soiling loss would benefit both the optimisation of PV

plant operation and the comparative feasibility assessment of different site-design combina-

80



6.2. Prior Art

tions. The prior work done on developing such a model is reviewed in the next section.

6.2 Prior Art

An overview of the literature contributing to forecasting soiling loss is given in subsection 6.2.1.

A majority of this literature actually targets other applications. The actual models proposed

for the estimation of soiling loss based on system parameters and publicly accessible ambient

data are discussed in subsection 6.2.2.

6.2.1 Model Components

Many of the studies discussed in the previous literature reviews (e.g., Mani and Pillai, 2010;

Mekhilef et al., 2012; Sarver et al., 2013; Darwish et al., 2015; Costa et al., 2016; Maghami et al.,

2016; Zaihidee et al., 2016; Figgis et al., 2017; Said et al., 2018; Costa et al., 2018) focus on

reporting soiling rates and dust characteristics measured for various ambient conditions and

module geometries. Another popular topic is the mitigation of soiling. From the viewpoint of

the forecasting of soiling loss, the most relevant studies are the ones that provide validated

modelling tools for the physical processes involved in soiling. Considering the vast amount

of soiling-related literature, it is surprising that there are only a few proposals for modelling

soiling loss based on publicly accessible meteorological data. These proposals are described

in more detail in the next subsection 6.2.2. The remaining modelling-related papers focus on

specific parts of the full forecasting process.

Figure 6.1 presents the structure of an envisioned model for forecasting soiling loss caused

by dust particles that accumulate on the surface of a solar module. The diagram represents

the author’s view of how a physical soiling loss model should be structured. It is built drawing

on the previous literature reviews touching on the topic — most importantly those of Picotti

et al. (2018a) and Ilse et al. (2018a). The structure refers to a physical model. With data-driven

models, some or all of the model components can in principle be replaced by mathematical

relations empirically linking the available input data to the chosen indicator of soiling loss.

In the initial phase of this thesis project, the correlation of soiling loss with system-specific

parameters, basic meteorological variables measured in situ, and satellite measurements

was investigated (Tuomiranta et al., 2017b). In the study, soiling loss was measured as the

difference in module short-circuit current between a clean module and a soiled one. Eight

different module inclinations were covered. As can be seen in Figure 6.2, the correlation

coefficients were found to be low even for the time (tw) spent since the last cleaning. This

indicates that the temporal variability of dust deposition can be so high that a regular cleaning

frequency can result in very different soiling levels depending on the date of cleaning.

The continuation of the study showed that vertical dust deposition flux (Jp), in turn, has a

much higher correlation with soiling loss than the parameters shown in Figure 6.2 (Tuomi-
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Figure 6.1 – Component diagram illustrating the components required for the estimation of
soiling loss based on publicly accessible ambient data with component-specific input and
output parameters denoted in red.

Figure 6.2 – Correlation coefficients calculated between soiling-induced loss in module short-
circuit current and various ambient, satellite-measured, and experimental design parameters
over the exposure time of the soiled modules in Abu Dhabi in October-December 2016. (tw:
time spent from the previous cleaning of the soiled module, tsd: time spent from the previous
cleaning of the clean module, βpoa: module inclination angle, θ: solar angle of incidence,
φ: average relative humidity, φmax: maximum relative humidity, Ta: average ambient air
temperature, d : average diffuse irradiance factor, T04-11: average values of Meteosat’s SEVIRI
channels for brightness temperature, HRV: average value of Meteosat’s SEVIRI High-Resolution
Visible channel (broadband)).

ranta et al., 2018). The two initial studies, therefore, suggest that soiling loss cannot be reliably

predicted without considering dust deposition flux. Luckily, Jp is output by publicly available

atmospheric chemistry transport models such as WRF-CHEM (Grell et al., 2005; Fast et al.,

2006; Powers et al., 2017) and CHIMERE (Menut et al., 2013; Mailler et al., 2017). Hence, the re-
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quired interfaces for external input data (system and publicly accessible ambient parameters)

included in the component diagram of Figure 6.1 should always involve Jp.

The shortage of existing models covering the entire modelling process illustrated in Figure 6.1

is likely to be due to the traditionally poor linkages between the scientific disciplines dealing

with each component. To the author’s knowledge, there are only two review studies (Picotti

et al., 2018a; Ilse et al., 2018a) that cover the physics involved in soiling loss estimation starting

from the first step of the estimation of dust deposition flux.

The contributions to the first component, "Particle deposition estimation", are concentrated

on the studies of atmospheric chemistry with applications in, (, e.g.,) radiative transfer and

air pollution modelling (e.g., Slinn and Slinn, 1980; Wesely, 1989; Zhang et al., 2001). In these

studies, the relevance of deposition is in its role as the removal process of airborne aerosols.

The proposed deposition models are normally used at a resolution that is much coarser than

the scale of a single PV array. Indeed, the atmospheric chemistry transport models typically

assume that the surface receiving the depositing particles is horizontal. A notable exception

here is the model proposed by Biryukov (1998) for the estimation of dust deposition onto the

mirrors of solar collectors. The model uses the same terminology as the larger-scale models,

thereby, bridging the research domains of atmospheric chemistry transport and terrestrial

solar energy. When estimating the dust deposition onto a PV array, it is important that the

impact of the array’s geometry is taken into consideration because it is very rare that PV arrays

are installed horizontally.

The model components following "Particle deposition estimation" in Figure 6.1 are "Particle

rebound estimation" and "Particle resuspension estimation". While rebound occurs at the

very moment of a particle impacting on a surface, resuspension takes place afterwards due to

the various external forces acting on the particle lying on the surface. These two processes

are naturally important also for the atmospheric chemistry transport models. However, these

large-scale models typically consider the two at a macroscopic level using global datasets

relating land cover data to model coefficients. This approach makes it difficult to infer the

impact of, (, e.g.,) the solar array’s geometry or surface properties on the resuspension of dust

particles. There are also numerous studies where these processes are analysed at a microscopic

level. These studies often represent the disciplines of interface and adhesion science (e.g.,

Pakarinen et al., 2005; Asay and Kim, 2006; Katainen et al., 2006) with example applications in,

(, e.g.,) particulate contamination of semidonductor devices and xerography. There is also a

large amount of aerosol-related research bridging the macroscopic and microscopic worlds

(e.g., Ibrahim et al., 2003; Ahmadi and Guo, 2007; Brambilla et al., 2017). However, solar energy

is not a popular application area of these models.

The fourth component included in Figure 6.1, "Particle accumulation estimation", simply

involves the joint consideration of the deposition, resuspension, and rebound fluxes in order

to estimate the time series of the amount of dust accumulated on the surface. The fifth

component, "Light attenuation estimation", finally brings the majority of the solar-energy-
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related literature into the picture. Most of these studies investigate soiling as an optical

phenomenon analysing the effect of the area density of dust particles on the transmittance of

the dust layer and, further, on the power generated by the solar module (e.g., Al-Hasan, 1998;

Piedra et al., 2018).

6.2.2 Complete Models

This subsection goes into a higher level of detail by describing all the models that cover the

entire process of soiling loss prediction as illustrated in Figure 6.1. Only four physical or

semiempiral models (Qasem, 2013; Picotti et al., 2018b; Wolfertstetter et al., 2019; Coello and

Boyle, 2019) form the state of the art in the specified topic. The purely data-driven models,

based on artificial neural networks (Javed et al., 2017; Laarabi et al., 2019) for example, are not

considered. The reason is that these models typically by-pass the physical structure presented

in Figure 6.1 by directly linking inputs to outputs. This makes it tedious if not impossible to

derive information about the physical processes based on the published descriptions of the

models.

Qasem (2013) was the first to propose a physical soiling loss model that is based on dust

deposition flux and meteorological parameters. The model uses the formulations of Biryukov

(1998) to cover the first four components of the diagram in Figure 6.1. Due to the unavailability

of the original reference for the deposition flux formulations (Williams and Loyalka, 1991,

p. 327), the level of detail of the deposition component of Qasem (2013) is not clear. While

the approach entails detailed estimation of light attenuation, the estimation of rebound and

resuspension fluxes is reduced to a constant referred to as the efficiency of particle attachment

to the surface (Biryukov, 1998). The value of this constant is based on the measurements of

Biryukov (1998). Via the deposition model of Biryukov (1998), Qasem (2013) also captured

the effect of array geometry. For the light attenuation component, Qasem (2013) proposed a

spectrally resolved model based on Mie scattering simulations.

Boyle et al. (2016) proposed a semiempirical model that first estimates dust deposition flux

physically following the model of Zhang et al. (2001), which, in turn, is based on the model

of Slinn (1982). This model is designed for large-scale applications and does not, therefore,

capture the effect of array geometry on dust deposition flux. Boyle et al. (2016), however,

recognised the need for the consideration of the effect in order to capture the observed

decrease in dust deposition with increasing module inclination angle from horizontal. Boyle

et al. (2016) captured the resuspension and rebound fluxes by a constant, empirically derived

correction factor for the fraction of particles that stick to the surface. Light attenuation is, in

turn, estimated in their model by deploying the empirical relation between soiling loss and

the area density of deposited dust particles proposed by Hegazy (2001). The model of Coello

and Boyle (2019) directly descends from the model of Boyle et al. (2016). Coello and Boyle

(2019) changed the deposition model to that of Seinfeld and Pandis (2016) and also included

the dependence of deposition flux on module inclination angle following the observations
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of Boyle et al. (2016). When referring to this model below in this thesis, only the reference to

Coello and Boyle (2019) is used.

While Qasem (2013) and Coello and Boyle (2019) designed their models for solar modules,

Picotti et al. (2018b) developed a physical soiling loss model for mirrors that are used in solar

thermal applications. Nonetheless, at the level of Figure 6.1, the model follows the same

structure as the soiling loss models for PV applications. Also this model incorporates the

dust deposition model of Zhang et al. (2001). Picotti et al. (2018b) modified it to additionally

consider tilted mirror surfaces in the same way as Coello and Boyle (2019). As for particle

resuspension, among the reviewed four models, the model of Picotti et al. (2018b) is the first

(and only) one to estimate the actual adhesion and removal forces acting on the deposited

dust particles. The model incorporates the estimation of Van der Waals and gravitational

forces. In order to model the optical effect of the dust layer, Picotti et al. (2018b) adapted the

model of Al-Hasan (1998) to estimate the reduction in the reflectance of the mirror surface.

Wolfertstetter et al. (2019) proposed another model for predicting the soiling loss of mirrors.

This model is the fourth and the last complete soiling loss model found to exist in the literature.

Their dust deposition component is based on the same principles as those of the three other

models. However, they simplify the model to only apply to a situation where the input Jp time

series is based on measurements made right at the mirrors. This weakens the applicability of

the model to the NWP-based simulation. On the other hand, the model is the only one among

the four to also consider the direct impact of horizontal wind on dust deposition. The impact

of mirror inclination is considered in the same way as in the model of Qasem (2013) (Biryukov,

1998). As Qasem (2013) and Coello and Boyle (2019), Wolfertstetter et al. (2019) also considered

the resuspension and rebound components by means of an empirical constant. The light

attenuation model, in turn, is a simplified version of the model of Picotti et al. (2018b).

Figure 6.3 presents findings from a preliminary experiment run in 2016 (Tuomiranta et al.,

2017b). In addition to the shape of the diurnal pattern, the results show that the pattern is

intensified with exposure time. Since the PV-specific models of Qasem (2013) and Coello and

Boyle (2019) do not take the incidence angular effect into consideration, they would predict

SR to decrease monotonically with time. Therefore, if a new model was to be developed, it

should be designed to capture this diurnal pattern of soiling ratio.

Conclusion

This chapter first motivated the attempts to predictively estimate soiling losses. Second, it

reviewed the state of the art of the predictive estimation. Each of the reviewed four models

has their strengths and weaknesses. Therefore, it would be interesting to attempt to combine

the strengths of all the models and additionally include new elements to further improve the

forecasting accuracy. This attempt was made in the context of this thesis project by developing

a new physical model described in chapter 7.
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Figure 6.3 – Diurnal variability of soiling loss (1 - SR) and its evolution throughout a weekly
exposure period.

86



7 Physical Model for Forecasting Soiling
Loss

This chapter describes a new physical model for forecasting soiling-induced loss in PV power

generation based on numerical weather prediction (NWP). The model is built on the state of

the art presented in section 6.2.2. Section 7.1 describes a model for estimating the deposition

flux of dust particles onto the surface of a PV array. The accumulation of dust on the surface is

predicted by a model presented in section 7.2. Finally, the light attenuation model introduced

in section 7.3 can be used to produce a PV soiling loss time series based on the density of the

dust accumulated on the array surface.

7.1 Particle Deposition

The particle deposition model presented in this section enables the estimation of dust deposi-

tion flux on an arbitrarily oriented solar module surface based on basic parameters output

by NWP models for atmospheric chemistry, such as WRF-CHEM (Grell et al., 2005; Fast et al.,

2006; Powers et al., 2017) or CHIMERE (Menut et al., 2013; Mailler et al., 2017). The NWP-

estimated vertical dust deposition flux (Jp) is valid for the deposition onto upward-facing

horizontal surfaces. The present deposition model’s role in soiling loss estimation is to, first,

divide Jp into two components: one driven by gravity (i.e., sedimentation) and the other one

by the remaining deposition mechanisms i.e., turbulent and inertial deposition as well as

Brownian motion. Second, the model addresses the impact of horizontal wind, which does

not contribute to Jp but does influence the deposition onto inclined surfaces.

This treatment is essential for estimating the impact of the tilt angle (βpoa) of the plane of a

solar array (POA) on the dust deposition flux incident on the POA (Jp,poa↓). The novelty of the

proposed model is in this very application. Because of the vertical direction of the force of

gravity, the sedimentation part of Jp,poa↓ decreases linearly with the cosine of βpoa. By contrast,

the direction of turbulent diffusion and Brownian motion is constantly changing. Hence, all

else unchanged, these latter deposition mechanisms should not be affected by βpoa. Qasem

et al. (2014) (Biryukov, 1998) and Wolfertstetter et al. (2019) followed this same approach when

estimating Jp,poa↓. However, Picotti et al. (2018b) and Coello and Boyle (2019) simply assumed
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that Jp,poa↓ = Jp cosβpoa. Given the above reasoning about the βpoa dependence of Jp,poa↓, this

assumption can be expected to result in a systematic underestimation of Jp,poa↓ especially

in the case of close-to-vertical and downward-facing surfaces. In bifacial photovoltaics for

example, deposition onto the downward-facing surfaces i.e., the modules’ rear surfaces is

also relevant. Furthermore, in the presence of horizontal wind at an inclined POA, deposition

velocity can be expected to change depending on the orientation of the POA with respect to

the wind direction. In the state of the art, the contribution of horizontal wind to Jp,poa↓ is only

considered in the model of Wolfertstetter et al. (2019). Regardless of the modelling approach,

for an upward-facing horizontal POA (βpoa = 0), Jp,poa↓ is equal to Jp.

The deposition model’s input and output parameters are specified in Table 7.1. In addition

to Jp,poa↓, the table lists the other output parameters required by the subsequent modelling

steps of particle rebound, resuspension, and adhesion (see section 7.2). Because of these other

output parameters, the modelling steps presented in this section are needed even if βpoa = 0.

The table also specifies which parameters may have a temporal dimension and which are

constant. In addition, for input parameters, the envisioned sources of the parameter values

are given: NWP model, literature, or the user.

Table 7.1 – Input and output parameters of the proposed particle deposition model.

Model input parameters Model output parameters

name and symbol unit dim. source name and symbol unit dim.

vertical dust de-

position flux (Jp)
kgs−1 m−2 TS NWP

dust deposition

flux incident on

the POA (Jp,poa↓)
kgs−1 m−2 TS

ambient air dry-

bulb temperature

(Ta)

K TS NWP

POA-normal par-

ticle deposition

velocity (vp,poa↓⊥)
ms−1 TS

ambient air rela-

tive humidity (φ)
1 TS NWP

ambient air den-

sity (ρa)
kgm−3 TS

ambient air pres-

sure (pa)
Pa TS NWP

friction velocity

(u∗)
ms−1 TS

wind speed (va) ms−1 TS NWP
Cunningham slip

factor (CC)
1 TS

wind direction

clockwise from

due north (φva )

rad TS NWP

ambient air kine-

matic viscosity

(νa)

m2 s−1 TS

global horizontal

irradiance (G)
Wm−2 TS NWP

horizontal wind

speed at POA

height above

ground level

(va,poa)

ms−1 TS
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particle diameter

(dp)
m C lit.

ambient air ther-

mal conductivity

(κa)

kgms−3 K−1 TS

particle mass den-

sity (ρp)
kgm−3 C lit.

ambient air spe-

cific heat capacity

(ca)

m2 s−2 K−1 TS

ground surface

momentum

roughness length

(z0m)

m C lit.
gravitational

acceleration (g )
ms−2 TS

height above

ground level

(zva ) where va is

estimated

m C NWP

POA height above

ground level

(zpoa)
m C user

POA inclina-

tion angle from

horizontal (βpoa)
rad C user

azimuthal POA

orientation angle

clockwise from

due north (φpoa)

rad C user

site latitude ° C user

C, constant; dim., dimension; lit., literature; NWP, numerical weather prediction; POA, plane of array; TS, time

series.

The first subsection (7.1.1) defines the general framework for estimating Jp,poa↓ based on

NWP-predicted Jp. The proposed transposition model for dust deposition flux is based on

the separation of Jp,poa↓ into four deposition mechanisms, each of which is discussed in its

own subsection (7.1.2-7.1.5). The last subsection (7.1.6) shows the importance of the capture

of time-variant atmospheric instability for Jpoa↓ estimation. Accordingly, the subsection

introduces new empirical land-atmosphere interaction models for hot desert conditions.

7.1.1 Transposition of Dust Deposition Flux

Vertical dust deposition flux (Jp) quantifies the rate at which airborne particles are deposited

onto an upward-facing horizontal surface. In (7.1), Jp is accordingly expressed as the product

of the ambient airborne dust concentration (Cp,a) and the deposition velocity (vp) of the dust
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Figure 7.1 – Electrical circuit analogy of dust deposition onto an arbitrarily oriented surface
with vp,s,poa⊥ referring to the surface-normal component of steady-state settling velocity,
va,poa⊥ to the surface-normal component of horizontal wind speed immediately above quasi-
laminar layer, ra to aerodynamic resistance, and rb to quasi-laminar layer resistance.

particles.

Jp =Cp,avp =Cp,a

(
vp,s + 1

ra + rb + rarbvp,s

)
, (7.1)

where vp,s stands for steady-state settling velocity, ra for aerodynamic resistance, and rb for

quasi-laminar layer resistance.

vp can be separated into the sedimentation (vp,s) and diffusion ( 1
ra+rb+rarbvp,s

) components

in the case of an upward-facing horizontal surface as stated in (7.1). The turbulent motion

resisted by ra is dominant in the atmospheric surface layer down to the upper boundary of the

layer of stagnant air adjacent to the surface i.e., quasi-laminar boundary layer. There is no

turbulence in this quasi-laminar layer but the particles can be further transported through it

by their inertia and Brownian motion, which are resisted, in turn, by rb. This representation is

based on the widely used electrical circuit analogy (e.g., Slinn and Slinn, 1980; Wesely, 1989;

Seinfeld and Pandis, 2016; Picotti et al., 2018b). Figure 7.1 illustrates a novel generalisation of

this analogy to an arbitrary surface orientation.

In addition to the sedimentation and turbulent diffusion pathways relevant for horizontal

surfaces, Figure 7.1 depicts a third pathway caused by the surface-normal component (va,poa⊥)

of the horizontal wind speed immediately above the viscous, quasi-laminar boundary surface

layer. Within this viscous sublayer, wind speed is assumed to quickly decrease to zero when

approaching the surface. Horizontal wind does not deposit particles onto horizontal surfaces
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(va,poa⊥ = 0) just as there is no sedimentation onto vertical surfaces (vp,s,poa⊥ = 0). In the

generalised analogy, vp,s of the horizontal scenario is accordingly replaced by its surface-

normal component vp,s,poa⊥.

Considering the above discussion of the βpoa dependence of the dust deposition flux incident

on the POA (Jp,poa↓) and the electrical analogy presented in Figure 7.1, Jp,poa↓ can be estimated

as defined in (7.2).

Jp,poa↓ =Cp,a max(0, vp,poa↓⊥)

=Cp,a max

(
0, vp,s,poa⊥+ 1+ rava,poa⊥

ra + rb + rarb max(0, vp,s,poa⊥+ va,poa⊥)

)
, (7.2)

where vp,poa↓⊥ stands for the component of particle velocity normal to the POA.

In (7.2), Cp,a can be easily replaced by a function of Jp by using (7.1). The three terms of (7.2)

represent the deposition pathways via sedimentation (vp,s,poa⊥), diffusion ( 1
(ra+rb+rarb max(0,vp,s,poa⊥+va,poa⊥) ),

and horizontal wind (
rava,poa⊥

ra+rb+rarb max(0,vp,s,poa⊥+va,poa⊥) ). The derivation of vp,poa↓⊥ is presented in

Appendix (A.1)-(A.4). Since vp,s,poa⊥ and va,poa can take on negative values, also vp,poa↓⊥ can

become negative. However, Jp,poa↓ cannot be negative by definition. That is why the minimum

of (7.2) is set at zero.

7.1.2 Sedimentation

vp,s is often referred to as the Stokes velocity as its calculation is based on the Stokes’ law for

drag force. Its component normal to the POA (vp,s,poa⊥) is defined in (7.3). The equation can

also be applied to downward-facing surfaces by extending βpoa beyond 90°. The resulting,

negative vp,s,poa⊥ over downward-facing surfaces has to be compensated by the wind-driven

deposition or turbulent motion in order for any deposition to occur.

vp,s,poa⊥ = vp,s cosβpoa =
dp

2ρpgCC

18µa
cosβpoa,βpoa ∈ [0,π], (7.3)

where dp stands for particle diameter, ρp for particle density, g for gravitational acceleration,

and µa for the dynamic viscosity of ambient air.

µa is a function of the temperature (Ta), relative humidity (φ), and pressure (pa) of the ambient

air. To avoid confusion, it should be noted that in this thesis, φ refers to relative humidity

but φi, φr, and φs refer to azimuth angles of incident light, reflected light, and solar beams,

respectively. The µa calculation procedure follows the formulations of Tsilingiris (2008) for

estimating µa of moist air. The Cunningham slip factor (CC) is included in (7.3) as proposed

by Seinfeld and Pandis (2016, p. 407) to improve the vp,s,poa⊥ estimation accuracy especially

with small particles. CC is a function of Ta, pa, µa, and dp. dp and ρp can be selected for

the specific site of interest based on measurements or literature references. For a more

realistic simulation, dp should actually be considered as a distribution instead of a scalar
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constant. The dp-distribution-based simulation can be performed by binning the measured or

assumed distribution and calculating separate Jp,poa↓ estimates for each bin. The considered

dp distribution should ideally be based on the size distribution of Jp instead of that of Cp,a.

The NWP-based chemistry transport models such as CHIMERE (Menut et al., 2013; Mailler

et al., 2017) usually output particle-size-resolved Jp by default. g depends on site latitude

and can be estimated as proposed by U.S. National Imagery and Mapping Agency (1997), for

example.

7.1.3 Aerodynamic Resistance

Aerodynamic resistance (ra) represents the atmospheric stability that opposes the turbulent

diffusion of airborne particles towards the POA. There are two natural causes of turbulence in

the atmospheric surface layer. First, turbulence emerges from the vertical shear of horizontal

wind caused by surface roughness. The second source is buoyancy caused by the daytime

solar heating of the ground and the resulting steepening of the Ta gradient close to the ground.

Hence, wind speed (va), surface roughness, and solar radiation reduce ra. The model’s ra

definition presented in (7.4) is adapted for the atmospheric surface layer from the general ra

model of CHIMERE (LMD (CNRS) et al., 2017, p. 180).

ra =


1
ku∗

(
ln

(
zva
z0m

)
+4.7(ζva −ζ0)

)
, L ≥ 0

1
ku∗

(
ln

(
zva
z0m

)
+ ln

(
(η0

2+1)(η0+1)2

(ηva
2+1)(ηva+1)2

)
+2(tan−1ηva − tan−1η0)

)
, L < 0

(7.4)

where k is the von Kármán constant with an assumed value of 0.41, u∗ is friction velocity,

zva is the height of va measurements above ground level, z0m is ground surface momentum

roughness length at the site, and L is the Obukhov length. ζva , ζ0, ηva , and η0 are dimensionless

functions of the height parameters with the following formulations: ζva = zva
L , ζ0 = z0m

L , ηva =
4
√

1−15ζva , and η0 = 4
√

1−15ζ0.

The derivation of the unknown parameters of (7.4) are described below.

The only difference of (7.4) compared to CHIMERE’s version is that ra is not calculated as a

function of the height above ground level but as an estimate specific to zva . zva is typically

equal to ten metres, whereas z0m is highly site-dependent ranging from less than a millimeter

on large calm water bodies to more than two metres in cities (Davenport et al., 2000). z0m is the

theoretical height at which the horizontal mean wind speed becomes zero. Below this height,

the flow of air is primarily driven by turbulence. The appropriate z0m for the specific site type

of interest can be found in the literature (e.g., Davenport et al., 2000). u∗ is the measure of

shear in the ambient air flow and it is intensified by z0m and va. Its mathematical formulation

is given in (7.5) and based on LMD (CNRS) et al. (2017, p. 63).

u∗ =
√

fm
kva

ln
(

zva
z0m

) , (7.5)
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where fm stands for a dimensionless stability function proposed by Louis et al. (1981).

L, in turn, addresses the contribution of buoyancy to turbulence as defined in (7.6) (LMD

(CNRS) et al., 2017, p. 64).

L = −Ta,vu∗3

kgQ0
, (7.6)

where Ta,v stands for the virtual temperature of ambient air and Q0 for sensible heat flux.

Ta,v is the temperature at which dry air would have pa and a density (ρa) equal to those of the

real, moist air. The sign of L is always opposite to that of Q0. In the daytime, Q0 is positive

as the ground absorbs solar radiation and dissipates it back to the atmosphere as heat. At

night with the ground surface cooling down, Q0 tends to turn negative. The typical daytime L

levels are, therefore, negative indicating unstable conditions where due to buoyancy, the warm

air close to the ground keeps rising up with the cooler air of the higher atmospheric layers

replacing it. Under stable conditions (L > 0), the Ta gradient is reverse, thereby, preventing

buoyancy at heights below L above the ground.

7.1.4 Quasi-Laminar Layer Resistance

As explained above, quasi-laminar layer resistance (rb) addresses the thin layer of stagnant air

adjacent to the POA. Particle transfer in this quasi-laminar layer is a result of the interaction

between the POA and the ambient air. In contrast to ra estimation, the role of the macroscopic

land-atmosphere interaction is not significant here. A slightly modified version of the rb

formulation of LMD (CNRS) et al. (2017, p. 189) is chosen for the present model. The adapted

formulation is defined in (7.7). The change is related to the term u∗Sc
−1/2 and explained below.

rb = 1

u∗(Sc
−1/2 +10−3/St )

, (7.7)

where Sc is the Schmidt number and St the Stokes number.

Sc is defined as the ratio of the kinematic viscosity of ambient air (νa) to particle diffusivity in

the air (Dp). St is a function of u∗, νa, and particle relaxation time (vp,s,poa⊥/g ) as formulated

by Davenport et al. (2000). The first and second terms of the denominator in (7.7) represent the

velocities of Brownian diffusion and inertial impaction, respectively. The impaction refers to

the process of particles being removed from an air flow due to their inertia when the direction

of the air flow suddenly changes. The Brownian motion term is modified from the u∗Sc
−2/3

of LMD (CNRS) et al. (2017, p. 189) as according to Zhang et al. (2001), the exponent value of

−1/2 is more appropriate than that of −2/3 for smooth surfaces, such as solar modules. The

chosen inertial impaction term is the semiempirical model for smooth surfaces adopted by

LMD (CNRS) et al. (2017, p. 189) and originally proposed by Slinn (1982).
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7.1.5 Horizontal Wind

The POA-normal component (va,poa⊥) of the horizontal wind speed (va,poa) at the POA can be

estimated as shown in (7.8) by using the logarithmic wind profile incorporated in (7.5) along

with the POA geometry.

va,poa⊥ = va,poa sinβpoa cos
(
φva −φpoa

)
=

u∗ ln
(

max(zpoa,z0m)
z0m

)
k
√

fm
sinβpoa cos

(
φva −φpoa

)
,βpoa ∈ [0,π], (7.8)

where zpoa stands for the POA height above ground level, va,poa for the horizontal wind speed

at zpoa, φva for wind direction, and φpoa for the azimuthal orientation of the POA.

φva and φpoa have to be based on the same measuring practice (, e.g.,) clockwise from due

north. From (7.8), it follows that va,poa⊥ can deviate from zero only for non-horizontal surfaces

at zpoa levels that exceed z0m. For such a POA, va,poa⊥ becomes negative if φva differs by more

than 90° from φpoa. Similarly to the case of negative vp,s,poa⊥, negative va,poa⊥ needs to be

compensated by sedimentation and turbulent motion for any deposition to take place.

7.1.6 Considerations of Atmospheric Instability

As specified in (7.6), estimates of Q0 are required for taking into account the impact of buoy-

ancy on ra. In addition, u∗ is a function of ground surface temperature (Tgr) via fm. Physical

estimation of Q0 and Tgr is difficult without the information of the other radiation balance

parameters quantifying the incoming, reflected, and absorbed fluxes of short-wave and long-

wave radiation on the ground. It is not clear how Qasem (2013) (Biryukov, 1998) deals with

the problem as the original reference (Williams and Loyalka, 1991, p. 327) is unavailable.

Picotti et al. (2018b) solve the problem by assuming neutral conditions (Tgr = Ta ⇒ fm = 1;

fm = 1∧Q0 = 0 ⇒ ra =
(
ln

(
zva
z0m

))2
k−2v−1

a , see (7.4)-(7.6)). The approach of Picotti et al. (2018b)

is problematic over highly emissive surfaces or under hot desert conditions where Q0 fre-

quently reaches high levels. At such conditions, the neutrality assumption can be expected

to overestimate daytime ra and, thus, underestimate Jp,poa↓. Coello and Boyle (2019), in turn,

adopt a simple empirical relation L = (
b0 +b1 log10 z0m

)−1 parametrised by Seinfeld and Pan-

dis (2016, p. 699) based on Pasquill (1961), Turner (1969), and Golder (1972). This approach

aims to capture the variability of Q0 by means of the coefficients b0 and b1 that are specific to

discrete stability classes dependent on va and global horizontal downwelling irradiance (G).

Wolfertstetter et al. (2019) assume that ra is always zero, which can be expected to result in

severe overestimation of Jp,poa↓.

Figure 7.2 illustrates the impact of the two primary time-variant factors of atmospheric in-

stability, Q0 and va, on vp (left-hand side) and on the fraction of sedimentation in vp (or in

Jp) (right-hand side) as predicted by the above equations. The figure shows that Q0 has a

94



7.1. Particle Deposition

Figure 7.2 – Simulated impact of sensible heat flux (Q0) and wind speed (va) on total particle
deposition velocity (vp) (left-hand side) and on the fraction of sedimentation in vp (right-hand
side) onto an upward-facing horizontal surface considering three different particle diameters
(dp).

drastic impact on the relative strengths of the different deposition mechanisms particularly

in the case of coarse particles. Because of the difference in the βpoa dependence of the dif-

ferent mechanisms, the consideration of variable Q0 appears to be very important for Jp,poa↓
estimation.

In the present approach, the impacts of variable Q0 and Tgr are considered by means of

empirical models derived based on 17 months of complete radiation balance measurements
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Table 7.2 – Fitting coefficients of the proposed linear regression models for sensible heat flux
(Q0) (7.9) and ground temperature (Tgr) (7.10).

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

bQ,G [1] 0.176 0.181 0.199 0.200 0.206 0.214 0.212 0.203 0.207 0.186 0.194 0.171
bQ,0 [Wm−2] -3.811 -4.007 -4.106 -3.507 -2.777 -2.069 -0.105 2.896 -1.707 -1.479 -2.204 -3.615
bT,G [◦Cm2 W−1] 0.013 0.012 0.011 0.011 0.011 0.012 0.011 0.012 0.012 0.012 0.013 0.015
bT,T [1] 0.856 0.859 0.861 0.899 0.904 0.908 0.930 0.935 0.911 0.902 0.893 0.854

(Nelli et al., 2020) made at a resolution of 30 minutes in Al Ain, United Arab Emirates (UAE).

The resulting linear regression equation (7.9) expresses Q0 as a simple function of G lagged by

40 minutes (G−40min) (or as close to 40 minutes as possible given the data resolution). Tgr is

estimated by means of (7.10), whose independent variables include Ta lagged by 120 minutes

(Ta,−120min) in addition to G−40min. The month-specific coefficients of both models are listed

in Table 7.2.

Q0 = bQ,GG−40min +bQ,0 (7.9)

Tgr = bT,GG−40min +bT,T Ta,−120min (7.10)

In (7.10), the temperature quantities are in ◦C. The validity of (7.9) and (7.10) in locations

other than the experimental site in Al Ain remains to be assessed.

Figure 7.3 – Impact of the estimation accuracy of the input parameters (i.e., L referring to
Obukhov length (7.6), Q0 to sensible heat flux (7.9), and Tgr to ground surface temperature
(7.10)) on
a) the daytime estimates of aerodynamic resistance (ra) in Al Ain, UAE for 17 months in 2017-
2018 with the colours indicating the density of the data points (red: dense, blue: sparse) and
b) the estimates of deposition velocity of a particle with a diameter of 25 µm (black) or 10 µm
(grey) in Al Ain, UAE on March 20, 2018.
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7.2. Particle Accumulation

Figure 7.3a shows a scatter plot that compares ra estimates calculated based on the measured

Q0 and Tgr (black line) and modelled input parameters in Al Ain. The figure covers the full

17-month measuring period of Nelli et al. (2020) but only shows the low ra levels, which

characterise unstable atmospheric conditions. At night, ra levels tend to become several

orders of magnitude higher than the daytime values apart from very windy conditions. Both

buoyancy and wind shear contribute to turbulent diffusion at unstable conditions. Under

stable conditions, with low or moderate wind speeds, a considerable level of diffusion-driven

deposition is possible only with fine particles (with dp less than 2.5 µm) whereas the de-

position of other particle size classes is clearly dominated by sedimentation. By contrast,

under unstable conditions, even coarse particles can be predominantly deposited through

diffusion. That is why the estimation accuracy of low ra levels is particularly important. As

can be seen in Figure 7.3a, the bulk of daytime ra estimates based on the linear regression

models of (7.9) and (7.10) agree well with the measurement-based estimates. However, the

bulk of the ra estimates resulting from both the discrete L model (Coello and Boyle, 2019)

and the neutrality assumption (Q0 = 0) (Picotti et al., 2018b) are overestimated by 100-400

per cent. The impact of this overestimation on Jp,poa↓ is clearer in Figure 7.3b. The figure

compares vp,s with the diffusion deposition velocities ((ra + rb + rarbvp,s)−1) resulting from

the four different L estimation methods in Al Ain on March 20, 2018. The figure shows that at

unstable conditions in this example case, the discrete L model (Coello and Boyle, 2019) and

the neutrality assumption (Q0 = 0) (Picotti et al., 2018b) would result in comparable deposition

velocity estimates for both the sedimentation (black solid line) and the turbulent diffusion

(black dotted line) of a dust particle with dp of 25 µm. This particle size is coarse but common

in, (, e.g.,) typical sand dust. When considering the continuous Q0 variability however, the

diffusion-driven component of Jp increases by 100-200 per cent making turbulent diffusion

clearly the primary deposition mechanism at unstable conditions (black dashed line). The

difference is particularly relevant for close-to-vertical and downward-facing surfaces because

of the βpoa dependence of sedimentation.

7.2 Particle Accumulation

Section 7.1 presents a model for quantifying the flux of dust particles incident on the POA

(Jp,poa↓). After striking the surface, some of the depositing particles instantly rebound. The

remainder adheres to the surface. Thereafter, the accumulated particles can resuspend back

to the ambient air due to wind or gravity. Rain typically further boosts the resuspension as the

precipitating water droplets first collect dust particles and then fall off from the POA due to

wind or gravity. However, because the droplets also collect airborne dust before striking the

POA (wet deposition), the estimation of the overall cleaning effect of rain is not straightforward.

The particle deposition model presented in section 7.1 and the accumulation model presented

in this section are valid only for rain-free time periods.

The area density (Cp,poa) of the particles accumulated on the POA over a time period between
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t0 and t ′ can be calculated as defined in (7.11).

Cp,poa(t0, t ′) =
∫ t ′

t0

(1−breb)Jp,poa↓− Jp,poa↑ d t , (7.11)

where t stands for time, Jp,poa↑ for resuspension flux, and breb for a rebound factor.

For (7.11) to be valid, there must not be any rain or cleaning events between t0 and t ′. In the

envisioned main application of the equation, t0 would be set as the time of the last cleaning

event prior to time t ′. This is the presumed definition of t0 below ((, e.g.,) in (7.12)). The

Jp,poa↓-multiplied term of (7.11) represents the cumulative deposition of particles over the

time period between t0 and t ′. It is equal to the total accumulation if there is no resuspension

of particles during the period. The second term (
∫ t ′

t0
Jp,poa↑ d t ) represents the cumulative loss

of particles due to resuspension. All the three factors of Cp,poa (i.e., Jp,poa↓, Jp,poa↑, and breb)

are functions of time.

While Jp,poa↓ and breb are independent variables in (7.11), Jp,poa↑ and Cp,poa are interdepen-

dent. The Jp,poa↑ at time t ′ is limited by Cp,poa(t0, t ′), which is the theoretically maximum

amount of particles that can be removed from the POA. In reality, Jp,poa↑ is also limited by the

part of the deposited particles that are adhered to the surface with such strong forces that

natural wind or gravity cannot resuspend them. Such forces often arise due to the cycles of

dew formation and evaporation in processes referred to as caking and cementation (Cuddihy,

1980; Ilse et al., 2018b, 2019a). In the mathematical formulation of Jp,poa↑ presented in (7.12),

these processes are captured by subtracting from Cp,poa the part of accumulated particles that

have experienced one or more of such dew formation/evaporation cycles. The remaining area

density (Cp,poa,free) stands for the density of the particles that can be removed by natural wind

or gravity. During the periods of dew occurrence i.e., between the start of dew formation and

the end of dew evaporation, the strong forces caused by particle caking and cementation are

assumed to temporarily vanish. Similarly to the definition of Jp,poa↓ in (7.2), both equations,

(7.11) and (7.12), are specific to each particle size (dp) under consideration.

Jp,poa↑(t ′) =Cp,poa,free(t0, t ′)
vp,poa↑(t ′)
λpoa(t ′)

=
(

Cp,poa(t0, t ′)−b¬dew(t ′)
Ndew(t ′)∑

n=1
Cp,poa(tn−1, tn)

)
max

(
vrol(t ′), vsli(t ′), vl(t ′), vfal(t ′)

)
λpoa(t ′)

, (7.12)

where vp,poa↑ stands for particle mean resuspension velocity, λpoa for effective module length,

b¬dew for a binary dew absence factor, Ndew(t ′) for the number of continuous dew occurrence

periods between t0 and t ′, {tn} for the sequence of the end time steps of each dew occurrence

period, and vrol (7.16), vsli (7.18), vl (7.20), and vfal (7.24) for particle resuspension velocities,

respectively, through rolling, sliding, lifting, and falling.

Apart from Jp,poa↓, none of the parameters of (7.11) and (7.12) are derived while modelling dust

deposition (section 7.1). However, the estimation of many of these parameters require input
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Table 7.3 – Input parameters of the proposed particle accumulation model.

name and symbol unit dim. source

dust deposition flux incident on the POA (Jp,poa↓) kgs−1 m−2 TS DM

POA-normal particle deposition velocity (vp,poa↓⊥) ms−1 TS DM

ambient air density (ρa) kgm−3 TS DM

friction velocity (u∗) ms−1 TS DM

Cunningham slip factor (CC) 1 TS DM

ambient air kinematic viscosity (νa) m2 s−1 TS DM

horizontal wind speed at POA height above ground level
(va,poa)

ms−1 TS DM

ambient air thermal conductivity (κa) kgms−3 K−1 TS DM

ambient air specific heat capacity (ca) m2 s−2 K−1 TS DM

gravitational acceleration (g ) ms−2 TS DM

ambient air relative humidity (φ) 1 TS DM/NWP

particle diameter (dp) m C DM/lit.

particle mass density (ρp) kgm−3 C DM/lit.

POA inclination angle from horizontal (βpoa) rad C user

solar module length perpendicular to inclination axis
(lmod)

m C user

solar module length parallel to inclination axis (wmod) m C user

C, constant; dim., dimension; DM, deposition model; lit., literature; NWP, numerical
weather prediction; POA, plane of array; TS, time series.

data that are already modelled to obtain Jp,poa↓. Table 7.3 specifies all the input parameters

required by the accumulation model. In contrast to the deposition model, the purpose of the

accumulation model is to output only one parameter, Cp,poa, which is used in the final soiling

ratio estimation.

This section describes the processes to estimate the still unknown parameters of (7.11) and

(7.12) in three subsections. Subsection 7.2.1 first introduces the model’s particle detachment

mechanisms. The considered forces resisting detachment regardless of the occurrence of dew

are discussed in subsection 7.2.2. Finally, the chosen technique for capturing the impact of

dew is explained in subsection 7.2.3.
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7.2.1 Particle Detachment

Table 7.4 specifies the six considered particle detachment mechanisms. The second column

of the table defines mathematically the conditions for the mechanisms to be active. The

third column lists the detachment velocities caused by each mechanism provided that the

conditions of the second column are met. The previous soiling loss models either do not

physically model particle detachment (Qasem, 2013; Coello and Boyle, 2019; Wolfertstetter

et al., 2019) or only consider gravity-assisted detachment (Picotti et al., 2018b).

Particle Rebound

As implied in (7.11), rebound differs from the other five detachment mechanisms in that it is

directly subtracted from Jp,poa↓ without contributing to Jp,poa↑. That is because the rebounding

particles never actually accumulate on the surface and, thereby, add to Cp,poa. The value of the

binary rebound factor breb is set to one when the condition formulated in (7.13) in Table 7.4 is

met and to zero otherwise. The condition is adapted from the φ-dependent formulation of

Bateman et al. (2014) by correcting an apparent typographical error in the original formulation.

In specific, the first term of their equation [13] should be additionally divided by ξdry
2. Due to

the binary nature of the formulation, rebound is simulated to occur with either every one or

none of the particles representing certain size bin (dp).

As shown in (7.13), the determination of the state of the rebound mechanism requires esti-

mates of two unknown, time-variant parameters of the water film that is assumed to lie on the

POA surface: its surface tension (γH2O) and temperature (TH2O). Asay and Kim (2006) study the

φ dependence of capillary force (Fcap) acting on a nanoasperity over silicon oxide, which is the

primary constituent of both glass and sand. By means of attenuated-total-reflection infrared

spectroscopy, they find the thickness (hH2O) and the molecular structure of the superficial

water layer on the silicon oxide surface to drastically change with φ. Most importantly, as per

Asay and Kim (2006), the water layer has a completely hydrogen-bonded, ice-like structure

under dry conditions at φ< 30%. From this finding, Asay and Kim (2006) deduce that γH2O

must also vary with φ. The deduced φ dependence of γH2O is integrated into the present

model as a function of both φ and TH2O.

TH2O is approximated as the temperature (Tpoa) of the POA surface. Tpoa, in turn, is estimated

using the model proposed by Myers (1999) and adapted by Kempe (2006). The model is fed

by the time-variant estimates of ambient parameters (i.e., Tgr, ρa, νa, va,poa, and the thermal

conductivity of ambient air (κa)) modelled in the process of estimating Jp,poa↓. If there are

module operating temperature measurements available as in the case of the present analysis,

the model’s module-specific thermodynamic parameters such as the module’s absorptivity,

emissivity, and characteristic length (i.e., hydrolytic diameter in Kempe (2006)) can be cali-

brated. The model also requires estimates of POA-incident irradiance (Gpoa) and dew point

temperature (Tdp). The model of Perez et al. (1990) is selected for estimating the sky diffuse

component (Gsky,poa) of Gpoa. The radiative surroundings of the outdoor test bench set up for
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Table 7.4 – Considered particle detachment mechanisms.

Mechanism Condition Mean velocity
βpoa

domain

Rebound vp,poa↓⊥ > 1
dp

√
ξdry

2 − 96 γH2O
2Vm,H2O(cosθc,p+cosθc,poa)2

ρpRTH2O lnφ (7.13) vreb = vp,poa↓⊥ (7.14) [0,π]

Rolling Md + dp

2

√
Fd

2 +Fg,rem
2 > a(Fcap +FvdW +Fg,adh −Fl) (7.15) vrol = 2

√
5Mnetλpoa

3πdp
4ρp

(7.16) [0,π]

Sliding
√

Fd
2 +Fg,rem

2 > ks,poa(Fcap +FvdW +Fg,adh −Fl) (7.17) vsli = 2

√
Fnet,sliλpoa

3πdp
3ρp

(7.18) [0,π]

Upward
lifting

Fl > Fcap +FvdW +Fg,adh (7.19) vl =∞ (7.20) [0,π/2]

Downward
lifting

Fl +Fg,rem cosβpoa > Fcap +FvdW (7.21) vl =∞ (7.22) ]π/2,π]

Falling Fl cosβpoa +Fg,rem > Fcap +FvdW (7.23) vfal =∞ (7.24) ]π/2,π]

a, effective contact radius for rolling; dp, particle diameter; Fcap, capillary force; Fd, hydrodynamic drag
force; Fg,adh, particle-attaching component of gravitational force; Fg,rem, particle-removing component of
gravitational force; Fl, hydrodynamic lift force; Fnet,sli, net force acting on a sliding particle; FvdW, van der Waals
force; ks,poa, static friction coefficient; Md, hydrodynamic torque; Mnet, net torque acting on a particle; POA,
plane of array; R, gas constant; TH2O, temperature of superficial water; Vm,H2O, molar volume of water; vfal,
falling resuspension velocity; vl, lifting resuspension velocity; vp,poa↓⊥, particle velocity component normal to
POA; vreb, rebound velocity; vrol, rolling resuspension velocity; vsli, sliding resuspension velocity; βpoa, POA
inclination angle from horizontal; γH2O, surface tension of water; θc,p, particle contact angle with water; θc,poa,
POA surface contact angle with water; λpoa, effective module length; ξdry, particle bounce limit parameter for
dry surfaces (1×10−6 m2 s−1); ρp, particle density; φ, relative humidity.
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validating the present model are relatively simple to model. That is why the ground-reflected

component (Ggr,poa) of Gpoa is estimated using the simple approach derived by Moon and

Spencer (1942) based on an assumption of isotropic and spatially uniform ground radiosity and

commonly referred to as the model of Liu and Jordan (1960). This approach is complemented

with the bivariate surface reflectance model (1.25) proposed in section 1.3 and calibrated in

situ. In the case of downward-facing surfaces or a radiatively complex site ((, e.g.,) an urban

site with surrounding tall buildings), a more complex approach (e.g., Hansen et al., 2017)

than the isotropic uniform model (Moon and Spencer, 1942; Liu and Jordan, 1960) should be

taken to consider the impact of shading on Ggr,poa. Tdp estimation is based on the Arden Buck

equations. Tdp is a function of Ta and φ.

Particle Resuspension

As shown in (7.12), Jp,poa↑ is determined by the part of accumulated particles available for

resuspension (Cp,poa,free), the mean resuspension velocity (vp,poa↑), and the effective module

length (λpoa) i.e., the distance that the particles would travel across each solar module until

the module’s edge (or across the POA in the case of zero module spacing).

vp,poa↑ depends on the forces and torques acting on the particle. Figure 7.4 presents free

body diagrams specifying the involved forces for a spherical particle lying on three differently

inclined flat surfaces. In the preceding literature, various models (e.g., Soltani and Ahmadi,

1999; Ibrahim et al., 2003; Ahmadi et al., 2007; Ahmadi and Guo, 2007; Ahmadi, 2015) have been

proposed for the impact of wind on particle detachment. The models relate the hydrodynamic

drag force (Fd), lift force (Fl), and torque (Md) acting on a particle to the properties of ambient

air. The burst/inrush model of Ahmadi et al. (2007) is selected for the present analysis with the

definitions of Fd, Fl, and Md given, respectively, in (7.25)-(7.27).

Fd = 4.38πρadp
2u∗2

CC
(7.25)

Fl =
1.7ρadp

4u∗4

ν2
a

(7.26)

Md = 1.62πρadp
3u∗2

CC
(7.27)

All the parameters required by (7.25)-(7.27) are estimated already when modelling Jp,poa↓ (see

section 7.1). As illustrated in Figure 7.4, the treatment of Fd is simplified in the present model

such that the force is assumed to be always directed parallel to the axis of the POA inclination.

The simplification can be justified by the fact that the chosen direction of Fd involves the

longest, unobstructed direct path for air to flow. Thanks to the assumption, Fd and Fg,rem

are always perpendicular to each other. In addition to wind, gravity contributes to particle

detachment if βpoa > 0. The particle-removing component of gravitational force depends on
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Figure 7.4 – Force balance for a particle lying on a) upward-facing surface, b) downward-facing
surface, and c) vertical surface with the aerodynamic drag force (Fd) assumed to be directed
perpendicularly to the cross section.

βpoa as specified in (7.28).

Fg,rem = π

6
dp

3ρpg min
(
1,1−cosβpoa

)
,βpoa ∈ [0,π] (7.28)

As defined in (7.12), vp,poa↑ is obtained as the maximum out of the four resuspension velocities

specific to each mechanism (Table 7.4). Via the max operator in (7.12), the detachment is

simulated to be determined by the single strongest mechanism of each time step. As specified

in Table 7.4, the velocities derived for rolling (vrol) and sliding (vsli) are finite, whereas the

lifting (vl) and falling (vfal) velocities are assumed as infinite. The latter assumption can be

justified by the fact that the direction of the two velocities is not along but out of the POA. For

the same reason, in their case, λpoa = 0m. As a result of the infinity assumption, whenever one

of the conditions (7.19), (7.21), or (7.23) is met, Jp,poa↑ becomes infinite for an infinitesimal

time step d t . Therefore, vl and vfal can be modelled as Dirac delta functions. Accordingly, if

one of the three detachment mechanisms is activated at time step t ′, equation (7.11) becomes

Cp,poa(t0, t ′) = ∫ t ′
t0

(1−breb)Jp,poa↓ d t −Cp,poa,free(t0, t ′).

The novel formulations of vrol (7.16) and vsli (7.18) are derived based on the equations 7.29,

7.32, and 7.33 below. vrol is driven by the net torque (Mnet) acting on a rolling particle. It can
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Chapter 7. Physical Model for Forecasting Soiling Loss

be derived from the condition (7.15) as specified in (7.29).

Mnet = Md +
dp

2

√
Fd

2 +Fg,rem
2 −a(Fcap +FvdW +Fg,adh −Fl), (7.29)

where a is the effective contact radius for rolling (see (7.31) below) and Fcap, FvdW, and Fg,adh

are, respectively, the capillary and van der Waals forces adhering the particle to the POA and

the particle-attaching component of gravitational force. The estimation of Fcap, FvdW, and

Fg,adh is described below in the context of dew-independent particle adhesion.

The method to estimate a (required for (7.15), (7.16), and (7.29)) is not the same for all con-

ditions. The chosen formulation depends on φ as well as surface roughness. The method

is based on the φ dependence of the thickness (hH2O,p) of the water layer between the parti-

cle and the surface as reported by Asay and Kim (2006). The approach to consider surface

roughness is, in turn, inspired by the model of the detachment of bumpy particles proposed

by Ahmadi and Guo (2007). In this context, surface roughness is quantified by the average

number of asperities (Nasp,p) located under the particle. The method to estimate Nasp,p is

explained below in the section. In the present model, the shape of the dust particle itself

is simplified as a rigid solid sphere. Figure 7.5 illustrates the four different scenarios of a

estimation.

According to Asay and Kim (2006), the superficial water layer has an ice-like structure up to a

φ level of approximately 30 per cent, above which the water film starts increasingly resembling

its normal liquid form. The water layer between the particle and the surface should have an

impact on the strength of the detachment mechanisms. As per Yang et al. (2018), a particle

cannot roll if it is not in contact with the surface. This is the case when there is a liquid bridge

separating the particle from the surface. Following Asay and Kim (2006), such a water bridge

is assumed to exist in the present model when φ≥ 0.3. Accordingly, at φ< 0.3, the particle is

assumed to be either in contact with the surface or separated from the surface with an ice-like

bridge.

In this model, the roughness of the POA surface is simulated by means of spherical asperities

with the diameter dasp. The asperity spheres are located at the same elevation with each other

with respect to the POA. At least half of each sphere is below the surface. Their adjacent caps

above the surface represent the roughness. If there are, on average, more than two asperities

under the effective contact area of a particle (Nasp,p > 2), the particle is assumed to lie on the

asperities instead of a flat surface. As presented in (7.30), Nasp,p is estimated as the ceiling

function of the ratio of the particle’s effective contact area to dasp
2. The particle’s effective

contact area is approximated as the face area of a cube, whose volume is that of the particle.

The effective contact area is defined in this way because the other simple method of using the

sphere’s cross-section as the effective area would be likely to overestimate the contact area.

Nasp,p :=
⌈
π2/3dp

2

3
p

36dasp
2

⌉
(7.30)
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7.2. Particle Accumulation

Figure 7.5 – Four scenarios for estimating the effective contact radius (a) for rolling depending
on the relative humidity of ambient air (φ) and surface roughness quantified by the average
number of asperities (Nasp,p) located under the particle.

In order to obtain a realistic value for dasp, two clean samples of weathered low-iron float glass

were characterised at five spots on each sample by means of a digital holography microscope

DHM R2100. Low-iron float glass is a commonly used material for solar module superstrates.

Based on the measurements, the default dasp value of the model is set at 1 µm. The measure-

ments are also used to choose a formulation for (7.30) that suits the roughness profile of the

sample surfaces.

The ice-ice contact area formulation of Asay and Kim (2006) is used to estimate a for a particle

on a flat surface at φ < 0.3. As shown in Figure 7.5, the contact area is modelled as a disk

with the diameter dice. dice is dependent on the thicknesses of the water layer on the surface

(hH2O) and between the particle and the surface (hH2O,p). The geometry of the water layer is

illustrated in Figure 7.6 in the context of Fcap estimation below. hH2O and hH2O,p are obtained

from the measurements of Asay and Kim (2006) that are integrated in the present model

as piecewise, mathematical formulations. In the case of a rough surface (Nasp,p > 2), a is

approximated as half of the distance (dasp,extr) between the asperities located at the opposite
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ends of the contact area.

a =


dice

2 =
√(

hH2O,p +dp
)

max
(
0,2hice −hH2O,p

)
, φ< 0.3∧Nasp,p < 3

dasp,extr

2 =
(⌈p

Nasp,p

⌉
−1

)
dasp

2 , φ< 0.3∧Nasp,p ≥ 3

∞, φ≥ 0.3

(7.31)

where hice = min
(
0.94nm,hH2O

)
.

The net force acting on a sliding particle (Fnet,sli) is based on the condition (7.17) as shown in

(7.32). Though, instead of the static friction coefficient (ks,poa) of the POA surface used in the

condition (7.17), the kinetic friction coefficient (kk,poa) is applied to the estimation of Fnet,sli.

In the model, the default value of ks,poa is set to 1.0 as per Beattie et al. (2012) and that of kk,poa

to 0.4 as per Dan and Mingzhi (2018).

Fnet,sli =
√

Fd
2 +Fg,rem

2 −kk,poa(Fcap +FvdW +Fg,adh −Fl), (7.32)

Finally, λpoa is defined as the maximum length of the solar module of interest in the direction

of the particle’s resuspension velocity. With the lifting and falling mechanisms, λpoa = 0m. For

rolling and sliding, λpoa is estimated as shown in (7.33).

λpoa := min

(
lmod

Fg,rem
,

wmod

Fd

)√
Fd

2 +Fg,rem
2, (7.33)

where lmod and wmod stand for the user-defined side lengths of the solar module, respectively,

perpendicularly and in parallel to the axis of the POA inclination.

In case there is no spacing between the modules of the POA, lmod and wmod refer to the

corresponding dimensions of the entire POA.

7.2.2 Dew-Independent Particle Adhesion

In the present analysis, three forces are assumed to resist the detachment of particles from the

POA independently of the occurrence of dew: capillary force (Fcap), van der Waals force (FvdW),

and the particle-attaching component of gravitational force (Fg,adh). Electrostatic forces are

not considered since they are known to be significantly weaker than Fcap and FvdW for most

sand dust particle types (Ilse et al., 2018a) and their estimation is very material-specific. In

the preceding literature, the only soiling loss model found to physically simulate particle

detachment (Picotti et al., 2018b) only considers FvdW and Fg,adh. This limitation can be

expected to deteriorate the model’s performance particularly under humid conditions.
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7.2. Particle Accumulation

Capillary Force

Fcap is caused by the surface tension of a water bridge, which condenses between a particle

and a surface in the presence of humid air. The present model for estimating Fcap is based on

the commonly used φ-dependent method described in detail by, (, e.g.,) Orr et al. (1975) and

Beaudoin et al. (2015, pp. 6-10). In the method, the geometry of the water bridge is simulated

by equating two independent formulae for the total radius of the bridge’s curvature i.e., Kelvin

radius (rK). One of the formulae is the Young-Laplace equation defined in (7.34) and the other

one is the Kelvin equation defined in (7.35). The Kelvin equation is also incorporated in the

rebound condition (7.13) given in Table 7.4.

rK =
(

1

r1
+ 1

r2

)−1

= γH2O

∆p
, (7.34)

rK =−γH2OVm,H2O

RTH2O lnφ
, (7.35)

where r1 and r2 stand for the principal radii of curvature of the water bridge, γH2O for the

surface tension of water, ∆p for the Laplace pressure, Vm,H2O for the molar volume of liquid

water, R for the gas constant (8.314 NmK−1 mol−1), and TH2O for the temperature of the

system.

The chosen methods for estimating γH2O and TH2O are discussed in the context of particle

rebound above. Vm,H2O is estimated based on TH2O using the Kell formulation (Kell, 1975).

The Fcap estimation method described above can be regarded as the state of the art. The cap-

ture of theφ dependence is its most important merit compared to the standard approximation

(McFarlane et al., 1950) and other simpler Fcap models. In the present approach, the method is

modified to additionally address the impacts of surface roughness and the thickness (hH2O,p)

and heterogeneity of the water layer between the particle and the surface. The latter effect is

modelled by means of the measurements and formulae of Asay and Kim (2006).

For Fcap to be present, the sum of the water contact angles of the particle and the surface

should not reach 180° (Orr et al., 1975). Moreover, the separation distance between the particle

and the surface should be less than the magnitude of 2rK (Beaudoin et al., 2015, p. 10). The

conditions are mathematically expressed in (7.36).(
θc,p +θc,poa

)≥π∨hH2O,p ≥ 2rK =⇒ Fcap = 0, (7.36)

where θc,p and θc,poa are the water contact angles of the particle and the POA surface, respec-

tively.

The second condition (hH2O,p ≥ 2rK) has significance only if the surfaces are sufficiently

hydrophilic (
(
θc,p +θc,poa

)<π). With hydrophilic surfaces, there is a thin water layer between

the particle and the surface even at low φ levels (Asay and Kim, 2006). It is, thus, reasonable to
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assume that the separation distance is equal to hH2O,p.

θc,poa is set at 40° based on the measurements of the contact angle of the weathered low-iron

float glass samples mentioned above in the context of the estimation of effective contact radius

(a) for rolling. The θc,poa measurements are performed with Kyowa DMo-501 contact angle

meter by repeating a set of 20 measurements over a period of one minute for ten spots of

two glass samples. The selected θc,poa value of 40° is obtained by averaging all the stabilised

measurements. Steenhuis et al. (2013) find the reported contact angle values for sand dust

particles to vary between 30° and 60°. Accordingly, a value of 45° is chosen for θc,p in the

present model.

The roughness of the POA surface is addressed by a simple method where the effective particle

diameter used in Fcap calculations depends on the density of asperities on the surface. The

simulation of surface roughness relies on the same Nasp,p-based method as the estimation of

a in (7.31): if Nasp,p > 2, the particle is assumed to lie on the asperities instead of a flat surface.

In this case, the geometry of the water bridges is calculated considering the diameter of the

asperities (dasp) instead of dp while the geometry of the particle itself is approximated as a

flat surface. The resulting, asperity-specific Fcap is accordingly multiplied by Nasp,p to obtain

the total Fcap acting on the particle. The asperity-specific Fcap is, however, present only if

hH2O,p does not exceed the characteristic height of the asperities. If it does, the gap between

adjacent asperities is flooded and dp becomes the effective diameter — regardless of Nasp,p.

This is expressed mathematically in (7.37). The validity of (7.37) is subject to the minimum

conditions for the development of water bridges as defined in (7.36).

Fcap =
Fcap,dp +Fcap,t +Fcap,ice, Nasp,p ≤ 2∨hH2O,p ≥ 2Rms

Nasp,p
(
Fcap,dp +Fcap,t +Fcap,ice

)
, Nasp,p > 2∧hH2O,p < 2Rms

(7.37)

where Rms stands for the root mean squared roughness of the surface and Fcap,dp, Fcap,t, and

Fcap,ice, respectively, for the capillary pressure, surface tension, and ice-ice rupture (Asay and

Kim, 2006) components of Fcap.

As shown in (7.37), the characteristic height of the asperities is approximated as 2Rms. An ap-

propriate value for Rms is obtained through the same surface characterisation study described

in the context of the estimation of a. Based on the measurements, the model’s default Rms is

set to 25 nm.

Fcap,dp and Fcap,t are calculated using the widely-used formulations (e.g., Beaudoin et al., 2015,

pp. 8-9) specified in (7.38) and (7.39), respectively.

Fcap,dp = πrmen
2γH2O

rK
, (7.38)

Fcap,t = 2πrmenγH2O cosαmen, (7.39)
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7.2. Particle Accumulation

Figure 7.6 – Geometry of a water bridge condensing between a particle and a surface in the
presence of humid air with dp referring to particle diameter, rmen to contact circle radius, r1

and r2 to the principal radii of curvature, hH2O,p to the thickness of intermediate water layer,
θc,p and θc,poa to the water contact angles of particle and surface, respectively, and αmen to
meniscus angle.

where rmen is the radius of the contact circle at the interface between the particle, water bridge,

and air and αmen is the meniscus angle i.e., the angle of the water bridge’s inclination from the

surface normal at the particle/water/air interface.

Figure 7.6 illustrates the assumed geometry of a water bridge in the case of a spherical particle

on a flat surface. rmen and αmen can be determined numerically drawing on this geometry,

on the equations (7.34) and (7.35), and on the φ dependence of hH2O,p reported by Asay and

Kim (2006). If Nasp,p > 2, the geometry presented in Figure 7.6 is inverted such that the sphere

represents an asperity and the flat surface is the particle. This is a novel adaptation of the

state-of-the-art physical method of Orr et al. (1975).

Fcap,dp and Fcap,t are the two commonly referred components of Fcap. Due to the ice-like

structure of the water layer under dry conditions however, there is a third Fcap component

(Fcap,ice) which is required to rupture the ice-ice bridge between the particle and the surface.

Adapted from Asay and Kim (2006), Fcap,ice is defined in (7.40).

Fcap,ice =
2πγH2O

(
hH2O,p +deff

)
max

(
0,2hice −hH2O,p

)
21/6σLJ

, (7.40)

where σLJ is the Lennard-Jones parameter (0.315 nm).
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The antecedent version of (7.40) in Asay and Kim (2006) is a function of hH2O with the under-

lying assumption hH2O,p = hH2O. In the adaptation (7.40), Fcap,ice is expressed as a function

of hH2O,p whose ratio to hH2O varies with φ. Moreover, dp in the original formulation is sub-

stituted by the effective particle radius (deff) in the adaptation. deff is defined in (7.41) in

accordance with the consideration of the impact of surface roughness discussed above. hice,

in turn, is defined in the context of a estimation above.

deff :=
dp, Nasp,p ≤ 2∨hH2O,p ≥ 2Rms

dasp, Nasp,p > 2∧hH2O,p < 2Rms

(7.41)

Van der Waals Force

In contrast to the capillary force (Fcap), the van der Waals force (FvdW) is always present. In the

case of a spherical particle on a flat surface, FvdW is inversely proportional to the square of the

distance between the particle and the surface. In accordance with the Fcap estimation above,

the chosen formulation of FvdW depends on the POA surface roughness quantified by Nasp,p

(7.30). As shown in (7.42), at Nasp,p ≤ 2, FvdW is estimated by the commonly used formulation

for a spherical particle above a flat surface (e.g., Israelachvili, 2011, p. 254). In the formula,

all the material-specific factors of the force are incorporated in the Hamaker constant (AH),

which is specific to the particle-surface pair of interest. If Nasp,p > 2, FvdW is estimated by

superimposing the FvdW components caused by the interaction between the particle and the

sub-particle surface asperities on the FvdW estimate of a flat surface. This superimposition

technique is adapted from Katainen et al. (2006). The main difference between (7.42) and

the formulation of Katainen et al. (2006) is that as in the case of Fcap, the separation distance

between the particle and the surface is assumed to be equal to hH2O,p. Katainen et al. (2006)

assume that the distance between the particle and the surface is constant.

FvdW =


AH,p,poadp

12hH2O,p
2 , Nasp,p ≤ 2

AH,p,poadasp

12hH2O,p
2 Nasp,p

(
1+ 2dasp

πhH2O,p(1+2Rms/hH2O,p)3

)
, Nasp,p > 2

(7.42)

where AH,p,poa stands for the Hamaker constant between the particle and the POA surface.

To be consistent with the assumption of a thin water layer separating the particles from the

POA surface (Asay and Kim, 2006), also AH,p,poa is estimated by assuming that the particle and

the POA interact across water. Israelachvili (2011, p. 261) presents an equation of AH for a

symmetric system where two identical bodies interact across a medium. They also show that

AH for an asymmetric system where two different bodies interact across the same medium can

be approximated as the geometric mean of the symmetric AH estimates for each one of the

two bodies i.e., AH132 ≈
p

AH131 AH232 (Israelachvili, 2011, p. 274). The AH,p,poa formulation
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7.2. Particle Accumulation

Table 7.5 – Static dielectric constants and refractive indices assumed for dust particles, so-
lar array surface, and water when estimating the Hamaker constant (7.43) along with the
corresponding references.

Parameter Dielectric constant (ε) Refractive index (n)

Particle (p)
3.158

(Vishvakarma and Rai, 1993)
1.53

(Ryder et al., 2013)

Array surface (poa)
7

(Specialty Glass Products, 2020)
1.511

(Specialty Glass Products, 2020)

Water (H2O)
80

(Israelachvili, 2011, p. 263)
1.333

(Israelachvili, 2011, p. 263)

given in (7.43) is based on these two equations.

AH,p,poa =
√

AH,p,p AH,poa,poa

= 3

4

√√√√kBTH2O

(
εp −εH2O

εp +εH2O

)2

+ h fe

4
p

2

(
np

2 −nH2O
2
)2(

np
2 +nH2O

2
)3/2

·
√√√√kBTH2O

(
εpoa −εH2O

εpoa +εH2O

)2

+ h fe

4
p

2

(
npoa

2 −nH2O
2
)2(

npoa
2 +nH2O

2
)3/2

, (7.43)

where AH,p,p and AH,poa,poa stand for the Hamaker constants of a particle pair and a POA

pair, respectively, kB for the Boltzmann constant (1.381×10−23 m2 kgs−2 K−1), h for the Planck

constant (6.626×10−34 m2 kgs−1), fe for the main electronic absorption frequency of ultraviolet

(3×1015 s−1), εp, εpoa, and εH2O for the static dielectric constants of particle, POA, and water,

respectively, and np, npoa, and nH2O for the refractive indices of particle, POA, and water,

respectively.

Table 7.5 shows the ε and n values used in the present model to calculate AH,p,poa. Given the

parameter values specified in Table 7.5, the assumption of water-mediated interaction results

in almost one order of magnitude lower FvdW (AH,p,poa = 1.15×10−20 J at TH2O = 25◦C as per

(7.43)) than the commonly assumed interaction across air (AH,p,poa = 7.65×10−20 J at Ta = 25◦C

as per (7.43)).

Force of Gravity

The third, final force assumed to resist particle detachment in the present model is the particle-

attaching component (Fg,adh) of the force of gravity. Fg,adh is defined in (7.44).

Fg,adh = π

6
dp

3ρpg max
(
0,cosβpoa

)
,βpoa ∈ [0,π] (7.44)
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7.2.3 Dew-Assisted Particle Adhesion

The procedure to estimate the forces that resist particle detachment independently of dew

occurrence is explained above. This subsection addresses the dew-assisted adhesion via

processes such as particle caking and cementation (Cuddihy, 1980; Ilse et al., 2018b, 2019a).

In contrast to Fcap, FvdW, and Fg,adh, the forces involved in these dew-assisted processes are

assumed to be so high that particle detachment through wind or gravity becomes impossible.

The dew effect is captured by the variable Cp,poa,free, which is formulated as a function of

Cp,poa, binary dew absence factor (b¬dew), and recursive dew-cycle-related parameters (i.e.,

Ndew and tn) in (7.12) at the beginning of the section.

The periods of dew formation, i.e., of a thickening dew film on the POA can be roughly

identified as the time periods when the temperature of the POA surface (Tpoa) stays below Tdp.

Tpoa is estimated by the model of Myers (1999) and Kempe (2006) as explained in the context

of particle rebound above.

The identification of the periods of dew evaporation is less straightforward than that of the

dew formation periods. The evaporation period begins when Tpoa rises back to a level above

Tdp. As shown in (7.45), the end time (tn) of formation/evaporation cycle n can be obtained

by comparing the dew accumulation at the dew formation stage between time steps tdp,0,n

and tdp,1,n (left-hand side of (7.45)) with the cumulative dew loss at the dew evaporation stage

between time steps tdp,1,n and tn (right-hand side of (7.45)). tn is obtained as the time at which

the evaporated dew mass is equal to the mass condensed during the formation period. The

integrands represent the time-dependent part of the dew formation flux as formulated by

(Beysens et al., 2005). All the parameters included in (7.45) are time-dependent.

∫ tdp,1,n

tdp,0,n

hc

(
p∗

H2O(Tdp)−p∗
H2O(Tpoa)

)
capa

d t =−
∫ tn

tdp,1,n

hc

(
p∗

H2O(Tdp)−p∗
H2O(Tpoa)

)
capa

d t , (7.45)

where hc is the overall convective heat transfer coefficient of the Tpoa model, p∗
H2O is saturation

vapour pressure, and ca is the specific heat capacity of ambient air.

As shown in (7.46), b¬dew has a value of zero during each dew cycle i.e., from tdp,0,n until tn,

and a value of one otherwise.

b¬dew :=
0, tdp,0,n < t < tn ,n ∈ {1,2, ..., Ndew}

1, otherwise
(7.46)

As expressed mathematically in (7.12), Cp,poa,free is estimated by removing those particles that

have experienced one or more dew formation/evaporation cycles from Cp,poa. This estimation

is performed recursively in order to obtain tn using (7.45) for each one of the Ndew cycles. The

time series of b¬dew can be constructed based on the resulting tn sequence.
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7.3 Light Attenuation

The dust accumulation model described in section 7.2 outputs a time series of the area

density (Cp,poa) of dust particles on the POA surface. The purpose of the light attenuation

model presented in this section is to estimate the impact of Cp,poa on the output power of

solar modules. Subsection 7.3.1 defines what, in this model, is meant by the commonly

used term soiling loss. The subsection concludes by defining dust layer transmittance as

the direct indicator of soiling loss. Subsection 7.3.2 relates the properties of the dust layer to

transmittance based on the Beer-Lambert law. The impact of the incidence angle of the light

beam that strikes the dust layer is discussed in subsection 7.3.3. Finally, the formulation of the

dust layer’s beam transmittance is generalised to the total, hemispherical transmittance in

subsection 7.3.4. In the PV-specific state of the art, neither Qasem (2013) nor Coello and Boyle

(2019) considered the incidence angular variability of dust layer transmittance. It is necessary

to capture this dependence for deriving the typical, U-shaped diurnal pattern of soiling loss

(see Figure 6.3).

7.3.1 Quantification of Soiling Loss

Soiling, which is quantified by Cp,poa, is generally assumed to reduce the output power of solar

modules via intensified light attenuation. The soiling-induced loss is commonly quantified

by soiling ratio (SR) i.e., the ratio of the output of a soiled module to that of a clean one. The

abbreviation SR is commonly used by the researchers of PV soiling loss. The abbreviation is

unfortunate in that it can be confused with spectral response, which is referred to with the

same abbreviation. The most significant effect of a superficial dust layer is the backscattering

and absorption of incoming photons resulting in reduced photocurrent in the solar cell. The

dust also influences the temperature of the solar cell, changes the spectrum of the transmitted

light, and strengthens the potential low-light effects. Under most conditions however, these

secondary effects can be expected not to be nearly as strong as the soiling-induced current

drop. That is why in this study, SR is defined as the ratio of a soiled solar module’s photocurrent

to a clean module’s photocurrent. Photocurrent is a product of fixed solar cell parameters and

the incoming photon flux, which can be quantified by the irradiance incident onto the cell,

which is a function of Cp,poa. Thus, SR i.e., the ratio of the photocurrents is equal to the ratio

of the corresponding effective irradiance levels at the cell surface.

Figure 7.7 illustrates the transfer of light onto a solar cell covered by a transparent superstrate.

Such a superstrate typically consists of a sheet of glass with a thickness of 2-3 mm and a

thin encapsulation film between the solar cell and the glass sheet. For simplicity, the figure

does not depict the encapsulant layer. Figure 7.7a illustrates the transfer of light through a

clean superstrate, whereas Figure 7.7b shows the same in case there is a layer of dust particles

at the top of the superstrate. The figure shows the irradiance levels at the different optical

interfaces considered in the analysis. The transmittance of a clean superstrate (τss) quantifies

the attenuation of light that travels through the superstrate. The dust-induced attenuation is
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Figure 7.7 – Attenuation of light at the irradiance Gb,n through a) a clean solar module su-
perstrate and b) a soiled solar module superstrate with τss denoting the transmittance of the
superstrate and τdust that of the superficial dust layer.

quantified by the transmittance of the dust layer (τdust). Coherently with Figure 7.7 and with

the above discussion of photocurrent, the definition of SR formulated in (7.47) shows that SR

is, in fact, equal to τdust.

SR := Gb,nτdustτss

Gb,nτss
= τdust, (7.47)

where Gb,n stands for solar beam normal irradiance but can, in this context, represent any

irradiance incident on the POA.

Equation (7.47) is based on the simplifying assumption of τss not being affected by Cp,poa.

In reality, the layer of dust scatters the incoming photons, which affects the hemispherical

transmittance of the superstrate. This is due to the fact that the bi-directional reflectance of

the glass surface increases with wider incidence angles of light. On the other hand, the dust

layer can scatter back the photons that reflect from the glass surface. The angular distribution

of the light that is forward-scattered through the dust layer is difficult to estimate without

simulating Mie scattering, which is the relevant light attenuation process with the typical sand

dust particle sizes. Mie scattering is highly dependent on the size distribution of the dust

particles and its simulation requires comparatively heavy numerical computation. Therefore,

its consideration is not practical for a general-purpose, physical model such as the present

one. Via the adopted simplification of an independent τss, the dust layer is assumed to

influence the intensity but not the direction of the incoming light. In Figure 7.7, the incident

irradiance (Gb,n) is radiated from the direction normal to the POA. Given the assumption of

an independent τss however, (7.47) also holds for beam irradiance from other directions as

well as angularly aggregated irradiance estimates such as the irradiance (Gpoa) incident on the

POA from the entire hemisphere that is visible to the POA.
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7.3.2 Dust Layer Transmittance as per the Beer–Lambert Law

As per the above discussion, the estimation of soiling-induced loss in solar module output

power can be reduced to the estimation of τdust. The Beer–Lambert law is generally used to

approximate the attenuation of light that is transmitted through any homogeneous media. In

(7.48), the law is applied to the estimation of the transmittance (τdust,0) of the superficial dust

layer that is exposed to POA-normal light.

τdust,0 = e
− σbsaNp,poa

Apoa = e
− 3ηbsaCp,poa

2ρp dp , (7.48)

where σbsa stands for the particle cross section of hemispherical backward scattering and

absorption, Np,poa for the number of particles on the POA, Apoa for the POA surface area, dp

for the particle-number-weighted average particle diameter, and ηbsa for the hemispherical

backward scattering and absorption efficiency (Piedra and Moosmüller, 2017).

In (7.48), the total extinction cross section (σext), which is typically used in the Beer–Lambert

law, is replaced by σbsa. The phenomena that contribute to reducing irradiance on the module

are backscattering and absorption. σext additionally captures forward scattering, which makes

its value too large for it to be used in this application. Following Piedra and Moosmüller (2017),

σbsa is defined in (7.49) as the product of ηbsa and the geometric mean cross section area of

the particles.

σbsa = ηbsa
πdp

2

4
(7.49)

The second expression of (7.48) is a result of the substitution of (7.49) in the first expression of

(7.48) and the relation
Np,poa

Apoa
= 6Cp,poa

πρp dp
3 .

The use of (7.48) in this model involves two major simplifications. First, τdust is estimated for

a single dp even though Cp,poa can be calculated by summing several particle-size-specific

Cp,poa estimates. Hence, the dust layer is assumed to consist of uniformly distributed and

equally sized spherical particles. It is emphasised that dp is calculated based on the number-

based particle size distribution of the deposited dust. This is derived from but is not equal to

the mass-based distribution of particle-size-specific Cp,poa levels. Second, the dust particles

are assumed to have the optical properties of Saharan dust as reported by Ryder et al. (2013).

Based on the Mie scattering simulations of Piedra and Moosmüller (2017), this assumption

results in ηbsa ≈ 0.5. ηbsa is dependent on the particle size. The value of 0.5 matches with a

dp of 4 µm at a light wavelength of 0.6 µm. dp of 4 µm is the largest particle size simulated by

Piedra and Moosmüller (2017). The ηbsa ≈ 0.5 approximation is consistent with the earlier

experimental findings of Katzan and Edwards (1991) and, hence, adopted in this model. In

addition to the particle size, the assumed dust type has an impact on ηbsa. ηbsa can range

between 0 and 2.5 according to Piedra and Moosmüller (2017).

The contour plot of Figure 7.8 presents the dependence of τdust,0 on Cp,poa and dp as defined

in (7.48). Hence, the figure visualises the variability of SR in a black-sky scenario where a beam
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Figure 7.8 – Dependence of the dust layer transmittance (τdust,0) for a surface-normal light
beam on dust density (Cp,poa) and on mean particle diameter (dp) as per equation (7.48) with
ηbsa = 0.5 and ρp = 2.65gcm−3.

of light is normal to the POA surface. In the model, the default value of ρp is set to 2.65 gcm−3

as per, (, e.g.,) Al-Hasan (1998), Wagner et al. (2009), and Ryder et al. (2013). This value is also

used in the calculations for Figure 7.8. The figure’s τdust,0 estimates can be expected to be at

their most accurate at dp ≈ 4µm, on which the ηbsa ≈ 0.5 approximation for Saharan dust is

based. Figure 7.8 shows the reverse effects of Cp,poa and dp on τdust,0 as predicted by (7.48).

Different dust layers with the same area densities can result in very different τdust,0 (or SR)

levels depending on dp. Inversely, a τdust,0 level of 0.5, for instance, can be caused by dust

layers with dp of 1 µm, 4 µm, or 10 µm, respectively, at Cp,poa = 2.5gm−2, Cp,poa = 10gm−2,

and Cp,poa = 25gm−2.

7.3.3 Beam Transmittance of Dust

In order to estimate τdust for any incidence angle (θ) of the incoming light, one more simpli-

fication is required: it is assumed that ηbsa is not a function of θ i.e., it remains constant at

0.5 regardless of the direction of the incoming light. This allows for the usage of the purely

geometric generalisation of the dust layer’s beam transmittance (τdust,b) formulated in (7.50)

and derived by Al-Hasan (1998).

τdust,b = τdust,0
1

cosθ (7.50)

The approximation is based on the projection of spherical dust particles’ geometric cross

sections onto the POA surface along the beam direction. Hence, it quantifies the θ dependence
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Figure 7.9 – Dependence of a dust layer’s beam transmittance (τdust,b) on the beam angle (θ)
of incidence estimated by equation (7.50) for 15 τdust,0 levels.

of τdust,b by simulating the shadows cast on the POA by the particles. As per Al-Hasan (1998),

the estimates of (7.50) are in a relatively good agreement with measurements. Figure 7.9 shows

how τdust,b depends on θ as predicted by (7.50) for different levels of τdust,0. The figure shows

that for example, a 5-% soiling loss (SR = τdust = 0.95) at the normal incidence increases to a

10-% loss at θ = 60° according to (7.50).

7.3.4 Hemispherical Transmittance of Dust

By means of (7.50), soiling loss can be estimated for a light beam with any angle of incidence.

This formulation is, however, only valid in the case of unidirectional light. Therefore, under

operational conditions of PV arrays, it can only be used to quantify the attenuation of the

beam component (i.e., Gb,n cosθ) of Gpoa. A general formula of τdust for a POA that is exposed

to a mix of direct beam and diffuse light is presented in (7.51). The equation expresses τdust as

a weighted average transmittance with all the considered components of Gpoa as the weights.

In addition to τdust,b discussed above, the formula takes into account the angularly aggregated

transmittance (τdust,s) for each element s of the set (Sd) of diffuse light sources that are visible

to the POA. When estimating Gpoa for a bifacial PV array for example, Sd would comprise three

elements at its simplest: the sky and the unshaded and shaded parts of the ground. Each

element s is supposed to have a spatially uniform radiosity and thus, the radiometric level of

detail determines the considered size of Sd.

SR = τdust = kb,poaτdust,b +
∑

s∈Sd

ks,poaτdust,s (7.51)
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where kb,poa = Gb,n cosθ
Gpoa

, ks,poa is the fraction of the irradiance originating from diffuse light

source s in Gpoa, and τdust,s is the angularly aggregated dust layer transmittance for the

irradiance (ks,poaGpoa) originating from diffuse light source s.

As diffuse light source s is assumed to have a uniform radiosity (as in the case of, (, e.g.,)

isotropically distributed sky irradiance), τdust,s can be obtained as the view-factor-weighted

average τdust,b for the radiances received across all the infinitesimal elements of the diffuse

light source s. Its mathematical formulation is presented in (7.52).

τdust,s =
∫
Ωs
τdust,b cosθdΩs

πFpoa−s
, (7.52)

whereΩs stands for the solid angle subtended by diffuse light source s at the POA and Fpoa−s

for the view factor from the POA to s.

In the simplest possible real-world representation, a POA inclined at βpoa from horizontal

is exposed to three light sources s: the sun disk, the sky with isotropic diffuse radiance, and

the ground with spatially uniform and isotropic reflected radiance. In this special case, the

general τdust formulation in (7.51) takes the form shown in (7.53).

SR = τdust =
1

Gpoa

(
Gb,n cosθτdust,b +Gsky,poaτdust,sky +Ggr,poaτdust,gr

)
= 1

Gpoa

(
Gb,n cosθτdust,b +

2Gsky,poa
∫
Ωsky

τdust,b cosθdΩsky

π(1+cosβpoa)
+

2Ggr,poa
∫
Ωgr

τdust,b cosθdΩgr

π(1−cosβpoa)

)
,

βpoa ∈ [0,π], (7.53)

where Gsky,poa and Ggr,poa stand for the POA-normal diffuse irradiances originating, respec-

tively, from the sky and the ground, τdust,sky and τdust,gr for the angularly aggregated transmit-

tances, respectively, for Gsky,poa and Ggr,poa, andΩsky andΩgr for the solid angles subtended

at the POA, respectively, by the sky and the ground.

Consistently with the geometric notation used in the dust deposition (section 7.1) and accumu-

lation (section 7.2) models, the formulation defined in (7.53) predicts SR for the upward-facing

POA side at βpoa <π/2 and for the downward-facing side at βpoa >π/2. One of the two denom-

inators of the second expression of (7.53) becomes zero at βpoa = 0 and at βpoa =π. However,

since the irradiance component (i.e., Ggr,poa or Gsky,poa) of the corresponding numerator

becomes zero then as well, the formulation remains valid also at βpoa = 0 and βpoa =π.

Figure 7.10 illustrates the relationship between τdust,s , τdust,0, and βpoa in the case of a spheri-

cal, uniform diffuse radiator that is above the horizon and visible to an inclined POA. In the

simple geometry specified for (7.53), this spherical lune would represent the part of the sky

that is visible to the POA. That is why in the below discussion of Figure 7.10, the spherical

lune is simply referred to as the sky. As the figure shows, a soiling level causing a 5-% loss at

the POA-normal beam incidence (τdust,0 = 0.95) would cause a minimum loss of 8% in the
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Figure 7.10 – Dust layer’s transmittance (τdust,s) for the diffuse irradiance received by the array
surface from the visible spherical lune above the horizon as a function of the array inclination
angle (βpoa) as estimated by equation (7.52) for 15 τdust,0 levels.

transmittance (τdust,sky) of sky diffuse irradiance. This minimum loss would be reached at

βpoa = 49°. An equivalent soiling level on the rear side of the same POA (βpoa = 131°) would

result in a 14-% loss (τdust,sky = 0.86).

When the radiative geometry surrounding the POA is known, SR i.e., the total hemispherical

τdust can be estimated using (7.51). However, no analytical solution could be found for the

diffuse part (7.52) of the equation even with the simplest geometries described above. Thus,

accurate estimates of τdust,s(τdust,0,βpoa) can be obtained only through numerical compu-

tation. It is possible, however, to approximate τdust,s for specific geometries by means of

polynomial fit functions.

This approximation is derived by assuming that, for any diffuse light source s, there always

exists a beam incidence angle (θs), at which the beam transmittance of a dust layer is equal to

the layer’s transmittance for s.

τdust,s = τdust,b(θs) (7.54)

The polynomial fit functions specified in (7.55) predict θs in two specific geometries: an open-

sky-like radiator i.e., a spherical lune above the horizon and an open-ground-like radiator i.e.,

a spherical lune below the horizon. Figure 7.10 shows that the βpoa dependence of τdust,sky is

very different for the upward-facing and downward-facing sides of the POA. The piecewise

formulation of (7.55) enables the consideration of this difference. The modified inclination
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Figure 7.11 – Comparison of dust layer transmittance (τdust,sky) estimates for sky diffuse
irradiance made by numerically solving (7.52) and by the polynomial approximations of
(7.54).

angle (β∗
poa) defined in (7.56) is used to distinguish between θs = θsky and θs = θgr.

θs =
τdust,0

(
0.1455β∗

poa
2 −0.2436β∗

poa +0.3538
)
+0.0063β∗

poa +0.6955, β∗
poa ≤π/2

min
(
π
2 ,τdust,0

(
−0.1618β∗

poa
2 +0.5537β∗

poa −0.1417
)
+0.2292β∗

poa
2 −0.5304β∗

poa +0.9742
)
, β∗

poa >π/2

(7.55)

β∗
poa =

βpoa, lunes above horizon

π−βpoa, lunes below horizon
(7.56)

Figure 7.11 compares the exact τdust,sky values obtained by numerically solving (7.52) with the

estimates of (7.54), which are based on polynomial θs approximation (7.55). As can be seen in

the figure, the approximated estimates are in a good agreement with the numerical solution.

Conclusion

This chapter describes a new physical model for forecasting the soiling loss in the output

power of solar modules under rain-free conditions. The model aims to address some of the

limitations in the design of the previously proposed models. The objective of the model is to

provide a detailed tool for forecasting the soiling loss based on parameters that are accessible

to any operator of PV systems. In particular, the model is meant to be used together with one
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of the open-source atmospheric chemistry transport models, which usually output particle-

size-resolved dust deposition flux on a horizontal surface i.e., vertical dust deposition flux (Jp).

At the preliminary stage of this thesis project, Jp was found to correlate particularly well with

soiling loss measurements. A model that is capable of forecasting the loss based on the output

of numerical weather prediction models can be used for generating typical soiling loss time

series for any location enabling a more detailed analysis of module cleaning needs already at

the pre-development stage of PV projects. Such a model would also allow for the predictive

optimisation of module cleaning strategy. Using the soiling loss predictions, cleaning activities

could be optimised for a fleet of power plants instead of a single plant. These application areas

are not possible for the soiling loss models that depend on dust area density measurements,

for example.

In this chapter, a new framework was proposed for modelling dust deposition onto an arbitrar-

ily oriented module surface via the directional gravity and wind pathways and the remaining

turbulent-diffusion-related mechanisms that do not have a dominant direction. The direction

distinction is important as it determines the tilt angle dependence of the dust deposition

flux onto a non-horizontal surface. The relative strength of the turbulent diffusion pathway

increases with wind speed. This dependence is well covered in the state of the art. The oc-

currence of buoyancy, however, is another important contributor to the turbulent diffusion

of dust particles. Among the previous models, it is only captured in the model of Coello and

Boyle (2019). Sensible heat flux, in turn, is the most important contributor to buoyancy. In the

proposed model, empirical formulations are derived to estimate it as well as ground surface

temperature at a desert site.

Another primary contribution of the proposed model is the physical consideration of the effect

of the relative humidity of the ambient air on particle adhesion via modelling the capillary

force acting on dust particles and the dew formation. Dew reportedly leads to changes in the

morphology and adhesion of the dust layer. The accumulation component also incorporates

the findings of Asay and Kim (2006) about the dependence of the structure and thickness of

water layers present on glass surfaces. The presence of water weakens Van der Waals forces,

which is also considered in the model. The accumulation component of the model finally

outputs the area density of superficial dust, which can be used to estimate the attenuation of

light in the dust layer and, thereby, quantify the soiling loss.

Soiling loss is usually quantified by the concept of soiling ratio (SR). In this model, SR is defined

as the ratio of a soiled solar module’s photocurrent to a clean module’s photocurrent. The

model integrates a previously developed model (Al-Hasan, 1998) for estimating the incidence

angle dependence of the beam transmittance of a dust layer. Using the beam transmittance

formulation, new models are proposed for estimating the hemispherical transmittance of the

dust. This transmittance is relevant for diffuse light sources such as the sky and the ground.

The total SR can finally be estimated by summing the different transmittance levels specific

to each light source weighted with their respective irradiance fraction. Thanks to the light-

source-specific transmittance estimation, the proposed model is capable of capturing the
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typical pattern of diurnal variability previously reported in the literature.
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8 Validation of the Soiling Loss Model

Chapter 7 introduces a new physical model for forecasting the reduction in a solar module’s

output power caused by the dust particles that deposit onto the module’s surface. The present

chapter reports the validation of the model and describes the experimental setup used to

collect the required measurements.

The first section of the chapter describes the methodology used in the model validation. In

sections 8.2 and 8.3, the performance of the new model is compared to that of the following

two benchmark models:

1. soiling loss estimates increasing linearly with time based on a slope that is commonly

presumed by PV plant operators in the area surrounding the validation site and

2. the estimates of the model of Coello and Boyle (2019).

In benchmark 1, the assumed slope of soiling loss is 0.5 per cent per day of exposure. The

local solar energy professionals normally use this soiling rate as the first approximation for

estimating the operating and maintenance needs of solar modules inclined at an angle close

to the site’s latitude. The latitude of the validation site is 24.4°N. As for benchmark 2, only the

model of Coello and Boyle (2019) is selected out of the reviewed four models (see section 6.2.2)

as it is the only PV-specific model whose algorithm could be reproduced. With the model of

Qasem (2013), which is the other reviewed model designed for PV modules, it is not clear how,

for example, the impact of buoyancy on dust deposition is formulated (see section 7.1.6).

Two criteria are used when evaluating the performance of the model. First, the model should

improve the accuracy of the estimation of soiling ratio (SR) compared to the adopted bench-

mark approaches in terms of mean absolute error (MAE) and mean bias error (MBE). SR is

defined in section 7.3.1. The results of this comparative analysis are reported in subsection

8.2. The second criterion is the model’s capability of reproducing the typical patterns of

SR variability. The model’s performance in this regard is assessed mainly qualitatively and

discussed in subsection 8.3.
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8.1 Data and Methods

In order to validate the new model proposed in chapter 7, an outdoor experiment was set up in

Abu Dhabi, the United Arab Emirates (UAE). The design and the operation of the experiment

is described in subsection 8.1.1. To support the model development and the interpretation of

the measurements of the outdoor experiment, measurements were made under laboratory

conditions indoors. The laboratory work is summarised in subsection 8.1.2.

8.1.1 Outdoor Measurements

This section deals with the outdoor experiment in terms of its design, the fabrication of the

mini-modules, the operation, and the data post-processing steps.

Experimental Design

The site of the outdoor experiment is located in Abu Dhabi, UAE and has the following

coordinates: 24.437°N, 54.612°E. Two satellite images showing the surroundings of the site are

shown in Figure 8.1. The location is ideal for a soiling experiment because of the reportedly

high dust deposition levels in the region (e.g., Beegum et al., 2020) and the rapid expansion of

PV capacity in the UAE. The experiment was operated for a period of half a year from late-April

2019 until late-December 2019. During this period, there were, however, several periods of

multiple weeks during which the experiment was not operational for various reasons.

Figure 8.1 – Satellite images showing the location of the experimental site in Masdar City of
Abu Dhabi (left) and in the wider region of the Persian Gulf (right) with the red arrow indicating
the site. (Courtesy: Google).

Figure 8.2 shows the experimental setup itself. As can be seen in the figure, the structure

comprises eight platforms inclined at different angles from horizontal. The covered angles

are 0°, 10°, 20°, 30°, 40°, 50°, 70°, and 90°. Each platform holds two single-cell mini-modules
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at one metre above ground level. One of the modules is meant to be exposed to soiling,

whereas the other one is supposed to be regularly cleaned. The soiling loss is monitored by

measuring the short-circuit current (Isc) of each module via four-terminal sensing using a

printed circuit board (PCB) specifically designed for the experiment. Each PCB is equipped

with a low-resistance (5 mΩ) resistor with a low temperature coefficient. From the PCB, the

resistor is connected to the poles of the mini-module closing the circuit. Due to the low

resistance, the operating condition of the modules can be expected to be close to the short-

circuit conditions in daylight. The circuit of each mini-module is connected in parallel with a

voltmeter. Following Ohm’s law, Isc can be derived from the voltage measurements based on

the known resistance level. The voltmeters of all the 16 mini-modules are in the datalogger

(Campbell Scientific, 2020) located in a sealed box behind the system and powered by a solar

module. Both the box and the solar module can be seen behind the structure in Figure 8.2. In

addition to the Isc measurements, the horizontally installed pair of mini-modules was also

equipped with sensors for measuring module backsheet temperature (Tpoa).

Figure 8.2 – Experimental setup used for monitoring soiling-induced loss in the short-circuit
current of solar modules with eight pairs of single-cell mini-modules at increasing tilt angle
on the left side and the tripod holding the gauge for collecting dust samples on the right side.

On the right side of Figure 8.2, one can see the gauge (Thomson Environmental Systems, 2020)

used for collecting dust samples in order to estimate the dust deposition flux at the site. The

gauge consists of a tripod holding a metal cylinder at two metres above ground level. When

operational, the cylinder contains a glass bottle with an uncovered opening. The dust samples

are collected by washing the bottle with de-ionized water and storing the water that contains

the dust. The structure’s mechanical fit was tested at the time when the photograph was taken;

none of the mini-modules are shaded under normal operating conditions.

In addition to the Isc, Tpoa, and dust deposition flux measurements, decomposed irradiance

and meteorological data are needed for the evaluation of the model. The weather and irra-

diance monitoring stations are located at distances of approximately 100 and 700 metres,

respectively, from the experiment. The distance to the irradiance monitoring station is so long

that the time series of the irradiance data need to be matched with the other measurements at

a separate data processing step described below in this section.
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Module Fabrication

Before the construction of the experiment, the mini-modules were fabricated in-house at

CSEM. The fabrication involved the soldering of the interconnection wires onto the cells, the

stacking of the module sublayers, and the lamination of the stacks to form encapsulated mini-

modules. All mini-modules were equipped with thermocouples that were placed between

the cell and the backsheet. The thermocouple integration enables robust Tpoa measurements

without the need for gluing sensors on the modules’ rear surfaces. The deployed cells are

based on the Passivated Emitter and Rear Cell technology and donated for the project by Meyer

Burger Technology AG. Before installing the modules in the structure, their performance was

characterised under standard test conditions in a module characterisation laboratory in Abu

Dhabi.

Operation of the Experiment

As already mentioned above, the monitoring of soiling loss is performed by comparing the

Isc levels of two mini-modules whose only difference is supposed to be the dust layer on the

surface of the soiled reference module. In practice however, the clean reference modules

cannot be kept clean all the time. They were cleaned 1-3 times per day during the operation of

the experiment. The dust sample was collected every day when the clean reference modules

were cleaned — 4-5 times per week on average.

Data Processing

In order to run and evaluate the model based on the collected data, a single dataset combining

parallel time series of the irradiance, meteorological, and Isc measurements was constructed.

All the data were measured at a minutely resolution but as mentioned above the irradiance

data had to be time-matched with the other measurements due to the long distance from the

experimental setup to the irradiance monitoring station. Here, a statistical method was used

where the step changes of the Isc records were compared to the step changes in the irradiance

data. The value with the closest match in the step change was chosen for each time step out of

seven variants of the irradiance time series representing delays ranging from -3 to 3 minutes.

In order to estimate the particle diameter to be used in the light attenuation component of the

model and downscale the daily (at minimum) resolution of the dust flux measurements, the

atmospheric chemistry transport model CHIMERE (LMD (CNRS) et al., 2017) was simulated

for the site and the timeframe of the experiment. The model outputs particle-size-resolved

dust deposition flux at an hourly resolution. First, the simulated dust flux estimates are

normalised such that their summations over the particle sizes and over the hours covered

by each daily sampling period equal to the observed dust deposition flux. Then, by looping

through the time series in daily chunks, the daily time series of dust flux measurements can

be downscaled to hourly resolution and resolved into particle-size-specific time series.
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8.1.2 Indoor Measurements

After collecting the dust samples mixed in water from the site of the outdoor experiment, they

were pumped through filter papers whose weights were measured before the filtration. The

wet filter papers are then dried in an oven. The weights of the dried filter papers are measured

again. The difference between the weights after and before the filtration is supposed to be the

weight of the dust. This weight can then be converted into vertical dust deposition flux (Jp) by

dividing it by the opening area of the collection bottle of the dust deposition gauge and by the

time between the consecutive sample collection events.

Indoor measurements were also made to obtain values for the model’s parameters that are

not easily available. Specifically, the parameter values needed for the model are the surface

characteristics of weathered solar glass sheets — similar to the glass superstrates of the mini-

modules used in the experiment. The glass surfaces of all PV modules that are exposed to

outdoor conditions for several years can be expected to form similar characteristics as the

characterised glass samples. As explained in section 7.2.2, Kyowa DMo-501 contact angle meter

was used to measure the water contact angles of the glass samples. The surface roughness of

the samples was analysed with a digital holography microscope DHM R2100.

8.2 Prediction of Soiling Ratio

The scatter plot shown in Figure 8.3 illustrates the performance of the three considered

modelling approaches in the case of the modules inclined at 20° from horizontal. The figure

compares the models’ estimates on y axis to the quality-assured measurements on x axis.

Thus, if a model was perfect, all the markers of the plot would be located on the black diagonal

line. The 20° tilt is the most relevant out of the eight considered angles because its value is the

closest to the site latitude. The latitude tilt is a popular reference tilt angle for solar modules as

it is often assumed to be the optimum tilt for annual energy generation at least at low-latitude

sites.

As can be seen in the figure, the proposed model provides the lowest mean absolute error

and the lowest bias. However, the performance of the linear model is not far from that of the

new one. As shown in Table 8.1, the linear model actually provides its best performance with

horizontally tilted modules. This implies that the assumption of the soiling rate of 0.5 per

cent per day appears to overestimate the soiling loss with tilted modules in Abu Dhabi. As

can be expected, the performance of the linear model gradually deteriorates towards higher

inclination angles (βpoa). The horizontal lines in the scatter plot represent the diurnal SR

variability that neither the linear model nor the model of Coello and Boyle (2019) can capture.

These models assume a gradual decrease in SR throughout the day.
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Figure 8.3 – Scatter plots illustrating the performance of the three considered SR modelling
approaches in the case of the modules inclined at 20° from horizontal with the black diagonal
line showing the estimates of a perfect model and the colours denoting the density of the data
points (red: dense, blue: scarce).
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Table 8.1 – Performance of the considered models for estimating soiling ratio at four different
module tilt angles.

-0.5 % day-1 Coello & Boyle (2019) New modelTilt
angle MAE [%] MBE [%] MAE [%] MBE [%] MAE [%] MBE [%]

0° 2.97 -1.95 9.53 +9.52 4.40 +4.06
20° 3.23 -2.69 8.51 +8.51 2.96 +2.81
50° 6.55 -6.55 5.23 +5.15 1.93 -1.39
70° 7.21 -7.21 4.40 +4.37 2.23 -2.12

MAE, mean absolute error; MBE, mean bias error.

Both the new model as well as the model of Coello and Boyle (2019) tend to underestimate

soiling losses βpoa. This suggests that there is a negative bias in the dust deposition flux (Jp)

measurements. Either dust could be lost at the various stages of handling the filter paper or

the filter paper weight fluctuations may disturb the measurements of the much smaller weight

of dust. The model of Coello and Boyle (2019) provides consistently higher SR estimates than

the new model. This is the case even if the model of Coello and Boyle (2019) is modified such

that all dust that deposits onto a surface will stick to it until the next cleaning. This assumption

would result in a significantly higher area density of the dust than in the case of the new model.

Therefore, the underestimation seems to be caused by the model’s empirical light attenuation

component (Hegazy, 2001). It is possible that the average particle size of the dust for which

the model of Hegazy (2001) was developed is larger than the size in Abu Dhabi and as a result,

the light attenuation estimation is underestimated (see section 7.3.2).

The performance of all the models deteriorates towards lower SR (i.e., higher soiling losses).

The main reason for this behaviour is simply the fact that at the beginning, SR is equal to one

and the longer time passes, the wider its fluctuation becomes. In the case of Jp-based models,

the cumulative nature of the variable intensifies the effect. The models and the physical

phenomenon are iterative resulting in the accumulation of errors. One inaccurate dust flux

measurement affects all the estimates made after it until the next cleaning event. In Figure

8.3, this can be seen especially in the case of the new model where clusters of points become

gradually separated from the correct estimation level. The thin trajectories shown in the figure

are a result of the model’s imperfect capability of predicting the diurnal variability of SR. Each

trajectory represents one morning or one afternoon of measurements. They are clearly visible

only at the low end of measured SR values because the diurnal pattern is intensified with

higher soiling levels. Moreover, at the higher — and thus more common — SR levels, the

shorter trajectories are hidden by the large number of other data points.

8.3 Variability Patterns

Figure 8.4 gives a closer insight to the diurnal variability of SR. The figure illustrates the

estimation accuracy of the models in the case of three module inclinations. The depicted
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Figure 8.4 – The evolution of the measured and modelled soiling ratio (top) and the modelled
area density of dust accumulated on the module surface (bottom) over the time period October
17-31, 2019.

timeframe is a period of two weeks from the 17th until the 31st of October, 2019. The figure
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shows the measurements as scatters of markers at the time steps within two hours after the

last cleaning of the clean reference module. In addition to showing the soiling ratio, the figure

also presents the dust area densities predicted by the new model and the model of Coello and

Boyle (2019).

As shown in Figure 8.4, the diurnal SR variability predicted by the new model has a repetitive

diurnal pattern that is caused by the impact of solar beam angle of incidence on SR (see

section 7.3.3). The effect is clearly visible at βpoa = 0° and βpoa = 20° but does not exist at

βpoa = 70°. At βpoa = 70°, the incidence angle is constantly so wide that the hemispherical

transmittance of the dust layer is stronger than the beam transmittance throughout the day

resulting in a constant soiling ratio. Particularly the measurements of the horizontal module

verify the predicted pattern.

Figure 8.4 also gives more details on the performance of the model of Coello and Boyle (2019).

The model clearly overestimates SR even though its estimated dust density levels shown in

the bottom part of the figure are higher than those of the new model. The large difference

between the inclinations of 20° and 70° and the small difference between 0° and 20° is due to

the fact that in the model, all dust deposited onto module surfaces is assumed to be directed

downwards.

Conclusion

This chapter described the methods and reported the results of a study to evaluate the per-

formance of the model proposed in chapter 7 for forecasting soiling loss. Compared to the

considered alternatives, the improvement provided by the new model depends on the module

tilt angle. With horizontal modules, it is actually the local industry standard of assuming the

daily increase of 0.5 per cent that provides the best performance in Abu Dhabi. With increasing

tilt angle, the performance of the new model compared to the linear model improves reaching

a difference of five percentage points of MAE at the tilt angle of 70°. The gain in accuracy from

switching from the model of Coello and Boyle (2019) to the new model, in turn, narrows down

towards higher tilt angles with a difference of five percentage points at 0° and two percentage

points at 70°. The new model is able to correctly follow the diurnal SR variability, which can

be traced back to the effect of solar beam angle of incidence on SR and the variation in the

fraction of diffuse irradiance incident on the module surface.

Ground surface reflectance discussed in part I and module soiling discussed in this part are

important but second-order factors of the performance of bifacial PV systems. Both of them

influence the power output via affecting the effective irradiance incident on array surfaces.

The next part of the thesis (part III) moves to a higher level with a focus on the estimation of

the distribution of bifacial effective irradiance on array surfaces.
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9 Modelling Bifacial Irradiance in Pho-
tovoltaic Systems

Even though the bifacial design of solar cells dates back to the 1960s (Cuevas, 2005; Mori, 1966),

it was not until the 2010s that bifacial solar modules became commercially available (Romijn,

2017). The installed capacity of bifacial photovoltaics is estimated to represent only 0.8 per

cent of the total PV capacity at the end of 2019 (Sun, 2019). A boost of 5-25 per cent in annual

yield due to bifaciality has been confirmed by many comparative field studies (reviewed by,

e.g., Libal and Kopecek, 2016; Reise and Schmid, 2015) but the uncertainty of this gain remains

as a major barrier to large-scale bifacial PV adoption.

The main source of the uncertainty in bifacial gain is the estimation of the irradiance incident

on modules and the ensuing impact on the modules’ electrical performance parameters.

Section 9.1 first describes the basic building blocks for a bifacial irradiance model. Effective

irradiance is introduced in section 9.2 as a concept for translating the irradiance incident on

a solar cell into the cell’s photocurrent. Section 9.3 concludes the chapter by presenting the

state of the art of bifacial irradiance modelling.

9.1 Plane-of-Array Irradiance

The irradiance (Gpoa) incident on the plane of a PV array (POA) is usually estimated by first

dividing the light sources surrounding the POA into solar beam, sky, and reflective surfaces

and then transposing their respective radiosities onto the POA. This technique is discussed in

the context of surface reflectance in section 1.1.2.

When estimating Gpoa for unshaded monofacial modules, the general form of irradiance

transposition shown in (9.1) is commonly deployed.

Gpoa =Gb,n fb,n +Gd fd +ρG fr

=Gb,n( fb,n − fd cosθz)+G( fd +ρ fr)

=Gd( fd −
fb,n

cosθz
)+G(

fb,n

cosθz
+ρ fr), (9.1)
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where Gb,n stands for beam i.e., direct normal irradiance, Gd for diffuse horizontal irradiance,

ρ for surface reflectance, G for global horizontal irradiance, θz for solar zenith angle, and fb,n,

fd, and fr for the transposition coefficients of each of the three irradiance components. The

derivation of these coefficients is discussed below.

In the second and third expressions of (9.1), Gd and Gb,n are simply included as functions of

the other two components, respectively, using the relationship G = Gb,n cosθz +Gd. G and

Gb,n or Gd are convenient Gpoa predictors as they are commonly measured parameters and

output by most global solar resource models. If data are available only on G , an irradiance

decomposition model (see Gueymard and Ruiz-Arias (2016) for review) can be used to model

Gb,n or Gd.

Gb,n is the irradiance originating from the part of the sky covered by the sun disk. Gd, in turn,

is a measure of the irradiance from the rest of the sky incident on the ground. When modelling

global irradiance, the former is generally addressed with a point source representing the sun

disk. The actual half-angle of the disk is 0.26-0.27°. The Gb,n measurements made by a modern

pyrheliometer or another irradiometer calibrated against a pyrheliometer account for the part

of the sky within a half-angle of 2.5° from the disk’s centre (Blanc et al., 2014). Hence, Gb,n

measurements also account for irradiance from a part of the sky surrounding the sun disk.

Depending on the sky condition, diffuse radiance can strongly peak in a surrounding sky part

stretching to a half-angle significantly wider than 2.5° (Blanc et al., 2014). The phenomenon is

due to the fact that the atmosphere is not a perfectly Lambertian scatterer. With visible light,

forward scattering is the dominant process resulting in a peaked sky radiance distribution

around the sun disk. This part of the sky is generally referred to as aureole or circumsolar

region. This is particularly the case under turbid sky conditions characterised by a large aureole.

From the POA point of view, terrestrial obstructions typically block light originating from the

near-horizon parts of the sky. The circumsolar component (Gcs) of Gd can only be blocked at

low solar elevations. Under turbid conditions, the irradiance drop due to the obstruction can,

therefore, be severely overestimated if its estimation is based on the whole of the measured

Gd, which also encompasses Gcs. The isolation of Gcs is necessary for quantifying Gpoa as well

as the impact of obstructions.

Given the point source assumption of Gb,n, fb,n is geometrically straightforward to define as

the cosine of the surface incidence angle (θ) of the direct beam from the centre of the sun

disk. The efforts to improve the accuracy of Gpoa estimation have been concentrated on the

definition of fd i.e., the estimation of sky diffuse irradiance on an arbitrarily inclined surface.

The most accurate and commonly used fd models such as the one proposed by Perez et al.

(1990) are functions of solar geometric parameters. By contrast, fr is commonly assumed to

be independent of solar geometry with the well-known formulation derived by Moon and

Spencer (1942) and presented in (9.2).

fr = (1−cosβpoa)/2, (9.2)
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where βpoa stands for the POA inclination angle from horizontal.

As expressed in (9.2), fr represents the view factor (F ) from the top surface of a plane inclined

at an angle βpoa from horizontal to an infinitely large horizontal surface below the plane.

Uneven shading is a factor contributing to the spatial variability of Gpoa on module surface. In

large-scale systems, the primary source of shading is the shadows cast by PV arrays themselves.

Array cross-shading can significantly reduce beam and sky diffuse POA irradiance. Through

well-designed array spacing however, it can be limited to periods of low solar elevation. By

contrast, surface-reflected POA irradiance (Gr,poa) is reduced by shadows on the reflective

surfaces and the impact is rather intensified by solar elevation. As the accurate estimation

of Gr,poa is particularly important for bifacial PV systems, the efforts to improve bifacial Gpoa

estimation have been concentrated on decomposing the third, ground-reflected irradiance

term of the first expression of (9.1) into multiple terms representing different sources of Gr,poa

based on array shading. The decomposition is commonly performed through F calculations

linking the irradiance i.e., radiant flux density emitted from surface S2 and directly incident on

surface S1 (GS2−S1 ) to the radiosity i.e., radiant flux density emitted from surface S2 (JS2 ) as for-

mulated in (9.3). The equation incorporates the general definition of F . Another formulation

of F allowing for solving (9.3) for GS2−S1 or JS2 is expressed in (10.2) in section 10.2.2.

GS2−S1 =
FS2−S1 AS2 JS2

AS1

= FS1−S2 AS1 JS2

AS1

= FS1−S2 JS2 , (9.3)

where AS1 stands for the area of surface S1, AS2 for the area of surface S2, and FS1−S2 and FS2−S1

for the view factors from surface S1 to surface S2 and vice versa, respectively.

The equality of the second and third expressions of (9.3) is a manifestation of the reciprocity

theorem for view factors. Ray tracing is an alternative to this view-factor-based approach but

due to its high computational requirements, it is often excessively time-consuming for array

performance simulation (Hansen et al., 2016). That is why the models reviewed in this chapter

and the new model described in chapter 10 are based on view factor estimation.

9.2 Effective Irradiance

The electrical performance of a solar cell is commonly simulated by means of a diode model,

in which the effect of light intensity is factored in through photocurrent (Iph) and cell temper-

ature (Tc). In the case of an undamaged cell with moderate series resistance, the more easily

measurable short circuit current (Isc) can be used as a safe approximation of Iph. The effect of

irradiance is direct via Iph and, thus, much stronger than the indirect effect via Tc. Reverse

saturation current, diode ideality factor, and parasitic loss parameters are also known to be

affected by irradiance (e.g., Khan et al., 2010) but often regarded as constant. The datasheets

of solar modules commonly specify the modules’ electrical performance parameters under

standard test conditions (STC) with prescribed level and spectrum of POA irradiance (Interna-
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tional Electrotechnical Commission, 2006). Under real operating conditions, deviations from

these STC values are addressed by effective irradiance (Geff).

Geff is a calculational parameter that is derived from Gpoa by compensating for any irradiance-

related deviation from a linear Gpoa-Isc dependence with respect to the STC resulting in the

formulation of Isc presented in (9.4).

Geff := Isc

Isc,stc

Gpoa,stc

1+αI sc(Tc −Tc,stc)
⇒ Isc = Isc,stc

(
1+αI sc(Tc −Tc,stc)

) Geff

Gpoa,stc
, (9.4)

where Isc,stc, Tc,stc, and Gpoa,stc stand for Isc, Tc, and Gpoa under the STC, respectively, andαI sc

denotes the temperature coefficient of Isc.

The nonlinearities can be due to angular reflection, soiling, solar spectral variation, or bifa-

ciality. In order to meet the irradiance uniformity requirements of the STC (International

Electrotechnical Commission, 2007), a module of interest is usually placed near a parallel,

low-ρ surface exposed to irradiance with a low diffuse fraction and a surface-normal inci-

dence (θ = 0°). Therefore, the STC contribution of the module’s rear side to Isc is negligible

even if the module has a bifacial design. Under real operating conditions, this is obviously

not the case. However, due to the asymmetric cell structure (Romijn, 2017), even equiva-

lent Gpoa levels on both sides do not translate to doubled Isc as compared to the monofacial

case. This asymmetry is addressed by the Isc bifaciality coefficient φI sc of the module rear

surface (φI sc = Isc,rear/Isc,front as per Deline et al. (2016)). Deline et al. (2016) introduce bifacial

equivalent irradiance, which corrects Gpoa only for bifaciality and is, thus, a special case of

Geff.

In the Geff definition proposed here, only the nonlinearity resulting from Tc variation is not

considered in order to keep Geff independent of thermal modelling. Hence, it has to be

separately included in (9.4). After normalising Geff by Gpoa,stc (1000 Wm−2), the unit "sun" can

be used with it. Therefore, normalised Geff estimation can be understood as the Wm−2-to-sun

unit conversion for Gpoa. The Geff definition is contingent on how the STC are defined. As the

related standards (International Electrotechnical Commission, 2006, 2007) do not specify the

distribution of radiance, it is assumed here that under the STC, the direction of all the incident

photons is normal to the POA.

9.3 Prior Art

This section presents a review of the previous literature dealing with estimating bifacial

irradiance using view-factor-based models. Subsection 9.3.1 discusses the different models

especially from the viewpoint of their radiometric level of detail. Subsection 9.3.2 focuses on

the techniques previously adopted to reduce the computational load of the models.
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9.3.1 Bifacial Irradiance Models

Seven recently published view-factor-based bifacial Gpoa models (Yusufoglu et al., 2015;

Janssen et al., 2015; Lindsay et al., 2016; Mermoud and Wittmer, 2016; Marion et al., 2017;

Hansen et al., 2017; Chudinzow et al., 2019) are reviewed in this section. They are used as the

starting point for the development of the model presented in chapter 10. Table 9.1 lists the

models along with selected differentiating features.

While Hansen et al. (2017), Janssen et al. (2015), and Yusufoglu et al. (2015) provide Gpoa

estimates only for a single module or array above a reflective ground surface, Lindsay et al.

(2016), Marion et al. (2017), Mermoud and Wittmer (2016), and Chudinzow et al. (2019) also

consider neighbouring arrays. The model previously devloped by Lindsay et al. (2015) is

extended to consider horizontal single axis tracking (HSAT) arrays by Lindsay et al. (2016).

Marion et al. (2017) propose a computationally efficient, simplified Gpoa estimation method

assuming infinitely long parallel arrays previously introduced in the model of Mermoud and

Wittmer (2016).

The models cover two possible reflective surfaces as possible Gr,poa sources: ground (all

models) and neighbouring arrays (Lindsay et al., 2016; Marion et al., 2017). Table 9.1 shows

how the reviewed models consider the impact of shading on the irradiance that is incident

on the surfaces and partially reflected onto the POA of interest. In this regard, the models of

Lindsay et al. (2016) and Chudinzow et al. (2019) are the simplest among the seven as they

assume that ground shading only affects beam horizontal irradiance (Gb) and does not affect

the diffuse irradiance incident on the ground. This is what is meant by the "full Gd" in Table

9.1. Janssen et al. (2015) make a similar assumption but in their model, shading eliminates

both Gb and Gcs. Hansen et al. (2017), Marion et al. (2017), Mermoud and Wittmer (2016), and

Yusufoglu et al. (2015) take into account the attenuation of Gd due to arrays that are blocking

part of the ground view to the sky ("reduced Gd" in Table 9.1). While Hansen et al. (2017)

and Yusufoglu et al. (2015) do this by calculating exact shadow-segment-to-cell view factors,

Marion et al. (2017) and Mermoud and Wittmer (2016) use (9.2) to approximate the ground-

sky view factors for separately considered ground strips between the assumed infinitely long

parallel arrays. The sky is blocked by arrays also on unshaded parts of the reflective ground

surface. This blocking is, however, considered only by Mermoud and Wittmer (2016).

Lindsay et al. (2016, 2015) do not specify how the part of Gr,poa that is reflected from the

neighbouring arrays is modelled in their model (Lindsay et al., 2016). Marion et al. (2017)

do it by applying the air-glass model of Sjerps-Koomen et al. (1996) only to sky diffuse POA

irradiance (Gd,poa,na) incident on the opposite surface of the neighbouring array. Marion et al.

(2017) do not consider shading and sky blocking when estimating Gd,poa,na.

The model of Lindsay et al. (2016) stands out with its variable ground reflectance model that

expresses ρ as a function of θz and diffuse fraction of irradiance. The ρ model is described in

detail by Chiodetti et al. (2016). The performance of the ρ model is discussed in comparison

with various alternative models in chapter 3. The other reviewed models require ρ as a
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Table 9.1 – Overview of reviewed bifacial plane-of-array irradiance models.

Irradiance estimated on
Authors Research group System domain

shaded ground considering NAs considering

Yusufoglu et al. (2015) RWTH / ISC Konstanz
3D
single module/array

reduced Gd

Gb = 0 Wm−2 not modelled

Janssen et al. (2015) ECN
3D
single module/array

full Gd

Gb = 0 Wm−2

Gcs = 0 Wm−2
not modelled

Lindsay et al. (2016) EDF
3D
parallel HSAT arrays

full Gd

Gb = 0 Wm−2 not specified

Mermoud and Wittmer (2016) PVsyst
2D
single module/array

reduced Gd

Gb = 0 Wm−2 not modelled

Marion et al. (2017) SNL / NREL / UIowa
2D
parallel fixed arrays

reduced Gd

Gb = 0 Wm−2

Gcs = 0 Wm−2
Gd,poa,na

Hansen et al. (2017) SNL / NREL / UIowa
3D
single module/array

reduced Gd

Gb = 0 Wm−2

Gcs = 0 Wm−2
not modelled

Chudinzow et al. (2019) Universität Stuttgart
3D
parallel fixed arrays

full Gd

Gb = 0 Wm−2 not modelled

2D, considering infinitely long arrays; 3D, considering finite arrays; Gb, beam horizontal irradiance; Gcs, circumsolar component
of Gd; Gd, sky diffuse horizontal irradiance; Gd,poa,na, sky diffuse POA irradiance on the opposite surface of a NA; HSAT, horizontal
single axis tracking; NA, neighbouring array.
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constant parameter. The two-dimensional (2D) models (Marion et al., 2017; Mermoud and

Wittmer, 2016) may prevent a detailed quantification of cell mismatch arising from hetero-

geneous Gpoa on bifacial modules. This is problematic as the mismatch of series-connected

cells may result in a major drop in module output (Peled and Appelbaum, 2017).

Based on the published model descriptions, Marion et al. (2017) consider the different compo-

nents of Gr,poa the most comprehensively with the exception of their assumptions of infinitely

long arrays and constant ρ. None of the reviewed models support array geometries involving

dual axis tracking (DAT) or single axis tracking (SAT) with a non-horizontal axis or modules

tilted with respect to the axis.

Among the reviewed models, Hansen et al. (2017), Marion et al. (2017), and Yusufoglu et al.

(2015) actually output Geff estimates as they consider the angular reflection losses by weighting

Gpoa components by their respective angular reflection correction factors derived from the

incidence angle modifier models of Martín and Ruiz (2001) and Sjerps-Koomen et al. (1996)

and the ray tracing simulations of Yusufoglu et al. (2013), respectively. Furthermore, Yusufoglu

et al. (2015) also address spectral variation by means of the empirical relation proposed by

King et al. (2004).

9.3.2 Techniques for Reducing Computational Load

When modelling large-scale PV systems equipped with monofacial solar modules, it is often

sufficient to consider ground as a homogenous, isotropic irradiance source covering the entire

visible part of the below-horizon zone as opposed to the sky above the horizon. As discussed

above, this is not the case with systems with radiatively complex surroundings such as bifacial

PV systems particularly in multiple-array configurations. The computational weight of the

purely geometric modelling steps increases when the impact of obstructions blocking the array

surfaces’ view to the sky or the ground can no longer be neglected or when the contribution of

surface-reflected irradiance becomes more significant as in the case of bifacial PV systems.

Simplification is the most common way of addressing the higher computational needs of

geometric modelling. For instance, the tools adopted by PVsyst SA (2018a) or Marion et al.

(2017) for the performance simulation of bifacial PV systems settle for two-dimensional

analysis where the radiative interaction between the array and its surroundings is assumed to

vary only in a single horizontal direction in addition to the vertical direction. The low level

of geometric detail may prevent the valid evaluation of systems comprising multiple array

surfaces.

Another obvious method of reducing the computational burden is to pre-calculate constant

parameters prior to performance simulation. An example of such a parameter is the view

factor from a point of the ground surface to the sky with fixed mounting of arrays. The pre-

calculated look-up tables are used by, (, e.g.,) Li (2016) and PVsyst SA (2018a). If the mounting

geometry changes as in the case of solar tracking, this cannot be done, however.
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In the case of tracking systems, system geometry is continuously adjusted following the path

of the sun. Moreover, when the performance impact of ground shading is significant as in the

case of a system of multiple bifacial PV arrays, in radiative terms, the geometric parameters

even change with fixed mount configurations. When estimating temporally variable geometric

parameters, PVsyst SA (2018a) and Chiodetti et al. (2015) use interpolation to reduce com-

putational needs. PVsyst SA (2018a) pre-calculate geometric parameters for seven different

HSAT positions and interpolate them for any position determined by the solar geometric time

series of interest during the simulation. This method can be applied to parameters whose

dependence on the sun’s position manifests itself only through the changing tracker geometry.

Thus, shading geometry still needs to be simulated at each time step.

While PVsyst SA (2018a) perform the interpolation between tracker positions, Chiodetti et al.

(2015) base it on time and, hence, can apply it also to shading geometry. Chiodetti et al. (2015)

pre-generate daily profile time series of all geometric parameters for each month of interest.

During performance simulation, the values between the reference dates are then obtained by

linearly interpolating between the values at the corresponding time steps of the daily profile

files. This method is appropriate for the assessment of long-term project feasibility but due

to the temporal nonlinearities in the radiative geometry of solar energy systems, it is not

suitable for real-time monitoring or forecasting of system performance. Detailed performance

simulation involves several Boolean parameters whose occurrence creates abrupt changes

in the radiative interaction between arrays. Such parameters are related to the occurrence

of array cross-shading, array cross-blocking, specular reflections, and array sky and cross-

blocking for the ground surface. Furthermore, with tracking PV systems, array cross-shading

is often reduced through backtracking processes, thus, further decreasing the suitability of

linear interpolation.
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10 Effective Irradiance Model for Bifacial
Photovoltaic Systems

The review presented in chapter 9 shows that no detailed model exists for estimating effective

irradiance (Geff) for a multiple-array bifacial photovoltaic system with an arbitrary array

geometry. This chapter describes a new model that is aimed to fill this gap. The model is

designed for repetitive real-time monitoring or prediction of system performance as well as

for long-term yield estimation supporting a comparative assessment of system design options.

The model’s reference system configuration is a ground-mounted utility-scale bifacial PV

system installed at a flat site with an optically homogeneous surface. The threefold objective

is to advance the state of the art of bifacial Geff estimation in terms of scope, accuracy, and

computational efficiency.

As for accuracy, the goal is to develop a tool that enables reliable estimation of cell mismatch

loss considering both ground shading for each cell and neighbouring arrays. Computational

requirements tend to increase when improving the accuracy or extending the scope of a

modelling tool. Section 10.1 first presents a novel algorithmic architecture that is designed to

keep the computational load at an acceptable level in spite of the increased level of detail. The

proposed dual-domain architecture is based on the division of the simulation process into the

following two stages:

1. a purely geometric, deterministic stage that needs to be performed only once for a given

system design, and

2. the stochastically time-dependent part of the system performance simulation.

The developed model for Geff estimation is based on this new algorithmic architecture. The

radiative simulation process itself is described step by step in section 10.2.

10.1 Dual-Domain Algorithmic Design

This section introduces a novel algorithmic architecture that permits detailed geometric

modelling of radiatively complex solar energy systems while keeping the computational
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requirements at an acceptable level. Subsection 10.1.1 describes the proposed architecture

and subsection 10.1.2 discusses its computational efficiency.

10.1.1 Algorithmic Architecture

The new algorithmic design for the performance simulation of radiatively complex solar

energy systems is based on the division of the simulation process into:

1. geometric mapping based on the site’s or the sites’ solar angular distribution and per-

formed once for a given system design,

2. domain transformation via a look-up operation (performed once for the geospatiotem-

poral (i.e., site-time-based) domain of solar meteorological data to merge the geometric

maps into the geospatiotemporal domain of interest), and

3. system performance simulation based on the solar meteorological data and performed

at every time step for each site of interest.

The high-level structure of the proposed design is based on the above sequence of simulation

steps. Table 10.1 accordingly specifies three fundamental building blocks of the design.

Table 10.1 – Fundamental building blocks of the dual-domain algorithmic design for the
performance simulation of solar energy systems.

Element Function

Geometric
mapping

Pre-estimation of all the parameters independent of solar meteorological
variability and their storage in geometric maps

Domain
transformation

Conversion of the geometric maps into geolocated geometric time series

System
performance
simulation

Estimation of the performance of a solar energy system based on the
time series of geolocated geometric and solar meteorological data

The component diagram of Figure 10.1 illustrates the proposed high-level algorithmic de-

sign specified in Table 10.1 and the inner structure of the component “Geometric mapping”

when considering radiatively complex interaction between a PV array and its surroundings.

The component “Geometric mapping” calculates all the solar geometric variables based

on a solar geometric mesh constructed as per the user’s area and time of interest. The re-

sulting geometric maps are converted by the component "Domain transformation" into

site-specific time series matching with those of the meteorological input data on, (, e.g.,)

irradiance and ambient air temperature. Finally, the component “System performance simu-

lation” estimates the useful system output based on the geometric and meteorological time

series together with technological parameters. The technological parameters refer to the
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Figure 10.1 – Component diagram illustrating the fundamental building blocks and potential input-output relationships of the proposed
algorithmic design.
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system-specific constants influencing the system’s performance with no dependence on the

geographical, solar angular, or temporal domains. Such parameters include, for instance, the

electrical performance indicators measured under the standard test conditions of PV devices

as per (IEC 60904-3 Ed.2) (STC).

Figure 10.2 presents an example of the data flow of solar beam incidence angle (θ) estimation

in the proposed algorithmic design. In the figure, the first step (Figure 10.2a) shows the output

of the sub-component “Solar geometric meshing” for two sites and the year of 2017 at a 3°

angular resolution. This is the solar angular distribution of interest and the basis domain of the

component “Geometric mapping”. The second step (Figure 10.2b) presents the geometric map

of θ output by the component for a solar energy system of the user’s interest. For illustration

purposes, in the figure, the output is presented separately for the two sites of interest. In an

actual geometric map however, no distinction is made between sites as in the solar angular

domain, solar geometric parameters do not experience geospatial variability. Finally, the third

step (Figure 10.2c) shows the subsequent output of the component "Domain transformation"

where the solar angular domain of the θ estimates is converted into the geospatiotemporal

domain of the solar meteorological data. The illustrated dataset comprises geolocated θ time

series that can be used together with solar meteorological time series when simulating system

performance.

The dual-domain algorithmic design suits a variety of complexity levels. The building blocks

of the component “Geometric mapping” illustrated in Figure 10.1 represent a fundamental

structure that can be realised in various forms. Furthermore, the input-output linkages shown

in the figure are relationships that are possible but not necessary. For instance, the feedback

loop between the sub-components “Array configuration” and “Mapping of radiative inter-

action between arrays and surrounding surfaces” is present only when the configuration of

array surfaces is re-adjusted after mapping array cross-shading or beam reflection occurrence

as when backtracking sun-tracking PV arrays. For another example, the sub-component

“Mapping of radiative interaction between array and sky” addresses the need of estimating

the proportion of an array point’s sky view obstructed by other arrays or objects external to

the system. This sub-component requires inputs directly from the sub-component “Solar

geometric meshing” only if anisotropic sky blocking analysis is performed. Whether or not the

mapping of the radiative interaction between the arrays is dependent on solar geometry is

determined by direct links to the sub-component “Solar geometric meshing”. For mapping

array cross-shading for instance, both the array configuration and the sun’s position need to

be known but for array-to-array view factor estimation or array cross-blocking mapping, infor-

mation about the array configuration is sufficient — regardless of the possible dependence of

the configuration on solar geometry. The sub-component “Mapping of radiative interaction

between arrays and surrounding surfaces ” can also include ground meshing, arrays’ ground

shadow mapping, and array sky and cross-blocking estimation for ground points.

In the case of radiatively complex geometric simulations, the component “Geometric map-

ping” may be computationally very demanding i.e., take several hours of computation time
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10.1. Dual-Domain Algorithmic Design

Figure 10.2 – Example intermediary outputs of the proposed dual-domain design: a) 3°-
resolution solar geometric mesh for the year 2017, b) solar geometric angle of incidence map
(solar angular domain), c) geolocated daily angle of incidence time series with hourly sampling
(temporal domain).

on a standard portable personal computer. Therefore, the algorithmic design should be imple-

mented such that the computational processes involved in this first component are run with a

high-performance work station referred to as the server here. The resulting geometric maps

are saved as files on the server’s hard disk. When moving on to simulate system performance,

these binary files can be processed by the component "Domain transformation" either on

the server or after transferring the files on another computer referred to as the client here.

The client-side domain transformation is reasonable if sufficient space is available in the

client computer and several simulations based on different geospatiotemporal sub-domains

are to be performed based on the same geometric maps as when regularly forecasting the

performance of an operational system. In terms of the requirements for digital space and

memory, the final component “System performance simulation” is the least demanding in case

standard optical, thermal, and electrical system performance modelling tools are deployed.

The solar geometric mesh, the basis domain of “Geometric mapping” is two-dimensional.

When moving ahead in the component however, more dimensions are added depending on

the level of complexity of the system design of interest. “Array configuration” can output
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four-dimensional coordinate matrices in the case of trackers or simply two-dimensional (2D)

matrices containing coordinates for each cell/module of each array of the system with a fixed

configuration. In addition, some of the component’s output variables such as θ are the same for

every surface of the system and vary only in the solar geometric mesh. The sub-components

“Mapping of radiative interaction between array and surrounding surfaces” and “Mapping

of radiative interaction between array and sky” output a variety of variables connecting the

cells/modules of arrays, ground, sky, and surrounding objects external to the system. The

complex variables can vary in as many as five dimensions. Figure 10.1 gives examples of these

output variables. Finally, the component "Domain transformation" processes all the outputs

of “Geometric mapping” by converting their solar angular domain into a geospatiotemporal

domain. This process does not influence the number of dimensions of the output variables as

the two solar geometric dimensions are converted into geospatial (i.e., site) and temporal (i.e

time) dimensions.

10.1.2 Computational Efficiency

In recurring tasks, the proposed algorithmic design allows for concentrating computational

resources on the solar meteorological steps, which actually determine the uncertainty of

the final output estimates. Prime examples of such tasks are the real-time or predictive

performance simulation of a real system and the assessment of different system design options

for multiple sites in, (, e.g.,) geospatial mapping or initial design optimisation applications. As

compared to the previous approaches adopted by Chiodetti et al. (2015), Li (2016), and PVsyst

SA (2018a), the proposed algorithmic design enables significantly more detailed geometric

modelling of operational PV systems with complex radiative surroundings without significantly

increasing computational requirements. As the solar geometric parameter values can be

predicted with high accuracy at any time step, it is not necessary to limit the isolation of

purely geometric simulation steps to the look-up tables of temporally constant parameters

(as in Li, 2016; PVsyst SA, 2018a) or to reference structure positions and daily profiles (as in

Chiodetti et al., 2015; PVsyst SA, 2018a). In the proposed dual-domain algorithmic design,

all the geometric parameters, also the temporal variables, are pre-processed prior to the

remaining part of the simulation. The optimal resolution of the solar geometric parameters is

based on spatial, namely solar angular, dimensions rather than time because the variability of

the intermediary outputs of the geometric steps is fundamentally linked to the solar path in the

sky. Hence, in the case of PV systems whose performance simulation involves time-consuming

geometric steps, computational requirements can be significantly reduced by first processing

the geometric steps based on solar angular maps and merging the intermediary outputs with

the time series only for the remaining, meteorology-dependent steps.

In the spherical coordinate system, the two-dimensional (unit spherical) sun’s position is

determined by solar zenith angle (θz) and solar azimuth angle (φs). In order to construct

the θz-φs meshes matching with the geospatiotemporal domain boundaries, an initial high-

resolution time series is generated by means of the computationally efficient SG2 algorithm
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(Blanc and Wald, 2012) based on a dense sequence of 15-second time invervals covering the

entire timeframe and each site of interest. The solar geometric mesh is resampled out of

this initial time series. Its angular resolution should be designed such that the estimation

accuracy of the geometric parameters is not notably reduced while the number of the resulting

simulation points is significantly less than the number of points in the meteorological data

for performance simulation. With an angular resolution of 3°, the implemented approach

results in a reduction of 54% to 79% in data points compared to the traditional time series-

based simulation based on yearly data at an hourly resolution for a single site. The range of

the reduction is due to the latitude dependence of the angular distribution of the sun’s sky

positions. Figure 10.3 shows the sky maps of solar positions at an angular resolution of 3° for

the year 2017 for sites in Winterthur (47.50°N, 8.73°E) and in Abu Dhabi (24.44°N, 54.61°E).

When digital memory is not a limiting factor, the computation time required for the “Geomet-

ric mapping” component is directly proportional to the number of data points regardless of

whether the data are distributed in a solar angular domain or a geospatiotempolar domain.

This does not apply to very simple systems such as solitary arrays in which case the construc-

tion of the solar geometric mesh itself accounts for a major part of the time consumed. As can

be seen from the figure, the 3° angular resolution illustrated in Figure 10.3 but applied to an

all-sky mesh covering all possible sites and time steps would result in a lower number of data

points (Ndp = 3600) than the annual number of daytime hours at an average site (Ndp = 4426).

In other words, the geometric maps constructed based on a 3°-resolution all-sky mesh are

faster to generate than an annual hourly time series of the same solar geometric variables for

a single site. The angular resolution of 3° represents a time resolution of approximately 5-15

minutes depending on the time and the location.

Figures 10.5 and 10.6 show how the size of the all-time mesh depends on the geographical

coverage of interest at mesh resolutions of 1° and 3°, respectively. A 1°-resolution all-time

mesh for a single site in Abu Dhabi, for example, already contains 43 per cent of the data

points of the global, all-sky mesh, which covers any site in the world. With a 3° resolution,

the proportion rises to 45 per cent. Thus, when using the proposed algorithmic design, the

marginal computational cost of increasing the geographical coverage of the simulation is

remarkably low.

Solar geometric meshing and the conversion of geometric maps into geolocated geometric

time series are the only processes in the proposed dual-domain approach that would not

exist in a comparable conventional, single-domain approach. Therefore, the only compu-

tational expense associated with the adoption of the proposed approach is the additional

time consumed by “Solar geometric meshing” and "Domain transformation". Hence, only

in the case of simple systems or a small number of time steps of interest, the time spent

by “Solar geometric meshing” and "Domain transformation" are not compensated by the

computationally otherwise more efficient solar geometric simulation.

Figure 10.7 presents the results of a comparative analysis of computational performance
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Figure 10.3 – Solar geometric meshes for the year 2017 in a) Winterthur (1166) and b) Abu Dhabi (1609).
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Figure 10.4 – Impact of angular resolution on the grid size of the all-sky solar geometric mesh.

Figure 10.5 – Impact of site distribution on the number of grid points in an all-time solar
geometric mesh at an angular resolution of 1°.
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Figure 10.6 – Impact of site distribution on the number of grid points in an all-time solar
geometric mesh at an angular resolution of 3°.

Figure 10.7 – Comparison of computational performance between the proposed dual domain
approach and the conventional, single-domain approach for a) a multiple-array system and b)
a solitary array with AR denoting to angular resolution.
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Figure 10.8 – Impact of angular resolution on plane-of-array irradiance (Gpoa) estimation by
means of the proposed dual-domain approach in the case of a ground-mounted system with
multiple adjacent and parallel fixed arrays on March 20, 2012.

Figure 10.9 – Impact of angular resolution on ground-reflected front plane-of-array irradiance
(Gr,poa) estimation by means of the proposed dual-domain approach in the case of a ground-
mounted system with multiple adjacent and parallel fixed arrays on March 20, 2012.
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between the proposed approach and the conventional, time-series-based approach. In this

case, the dual-domain approach is applied to a HSAT bifacial PV system with an angular

resolution of 3° and all possible time steps in Abu Dhabi (3°-AR all-time, 1 site in Figure 10.7)

or all possible sites and time steps (3°-AR all-sky in Figure 10.7).

In this specific case, the switch to the dual-domain approach results in reduced computation

time at a number of sites times number of time steps of 1500 and above with the multiple-array

configurations (Figure 10.7a) and at that of 6100 and above with a solitary array (Figure 10.7b).

It should be noted, however, that if some of the yearly time steps are not simulated at any

point, the all-time solar geometric meshing would not be necessary and the time required for

the dual-domain approach could be further reduced.

Figures 10.8 and 10.9 present the performance of the proposed dual-domain approach in

terms of accuracy. As can be seen from the figures, accuracy naturally depends on the angular

resolution but also on the site and the output variable. As can be seen in Figure 10.9, the

impact on the estimation of Gr,poa is notable at angular resolution greater than 3°. As per these

results, the angular resolution of 3° seems to be a well-justified trade-off between accuracy

and computation speed.

10.2 Simulation Process

This section describes an application of the algorithmic architecture introduced in section

10.1 to the estimation of effective irradiance (Geff) in bifacial PV systems with arbitrary array

geometry. The activity diagram presented in Figure 10.10 shows the process flow of the

implemented algorithm. In addition to illustrating the dependencies between individual

simulation steps, the figure relates the simulation process to the three algorithmic components

discussed in section 10.1. The section describes the algorithm following the steps shown in

Figure 10.10 until "Effective irradiance estimation". The two further steps "Cell temperature

estimation" and "Array output power estimation" are included in Figure 10.10 to clarify the role

of the proposed effective irradiance algorithm in the wider context of PV system performance

simulation. However, they are not part of the effective irradiance model and, therefore, not

discussed further in this chapter.

Section 10.2.1 first describes the extended scope of the new model and the input requirements

at the different steps of the simulation. The simulation steps that are performed in the

solar angular domain belong to the "Geometric mapping" component described in detail in

subsection 10.2.2. Subsection 10.2.3 deals with the remaining steps of Gpoa and Geff estimation,

which are run for every time step in accordance with the dual-domain approach presented in

section 10.1.
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Figure 10.10 – Activity diagram of the proposed algorithm for bifacial effective irradiance
estimation and the subsequent simulation of the PV array’s electrical performance.

10.2.1 Scope and Input Requirements

Scope

As stated at the beginning of the chapter, the proposed algorithm is specifically designed

for ground-mounted utility-scale bifacial PV systems. Compared to the models reviewed

in section 9.3, the model’s scope is extended to arbitrarily dimensioned and spaced arrays
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consisting of rectangular cells mounted through one of the following five methods:

• fixed mount with user-specified POA inclination angle (βpoa,fm) and azimuthal POA

orientation angle (φpoa,fm),

• single axis tracking (SAT) with axis-aligned POA, user-specified axis inclination angle

(βsat), and azimuthal axis orientation angle (φsat),

• horizontal single axis tracking with user-specified POA inclination angle with respect to

the axis (βhtsat) and azimuthal axis orientation angle (φhtsat) (HTSAT),

• vertical single axis tracking with user-specified POA inclination angle with respect to the

ground (βpoa,vtsat) (VTSAT), and

• dual axis tracking (DAT).

In addition to the five mounting methods, the user can select the system scale of the analysis

out of three options: solitary array, parallel triplet, and power plant. As can be seen in Figure

10.10, the model’s algorithmic flow depends on the number of the considered arrays (Na). In

the analysis of a solitary array, no neighbouring arrays are considered. The parallel triplet

involves three arrays parallel to each other. Following the common configuration practices,

the arrays are parallel in the direction perpendicular to the array’s azimuthal orientation in

the case of fixed mount, HTSAT, and DAT and in the direction parallel to the array’s azimuthal

orientation in the case of SAT and VTSAT. Geff is estimated for the cells of all the three arrays. In

the power plant mode, the array configuration follows the same mounting-method-dependent

logic as in the case of the parallel triplet. However, Geff is modelled only for a single central

array. The impact of 20 surrounding neighbouring arrays is considered when simulating the

radiative environment of the central array. As in Lindsay et al. (2016) and Marion et al. (2017),

Gr,poa is assumed to consist of components reflected from two surface types: reflective ground

surface and neighbouring arrays.

Finally, the user can select out of the following four solar module types whose optical perfor-

mance parameters have been integrated into the algorithm:

• monofacial passivated emitter and rear cell module (mf-PERC),

• bifacial passivated emitter and rear cell module (bf-PERC),

• bifacial passivated emitter rear totally diffused module (bf-PERT), and

• bifacial silicon heterojunction module (bf-SHJ).

The user’s preferred module type is used to determine the module’s optical performance. The

proportions of photons reflected, transmitted, or contributing to Iph are incorporated in the

model as module-type-specific data generated by means of the SunSolve (PV Lighthouse
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Pty. Ltd., 2018) software. Module-type-specific spectral correction factors are derived out of

these data and integrated at the broadband level in the algorithm. The assumed SunSolve

simulation parameters are listed for the four reference module types in Table B.1 of Appendix.

The module external quantum efficiency (EQE) curves resulting from the SunSolve simulations

are presented in Figure 10.11. The more detailed optical pathway information is presented in

Figures B.1-B.4 of Appendix.

Figure 10.11 – External quantum efficiency curves simulated by SunSolve for the four consid-
ered module types with Isc bifaciality coefficients (φI sc) typical of each type.

Input Requirements

As shown in Table 10.2, the algorithm requires inputs from the user at three steps. The site’s

coordinates and altitude as well as the timeframe of interest are required for the mapping of

the sun’s path. The input parameters needed for array configuration depend on the chosen

mounting option but the ground clearance from the arrays’ centre points as well as the

dimensions and spacing of cells, modules, and arrays are common for all the options. Modules

are assumed to be installed such that the primary POA surface with a unity bifacial coefficient

never faces the ground and is referred to as the front surface as opposed to the rear surface

with a user-specified φI sc (see section 9.2 for description). In addition, the user has to specify

the backtracking switch (BTS) limitation i.e., the maximum allowable proportion of shaded

cells in the case of all the tracking configurations.

Further user inputs are not required until the estimation of Gpoa and Geff, which are performed

based on the geometric maps together with irradiance (G , Gb,n, Gd) time series provided by
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Table 10.2 – User input parameters.

Effective irradiance estimation
Sun path mapping Array configuration

required optional (default value)

site coordinates mounting method module type as,front (as,clean (10.1)))
site altitude FM: βpoa,fm, γpoa,fm G , Gb,n, Gd (2 out of the 3) as,rear (as,clean (10.1)))
timeframe SAT: βsat, γsat, BTS φI sc

HTSAT: βhtsat, γhtsat, BTS GR1: ground surface type
ground reflection mode:
GR1, GR2, GR3, GR4,

VTSAT: βpoa,vtsat, BTS GR2: ρ, ground surface type (optional) GR5, or GR6 (GR1)
DAT: BTS GR3: ρn, b, ground surface type (optional)
array ground clearance GR4: ρn, b, ground surface type (optional)
array dimensions and spacing GR5: ρb,60°, ρd, b, ground surface type (optional)

GR6: ρn, ρd, b, ground surface type (optional)

as, soiling-dependent angular reflection loss coefficient of the IAM of Martín and Ruiz (2001); BTS, backtracking switch; DAT, dual
axis tracking; FM, fixed mount; front, specific to module front side; G , global horizontal irradiance; Gb,n, beam normal irradiance;
Gd, diffuse horizontal irradiance; HTSAT, horizontal single axis tracking with tilted modules; IAM, incidence angle modifier; POA,
plane-of-array; rear, specific to module rear side; SAT, single axis tracking; βpoa,fm, FM POA inclination angle; βhtsat, POA inclination
angle with respect to HTSAT axis; βpoa,vtsat, VTSAT POA inclination angle with respect to the ground; VTSAT, vertical single axis
tracking with tilted modules; βsat, SAT axis inclination angle; γhtsat, azimuthal HTSAT axis orientation angle; γpoa,fm, azimuthal FM
POA orientation angle; γsat, azimuthal SAT axis orientation angle; θz, solar zenith angle; ρ, ground reflectance; ρb, ρ solely under
Gb,n at θz = 60°; ρd, ρ solely under Gd; φI sc, Isc bifaciality coefficient.
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the user. Following the findings presented in chapter 3, the algorithm also incorporates six

alternative methods for ground surface reflectance (ρ) quantification referred to as GR1-6.

The selected six methods are discussed in detail in section 10.2.3.

In order to consider the impact of soiling, the user is required to also input the soiling-

dependent angular reflection loss coefficient (as) of the incidence angle modifier (IAM) model

of Martín and Ruiz (2001). The user can also choose to use the physical model described in

chapter 7 but due to its requirements for measured or NWP-generated dust flux data, the

much simpler model of Martín and Ruiz (2001) is used as the default soiling loss model. as

can also be input as a time series. Moreover, it can take on different values for module front

(as,front) and rear surfaces (as,rear) in order to take the impact of βpoa on surface soiling into

account. Its default value is that of a clean module surface (as,clean), which can be indirectly

derived from the assumptions of Martín and Ruiz (2001) as expressed in (10.1). as,clean is also

the minimum level of as.

as,clean = −1

lnρss
, (10.1)

where ρss stands for the broadband reflectance of the module superstrate under the STC.

10.2.2 Geometric Mapping

This section describes the individual computation blocks in the geometric mapping part of

the algorithm.

Sun Position Mapping

Hemispherical sky maps of the two solar geometric variables, θz and φs, are generated by

means of the computationally efficient SG2 algorithm (Blanc and Wald, 2012). In the case

of tracking systems, this process must precede array configuration as illustrated in Figure

10.10. At first, a 15-second-resolution time series is generated for each variable over the entire

user-specified timeframe. The generated data are compressed by mapping them on the sky

dome at an angular resolution of 3° for θz and φs.

Array Configuration

The array configuration step involves the mapping of the three-dimensional (3D) Cartesian

coordinates of all the considered arrays. In addition, beam incidence angle calculation can be

regarded as part of the step as it is directly dependent on the sun’s path and the array surface’s

inclination angle (βpoa) from horizontal. While this step outputs constant parameters with

fixed systems, the array configuration of tracking systems is specific to each solar position and,

thus, the resulting configuration is defined through vectors of parameters.

All the solar cells and modules are assumed to be rectangular and their dimensioning is done
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based on the following five input parameter sets required from the user:

• vertical and horizontal cell dimensions,

• number of cells per module parallel and perpendicular to azimuthal array orientation,

• number of modules per array parallel and perpendicular to azimuthal array orientation,

• cell spacing, and

• module spacing.

The dimensioned central array is configured in a Cartesian coordinate system based on the

ground clearance and the possible angular design parameters. In the case of fixed mount and

DAT, the configuration is straightforward. At this stage, DAT systems are assumed to follow

the sun’s trajectory such that θ constantly stays at 0° by setting the array plane inclination at

θz and orientation at φs. The latter assumption is also made with VTSAT. With standard SAT,

a tracking optimization model developed by Marion and Dobos (2013) is deployed in order

to obtain the optimal axis rotation angle (ω). The special single axis tracking configurations,

HTSAT and VTSAT, are assumed to be operated as per the equations proposed by Narvarte and

Lorenzo (2008). The array geometry of all the single axis trackers is constructed by configuring

the array in 2D Cartesian coordinates, transforming the coordinate system from Cartesian to

cylindrical, and rotating the new axes as per the computed ω (SAT and HTSAT), user-given

axis orientation angles (SAT and HTSAT), and user-given axis or array inclination angles (SAT,

HTSAT, and VTSAT).

Neighbouring arrays are configured by replicating the central array configuration in new

coordinates determined by user-specified array spacing defined parallel and perpendicular

to the azimuthal array orientation with fixed mount, SAT, and HTSAT and to the cardinal

directions with VTSAT and DAT.

At the mapping steps of radiative array interaction (array cross-shading, array cross-blocking,

specular array reflection), the number of considered neighbouring arrays is reduced to ten

with fixed mount (see Figure 10.12a) and to 16 with tracking (see Figure 10.12b) from the

assumed total number of 20 arrays. A lower number of considered neighbouring arrays

naturally reduces the algorithm’s computational requirements. That is why in the case of fixed

mount systems, the ratio of array length to row spacing is assumed to be high enough for the

four furthest arrays in the direction perpendicular to the azimuthal array orientation to be

ignored. With fixed mount, the two arrays adjacent to the central array are in the same plane

with the central array and, therefore, should not be considered, either. The special case of SAT

systems, horizontal single axis tracking (HSAT) systems, are an exception amongst the tracking

systems as the arrays adjacent to the central array in the direction of the axis orientation are

constantly in the same plane with the central array. That is why only 14 neighbouring arrays

are considered with HSAT for the array interaction analysis.
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Figure 10.12 – Central array and its neighbouring arrays considered at the array interaction
mapping steps with a) fixed mount and b) dual axis tracking.

Ground and Array Shadow Mapping

Ground shadow mapping is simply performed by projecting the central array’s cell vertices

onto the ground surface along the solar-beam-aligned lines and assuming that the shadows

are perfect parallelograms. Part of this shading is cast on neighbouring arrays if array cross-

shading occurs. Array cross-shading is mapped by further projecting the cell-specific ground

shadows along the beam-aligned lines to the planes of the neighbouring arrays. In order to

do this, plane equations for all the considered arrays have to be first determined. In order to

construct the array cross-shading maps for every pair of a central array cell and its potential

ground shadow, it has to be determined whether the projected shadows coincide with the

neighbouring arrays’ cells. This is done by transforming the 3D coordinates of the vertices

into 2D planar coordinates whose axes are parallel to the array edges. The output array cross-

shading dataset contains Boolean estimates for every solar position and every pair of a cell of

the potentially shading central array and a cell of each of the considered, potentially shaded

neighbouring arrays.

Backtracking

In the case of tracking systems (see Figure 10.10), arrays are first configured to minimise θ

as if the system consisted of a solitary array. Backtracking is a process where the user-given

maximum array cross-shading constraint i.e., backtracking switch (BTS) is met by rotating the

arrays out of the solitary array optimum.

The backtracking algorithm developed for this model assumes that under all conditions, the

minimum shading conditions can be reached when the axis rotation angle stands at ω= 0°

from the surface normal with SAT and at ω= 0° from vertical with HTSAT, array orientation is

perpendicular to φs with VTSAT, and at zero inclination with DAT.

The backtracking algorithm proceeds through three steps, which can also be identified in

the example of Figure 10.13. First, all the solar geometries where the solitary array optimum

configuration does not lead to an above-BTS array cross-shading level are omitted. In these
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geometries, no backtracking is required. In Figure 10.13, backtracking iteration index 1 refers

to this step.

Figure 10.13 – Example run of the backtracking algorithm for a north-south-aligned HSAT
system with BTS = 0 and row spacings of 5 m (east-west) and 1 m (north-south) at θz = 69° and
φs = 51°.

Second, with the remaining solar geometries, the arrays are rotated to the assumed minimum

shading configurations described above (backtracking iteration index 2 in Figure 10.13). Based

on the subsequent array cross-shading mapping, another set of solar geometries is omitted.

This set comprises the geometries with configurations leading to above-BTS array cross-

shading levels in spite of the assumed minimum shading conditions. Under these solar

geometries, the constraint cannot be met and the configuration is fixed at the assumed array

cross-shading minimum.

The algorithm’s third step is the application of the bisection method to the search of the

optimal axis rotation angle in the solar geometries where the constraint can be satisfied. This

step is visualised at indices 3-7 in Figure 10.13. The bisection process is initiated by setting the

rotation angle at the midpoint between the solitary array optimum and the minimum shading

angle (backtracking iteration index 3 in Figure 10.13), after which the iterative rotation is

continued by halving the rotation interval of the previous step for each new step. The rotation

direction is determined by the BTS constraint: the axis is rotated towards the solitary array

optimum if the constraint is met (index 4 in Figure 10.13) and towards the minimum shading

angle if it is not (indices 3 and 5-7 in Figure 10.13). The iteration is continued until the rotation

interval is less than 1°.

In order to account for the uncertainty of the actual optimum after merging the geometric

maps with the solar meteorological time series, the optimal rotation angle is considered as the

angle 1° towards the minimum shading angle from the final interval’s bound that is nearer to

the minimum shading angle (index 8 in Figure 10.13).
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Mapping of Remaining Radiative Array Interaction

In addition to the mapping of array cross-shading, two other forms of radiative interaction

between the arrays can be mapped: array cross-blocking and specular array-array reflec-

tions. When mapping array cross-blocking, the vertices of four inner neighbouring arrays are

projected onto the planes of those outer arrays that can be blocked (from the central-array

viewpoint by the inner arrays) along the corresponding four lines between the vertices of

a cell of the central array and the diagonally opposite vertices of the potentially blocking,

inner array. Hence, the transparent cell and module spacing of the potentially blocking array

is not considered when mapping array cross-blocking: The blocking arrays are regarded as

continuous, opaque surfaces. An example of an array cross-blocking map for a single cell of

the central array is presented in Figure 10.14.

Figure 10.14 – View from a cell of the central array to outer neighbouring arrays either partially
or completely blocked by two inner neighbouring arrays with the black surfaces representing
the projections of the blocking arrays.

In order to construct the array cross-blocking maps for every pair of a cell of the central array

and a cell of a potentially blocked array, it has to be determined whether and which parts of

the outer array coincide with the projected blocked view surfaces (in black in Figure 10.14). As

when mapping array cross-shading, this is done by transforming the 3D coordinates of the

vertices into 2D planar coordinates whose axes are parallel to the array edges. All unblocked

parts of the neighbouring arrays either block the sky or the ground. After mapping array

cross-blocking occurrence, it is straightforward to determine which cells/modules block the

sky as the system is assumed to be located at a perfectly flat site: All the unblocked cells of

the neighbouring arrays at a higher elevation and the upper halves of the cells positioned at
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the same elevation block the sky. The resulting dataset provides cell-specific Boolean array

cross-blocking estimates from both sides of every cell of the central array to the sky and to all

the cells of the potentially blocked neighbouring arrays (four with fixed mount and HSAT and

12 with tilted SAT, HTSAT, VTSAT, and DAT). In the case of tracking systems, these data are

generated for each considered solar position.

As illustrated in the above activity diagram (Figure 10.10), array-to-array beam reflection

mapping is performed in parallel to array cross-blocking mapping. For each cell of the neigh-

bouring arrays, it is determined whether a ray directly received from the sun and specularly

reflected from the cell of a neighbouring array would be incident on a cell of the central array

and if it was, which cell of the central array in specific. This analysis is conducted by projecting

the neighbouring arrays’ cell centre points onto the central array plane at the specular angle of

reflection and determining whether the projected points coincide with the cells of the central

array by means of the planar coordinate transformation described above.

It may be computationally intensive to map radiative array interaction at the cell level as is

the case, for instance, when simulating a tracking system over a yearly range of solar geome-

tries. Two methods utilising the regularity of the assumed cell and array configurations are

deployed to reduce the computational requirements of array cross-blocking and beam reflec-

tion mapping as well as the subsequent view factor estimation steps for cells and obstructed,

anisotropic sky.

First, since the arrays of the multiple-array configurations are identical and equally spaced,

the central array’s view to the neighbouring array in front of the central array, for instance,

is the same as the view to the central array from the neighbouring array behind the central

array. Thus, in case radiative array interaction only depends on the configuration of the arrays,

its mapping process can be reduced to half of the considered neighbouring arrays as for the

remaining neighbouring arrays, the interaction can be modelled by simply transposing the

maps of the actually modelled half. In the case of beam reflection mapping, this is not possible

due to the dependence on the sun’s position.

Second, as all the modules are identical and equally spaced within arrays and all the cells

are identical and equally spaced within modules, it is possible to represent the radiative

interaction of all the central array-neighbouring array cell pairs with the four corner cells

of the central array’s four corner modules. This reduces the number of data points to 16

down from the total number of cells in an array. In contrast to the first method based on

map transposition for diagonal neighbouring arrays, this second method can also be used

with beam reflection mapping. For example, if the beam is reflected from the top-left corner

cell of a neighbouring array to the central array’s bottom-left corner cell, the same cell-to-

cell reflection can be assumed to occur between the cells immediately right of the top-left

cell of the neighbouring array and the bottom-left cell of the central array. Therefore, by

utilising indexing, the actual specular reflection calculations can be reduced as explained

above. Though, this only applies to the cells with homogeneous array cross-shading and
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array cross-blocking conditions. That is why after the reduced array interaction calculations,

the Boolean array cross-shading and array cross-blocking data need to be used to correct

the results. When mapping array cross-shading or array cross-blocking, the second method

cannot be used because both phenomena vary asymmetrically between the cells of an array.

Array View Factor Estimation

After completing the mapping of the arrays and constructing the blocking and shading

databases, view factors from each cell of the central array to the different source surfaces of

incident ground-reflected irradiance can be calculated. The general equation for the view

factor (FS1−S2 ) from surface S1 to surface S2 is presented in (10.2).

FS1−S2 =
1

A1

∫
S1

∫
S2

cosθ1 cosθ2

πr 2 dS2 dS1, (10.2)

where A1 stands for the area of S1, r for the distance between the surfaces, and θ1 and θ2 for

the angles between the respective surface normals and the line between the surfaces.

With parallel but non-collinear rectangles such as the cells in the assumed array configuration,

there is an analytical solution for (10.2) given in (10.3a) and (10.3b) adapted from the more

general equations of Ehlert and Smith (1993). In the model, (10.3a) and (10.3b) are used to

obtain view factor from a cell of the central array to a cell of a neighbouring array (Fcac−nac).

In order to use (10.3a) and (10.3b), the same planar coordinate transformation as the one

described above in the context of array cross-blocking has to be performed. The cell vertex

coordinates used in (10.3a) and (10.3b) are based on the resulting transformed coordinate

system.

Fcac−nac = 1

Acac

2∑
l=1

2∑
k=1

2∑
j=1

2∑
i=1

(−1)i+j+k+lg (xcac,i, ycac,j, xnac,k, ynac,l), (10.3a)

g = 1

2π

(
(ycac − ynac)

√
(xcac −xnac)2 + z2 arctan

ycac − ynac√
(xcac −xnac)2 + z2

+ (xcac −xnac)
√

(ycac − ynac)2 + z2 arctan
xcac −xnac√

(ycac − ynac)2 + z2

− z2

2
ln

(
(xcac −xnac)2 + (ycac − ynac)2 + z2)), (10.3b)

where Acac stands for the surface area of the cell of the central array, xcac and ycac for the

x- and y-coordinates (transformed to be parallel to the array edges) of the cell vertices of

the central array, xnac and ynac for those of the cell vertices of a neighbouring array, z for

the normal distance between the respective parallel array planes, and i, j, k, and l for the

axis-specific indices of the cell vertices of the cells of the central array and the neighbouring

array, respectively.

Based on the array cross-blocking data, Fcac−nac can be set at zero for the neighbouring-array

165



Chapter 10. Effective Irradiance Model for Bifacial Photovoltaic Systems

cells, to which the central-array cell’s view is blocked. The array cross-shading data, in turn,

allow for view factor calculations separately for shaded and unshaded array surfaces. The

computational compression method based on cell regularity and described above can be

deployed also in Fcac−nac calculation. Furthermore, all the arrays are assumed to have the same

geometry and, therefore, all the Fnac−cac values can be derived from the obtained Fcac−nac data

without additionally calculating Fnac−cac by means of (10.3a) and (10.3b).

Sky View Factor Estimation

Under the described site conditions, the view factor (F ) from a cell of a solitary array to the

sky could be calculated by (9.2) (see section 9.1) for the surface facing the ground and by

the (π−βpoa)-tilted symmetrical counterpart of (9.2) for the surface facing the sky. In the

assumed multiple-array configuration however, part of a cell’s view to the sky is always blocked

by neighbouring arrays unless all the arrays are in the same plane. This blocking reduces

sky diffuse POA irradiance (Gd,poa). When considering the isotropic component of Gd,poa,

the impact can be estimated by subtracting the Fcac−nac values summed for all the visible,

sky-blocking cells of the neighbouring arrays from the (9.2)-based sky view factor. Based on

the array cross-shading data, it is additionally possible to determine whether and for which

cells sky blocking also affects beam (Gb,poa) and circumsolar POA irradiance (Gcs,poa).

The proposed algorithm uses the anisotropic sky diffuse irradiance model of Perez et al. (1990)

to estimate unblocked Gd,poa. The model’s main function is expressed in (10.4) linking it to

the terminology presented in (9.1).

Gd,poa =Gd fd

=Gd
(
(1−F1,Perez)

1+cosβpoa

2
+F1,Perez

max(0,cosθ)

max(0.087,cosθz)
+F2,Perez sinβpoa

)
(10.4)

The coefficient for circumsolar anisotropy correction (F1,Perez) can also become negative

unrealistically implying decreasing sky radiance in the vicinity of the sun disk. In this algorithm,

F1,Perez is modified as per (10.5) in order to ensure that the coefficient and, consequently,

Gcs,poa never become negative.

F1 := max(0,F1,Perez) (10.5)

Based on (10.4) and (10.5), an equation for Gcs (10.6) can be derived by applying the θz-

dependent fraction term of Perez et al. (1990) to the horizontal case in which case θ in (10.4)

would be equal to θz.

Gcs =GdF1 min(1,cosθz/0.087) (10.6)

F2,Perez stands for the coefficient for horizon-zenith anisotropy correction and it can take on

both positive and negative values implying horizon brightening or darkening, respectively.

Perez et al. (1990) make the correction for the horizon-zenith-related anisotropy by super-

imposing the correction layer on the assumed horizon line at zero elevation angle from the
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ground (α= 0°). This is a simplification as in reality, the horizon-zenith anisotropy is gradually

intensified when moving from the zenith towards the horizon. The anisotropy needs to be

considered two-dimensionally in the unit spherical coordinate system in order to estimate

the impact of array sky blocking on the correction term. In this algorithm, this is done by

assuming that the term only affects sky diffuse irradiance up to a limit elevation angle (α0),

above which sky diffuse radiance anisotropy is only due to the circumsolar brightening. It

is also assumed that below α0, sky radiance follows a linear dependence on α quantified

by the slope m. Because Perez et al. (1990) assume that the full anisotropy is located at the

horizon line, the horizon view factor (sinβpoa) can be conveniently used as a correction factor

multiplier scaling the correction between 0 at βpoa = 0° and 1 at βpoa = 90°. In the 2D approach

adopted in the proposed algorithm, the m-weighted view factor ( fzone) is calculated to the sky

zone visible to a βpoa-inclined POA (Szone,βpoa ) as formulated in (10.7). In (10.7), the range of α

to be integrated over is determined by Szone,βpoa .

fzone(α0,βpoa) := m

π

∫
Szone,βpoa

cosθmin(0,α−α0)dSzone,βpoa , (10.7)

where θ stands for the incidence angle of a ray radiated from a differential sky element

dSzone,βpoa .

By means of fzone, the horizon-zenith anisotropy correction can be stretched from the in-

finitesimal horizon line to a finite sky zone. However, by definition, fzone(α0 > 0,0) > 0. By

contrast, the correction should be zero at βpoa = 0° since Gd,poa(βpoa = 0) =Gd. If the differ-

ence between fzone(α0,βpoa) and fzone(α0,0) (∆ fzone(α0,βpoa)) is defined as 1 at βpoa = 90°,

the Gd correction can be scaled analogously with the one-dimensional (1D) approach. The

scaling and the consequently possible derivation of m as a function of α0 is formulated in

(10.8).

∆ fzone(α0,π/2) = fzone(α0,π/2)− fzone(α0,0) := 1

⇒ m(α0) =


4π

π
(

2α0−sin(2α0)
)
−2(α2

0+sin2α0)
, α<α0

0, α>α0

, (10.8)

In this algorithm, it is assumed that α0 = 20°(0.34907rad) as informally proposed by the

model’s developer (Perez, 2017). As per (10.8), m(0.34907) ≈−41.36656 at α<α0.

If m is determined as done in (10.8), the m-based, 2D estimation of the impact of a large

obstruction blocking the entire below-α0 sky zone on the horizon-zenith anisotropy yields

1 at βpoa = 90° as does the 1D, sinβpoa-dependent correction of Perez et al. (1990). However,

the corrections are not the same at most other βpoa levels. The difference between the two

methods is illustrated in Figure 10.15.

On the front side, the 2D multiplier is lower up to βpoa ≈ 33° implying an underestimated

impact of obstructions compared to the 1D estimate of Perez et al. (1990). At βpoa > 33°,

167



Chapter 10. Effective Irradiance Model for Bifacial Photovoltaic Systems

Figure 10.15 – Multiplier of the horizon-zenith anisotropy coefficient in the one-dimensional
(1D) case of model Perez et al. (1990) and when considering the anisotropy by a linear change
in radiance with elevation angle at slope m below 20° elevation (α0) (2D).

the situation is converse with the overestimation reaching its maximum of approximately

0.07. It is possible that the estimated impact of a large obstruction is greater than the 1D-

estimated anisotropy correction at βpoa > 33°. However, since the model of Perez et al. (1990)

is semiempirical and its coefficients have been calibrated based on measurements, the 1D

approach cannot simply be directly replaced by the 2D one. That is why in this algorithm,

the 1D-estimated multiplier (sinβpoa) is considered as the highest possible multiplier for

obstructions.

As can be seen in Figure 10.15, the difference between the estimates on the rear side is

significantly wider due to the inability of the 1D approximation to capture the sky-ground

asymmetry. Perez et al. (1990) developed their model only using front-side measurements and,

therefore, it is well-justified to instead use the 2D approach when correcting Gd,poa on the rear

side. Otherwise, the impact of the anisotropy on Gd,poa can be significantly overestimated on

the rear side. The presented formulation allows for the quantification of the horizon-zenith

anisotropic component of Gd (Ghz) as expressed in (10.9).

Ghz = F2,Perez fzone(α0,0)Gd (10.9)

The irradiance (Ghz,poa) lost or additionally received due to the horizon-zenith anisotropy on

a solitary array can be estimated by multiplying Gd by the modified anisotropy coefficient (F2)

defined in (10.10a) for the POA front side and in (10.10b) for the rear side. F2,front is estimated
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by means of the 1D correction factor multiplier of Perez et al. (1990) in order to keep the

mathematical procedure in accordance with the parametrisation of Perez et al. (1990).

F2,front := F2,Perez
(
sinβpoa + fzone(α0,0)

)
(10.10a)

F2,rear := F2,Perez fzone(α0,π−βpoa) (10.10b)

Accordingly, the impact of obstruction i can be estimated through the obstruction-specific

anisotropy coefficient (F2,i) specified in (10.11a) for the POA front side and in (10.11b) for the

rear side.

F2,i,front := F2,Perez min
(
sinβpoa

Fcac−zone,i

Fcac−zone,α0

+ fzone,i(α0,0), fzone,i(α0,βpoa)
) Fcac−nac,i

Fcac−zone,i
(10.11a)

F2,i,rear := F2,Perez fzone,i(α0,π−βpoa)
Fcac−nac,i

Fcac−zone,i
(10.11b)

Fcac−zone,i stands for F to the sky zone covered by obstruction i and Fcac−zone,α0 for F to the

the entire below-α0 sky zone. In the case of fzone,i, only the zone covered by obstruction i is

considered (αbottom,i <α<αtop,i). The sky zone view factors (Fcac−zone) are pre-calculated for

any βpoa by means of the well-known Nusselt analog at resolutions of 0.1° for α and 0.2° for

βpoa. Because the obstruction may not block the entire zone, the expressions are additionally

multiplied by the ratio of obstruction i’s F (Fcac−nac,i) to Fcac−zone,i.

Ground View Factor Estimation

The calculation of the view factors (F ) from a cell to the shaded and unshaded parts of the

ground is more complex than array and sky view factor calculation. There are no analytical

solutions of (10.2) available for non-parallel or non-perpendicular geometries involved in the

radiative exchange between an array and the ground if 0° <βpoa < 90°. The F values required

for Geff estimation are always combined by integrating elementary ((, e.g.,) cell-specific) values

over one of the surfaces. Thus, for sufficiently large arrays, it is not necessary to obtain an

accurate F estimate at cell resolution on both the central array and the ground surface as long

as single F estimates do not dominate the integrals. That is why in the proposed algorithm,

cell-ground view factors are calculated through a cell-resolution double area summation

method where single cells and ground mesh elements are used as the finite area approxima-

tions of the infinitesimal surface elements of (10.2) and summations are substituted for the

integrals. Compared to more accurate numerical integration methods such as Gauss-Legendre

quadrature adopted by, (, e.g.,) Fig (2016), the computation speed of the proposed double area

summation method is significantly higher. The method produces a notable error only if the

distance between a cell and a ground mesh element is small due to the inverse proportionality

of F to the square of distance (10.2). That is why in such cases, the algorithm further divides
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the ground mesh elements into four or 16 sub-elements depending on the distance. The limit

distances for the above ground mesh element divisions are set at 1.5 and 1 metres, respectively.

Based on the array cross-shading data, the initially mapped ground shadows can be cell-

specifically divided into shadows actually located on the ground and into those on the POA.

At the ground shadow mapping step, shading geometry is computed only for the central

array (or for all the three arrays in the case of the parallel triplet mode). In order to correctly

estimate F from a cell of the central array to the shaded and unshaded parts of the ground,

also the shadows of the neighbouring arrays need to be mapped. This is done by replicating

the vertices of the cell shadows actually cast on the ground for all the arrays using the same

method as in the configuration of the neighbouring arrays. In the algorithm’s power plant

mode, the central array and all 20 neighbouring arrays are taken into account irrespective of

the mounting option.

Prior to the actual F estimation, cell ground shadow occurrence is resampled into a ground

mesh whose construction depends on the user’s system scale of interest. In the case of a

solitary array and a parallel triplet, the mesh is generated for the whole system with the

respective mesh sizes of 900 (i.e., 30×30) and 1600 (i.e., 40×40) elements. The ground mesh

for a solitary array is dimensioned to cover an area spanning additional five metres from

each of the four extreme points of the array’s footprint projection in the cardinal directions

irrespective of the array’s azimuthal orientation. In the case of a parallel triplet, almost the

same procedure is followed. The only exception is that instead of using the fixed five metres,

the x and y component lengths of the horizontal row spacing vector are used as the additional

spacings with a one-metre minimum constraint.

In the power plant mode, the underlying assumption is that all arrays are under identical

conditions. Therefore, the mesh construction can be limited to the ground surface area

surrounding only the central array. Its outer boundaries are halfway between the respective

projections of the central array and its neighbours on the ground. Hence, the mesh’s outer

boundaries are parallel and perpendicular to the array with fixed mount and to the axis with

SAT and HTSAT. With VTSAT and DAT, the meshes are oriented along the cardinal directions.

In Figure 10.16, the ground meshes for each system scale are exemplified in the case of HSAT.

All the three scales are illustrated under the same solar geometric conditions but due to

backtracking, the array positions vary. Shaded ground mesh elements are shown in black and

the unshaded ones in green while the direction of solar beam is indicated by an orange arrow.

In the power plant mode (Figure 10.16c), all the ground mesh elements are shaded due to the

low solar elevation.

After constructing the ground mesh, the cell-to-mesh resampling can be performed based on

the centre coordinates of each cell shadow. In order to quantify the proportion of Gd that arrays

prevent from reaching the ground, array sky blocking occurrence has to be determined for

each ground mesh element. First, a method adapted from the array cross-blocking estimation

step is used to determine array cross-blocking from the ground point of view. Here, the centre
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Figure 10.16 – Examples of ground meshing used in ground view factor estimation in the case
of a) solitary array, b) parallel triplet, and c) power plant.

points of the ground mesh elements are projected onto the array planes instead of projecting

the cell vertices as described above in the context of array cross-blocking. The projection is

performed along the line to each cell and by means of a planar coordinate transformation, it

is determined whether the projected centre points are within the potentially blocking array

rectangle. Next, the fraction term of (10.2) is calculated for every pair of a cell and a ground

mesh element. As can be seen from (10.2), based on the areas of cells and ground mesh

elements, these fraction terms can be readily converted to the estimates of either cell-to-

ground mesh element view factors (Fcac−gme) or ground mesh element-to-cell view factors

(Fgme−c) by means of the double area summation method. The integration of Fgme−c for each

ground mesh element over all unblocked cells quantifies the level of array sky blocking for

every ground mesh element. When estimating the ground-reflected Gpoa component (Ggr,poa),

each Fcac−gme is processed together with the integrated Fgme−c estimate of the corresponding

ground mesh element for which reason Fcac−gme estimates need to be stored cell-specifically

for the Geff estimation step.

In order to calculate the impact of array sky blocking on the anisotropic sky diffuse irradiance

incident on the ground, also F values from ground mesh elements to the considered sky

mesh elements i.e., sky zones (Fgme−zone) need to be calculated. Fgme−zone can be derived

from the pre-calculated Fcac−zone look-up table discussed above considering βpoa = 0. The

impact of obstruction i on the horizon-zenith anisotropy of the irradiance incident on ground

mesh element j can then be estimated through the obstruction-specific anisotropy coefficient

(F2,gme,j,i) specified in (10.12). F2,gme,j,i is simply a special case of (10.11a) in the case of ground
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or some other horizontally inclined surface.

F2,gme,j,i := F2,Perez fzone,i(α0,0)
Fgme−c,j,i

Fgme−zone,j,i
, (10.12)

where Fgme−c,j,i and Fgme−zone,j,i stand for F from ground mesh element j to cell i and the sky

zone covered by cell i, respectively. F2,gme,j,i can be further used to estimate an obstruction-

corrected, integrated horizon-zenith anisotropy coefficient for the irradiance incident on

ground mesh element j (F2,gme,j) as specified in (10.13).

F2,gme,j := F2,Perez fzone(α0,0)−
Nc,gme,j∑

i=1
F2,gme,j,i, (10.13)

where Nc,gme,j stands for the number of cells blocking ground mesh element j’s view to the sky.

10.2.3 Irradiance Estimation

Once the generation of all the required geometric maps is complete, the irradiance incident on

the PV arrays can finally be modelled. As described in section 10.1.1, the solar-position-based,

spatial domain is replaced by a temporal one as all the generated view factor (F ), shading, and

blocking maps are merged with the time series of the standard, ground-based irradiance data

(G and Gb,n or Gd). In order to perform the domain transformation and improve the accuracy

of Geff estimation, solar geometric parameters are regenerated for every considered time step.

In addition to θz and φs, normal irradiance at the top of the Earth’s atmosphere is calculated

to meet the input requirements of the sky diffuse irradiance model of Perez et al. (1990) (10.4)

(see section 10.2.2).

As shown in the activity diagram of Figure 10.2 at the beginning of the section, plane-of-array

(POA) irradiance (Gpoa) needs to be modelled prior to the estimation of effective irradiance

(Geff). This subsection first presents the mathematical formulations for Gpoa estimation and

also describes the model’s different ground reflectance modes. It then moves on to describe

the formulations of the Geff components specific to each light source considered in the model.

The proposed model’s techniques to correct Gpoa for the effects of incidence angular reflection

and spectral mismatch are explained at the end.

Plane-of-Array Irradiance

Table 10.3 presents the adopted equations of Gpoa components received from the sun disk

(Gb,poa) (10.14), its aureole i.e., circumsolar region (Gcs,poa) (10.15), sky on the module front

(Gsky,poa,front) (10.16) and rear (Gsky,poa,rear) (10.17) sides, and ground (Ggr,poa) (10.18).

The source of Gb,poa (10.14) and Gcs,poa (10.15) is assumed to be a point i.e., the centre of the

sun disk. That is why Gb,poa and Gcs,poa values do not experience variation between unshaded

cells and are zero on shaded cells. Gb,poa and Gcs,poa can only be incident on a single POA side
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at a time in contrast to Gsky,poa that is incident on both sides if βpoa > 0°. The estimation of

Gcs,poa as a function of θz is adopted from Perez et al. (1990). The binary shading factor (SH)

in (10.14) and (10.15) is defined in (10.21) below.

Table 10.3 – Formulae used to calculate the considered plane-of-array irradiance components.

Source POA irradiance incident on a central array cell

sun Gb,poa = SHmax(0,cosθ)Gb,n (10.14)

aureole Gcs,poa = SHF1
max(0,cosθ)

max(0.087,cosθz)
Gd (10.15)

sky, front
Gsky,poa,front = max

(
0,(

1+cosβpoa

2
−

Nnac,sky,front∑
i=1

Fcac−nac,i)

· (Gd −Gcs −Ghz)+ (F2,front −
Nnac,sky,front∑

i=1
F2,i,front)Gd

)
(10.16)

sky, rear
Gsky,poa,rear = max

(
0,(

1−cosβpoa

2
−

Nnac,sky,rear∑
i=1

Fcac−nac,i)

· (Gd −Gcs −Ghz)+ (F2,rear −
Nnac,sky,rear∑

i=1
F2,i,rear)Gd

)
(10.17)

ground Ggr,poa =
Ngme∑
j=1

(Fcac−gme,jρgme,jGgme,j) (10.18)

F , view factor; F1, coefficient for circumsolar anisotropy (10.5); F2,front, coefficient
for horizon-zenith anisotropy on the POA front side (10.10a); F2,i,front, coefficient for
horizon-zenith anisotropy specific to obstruction i on the POA front side (10.11a); F2,rear,
coefficient for horizon-zenith anisotropy on the POA rear side (10.10b); F2,i,rear, coef-
ficient for horizon-zenith anisotropy specific to obstruction i on the POA rear side
(10.11b); Fcac−gme,j, F from a central-array cell to ground mesh element j; Fcac−nac,i, F
from a central-array cell to neighbouring-array cell i; Gb,n, beam normal irradiance; Gcs,
circumsolar component of Gd (10.6); Gd, diffuse horizontal irradiance; Ggme,j, irradiance
incident on ground mesh element j (10.19)-(10.20); Ghz, horizon-zenith anisotropic
component of Gd (10.9); Ngme, number of ground mesh elements; Nnac,sky,front, num-
ber of neighbouring-array cells blocking the view to the sky from the POA front side;
Nnac,sky,rear, number of cells of the neighbouring arrays blocking the view to the sky
from the POA rear side; POA, plane of array; SH, binary shading factor (10.21); βpoa, POA
inclination angle; θ, solar beam angle of incidence; θz, solar zenith angle; ρgme,j, surface
reflectance of ground mesh element j.

The methods of estimating Gsky,poa,front and Gsky,poa,rear presented in (10.16) and (10.17), re-

spectively, are based on summing up two distinct POA irradiance constituents: isotropic sky
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diffuse irradiance and horizon-zenith anisotropy irradiance. In the equations, array cross-

blocking of the sky is addressed by the Fcac−nac (10.3a) subtraction. The isotropic proportion

of Gd is quantified by subtracting the circumsolar (10.6) and horizon-zenith anisotropic (10.9)

components from Gd. The model of Perez et al. (1990) may produce slightly negative Gd,poa

estimates at very low solar elevation levels due to a negative F2,Perez value (see (10.4)) and the

discrete sky binning. In specific, the situation occurs if the absolute value of F2,Perez sinβpoa is

greater than the rest of the transposition factor. The purpose of the max operators in (10.16)

and (10.17) is to solve this problem.

As described in the context of ground view factor estimation in section 10.2.2, Ggr,poa is

estimated with a grid of ground mesh elements in the proposed algorithm. As formulated in

(10.18), the POA irradiance component originating from the ground is calculated by simply

summing the products of the view factor (Fcac−gme,j) from a cell to ground mesh element j, the

surface reflectance (ρgme,j) of element j, and the irradiance (Ggme,j) incident on element j over

all the ground mesh elements j visible to the cell. The calculation of Fcac−gme,j is described at

the end of section 10.2.2. The calculation procedures for ρgme,j and Ggme,j are described below.

Irradiance Incident on Ground. The irradiance (Ggme,unsh,j) incident on unshaded ground

mesh element j is formulated in (10.19) based on Gcs (10.6), Ghz (10.9), F2,gme,j,i (10.12), and

Fgme−c estimates discussed in the context of ground view factor estimation in subsection

10.2.2.

Ggme,unsh,j = max
(
0,G −

Nc,gme,j∑
i=1

(
Fgme−c,j,i(Gd −Gcs −Ghz)+F2,gme,j,iGd

))
, (10.19)

where Nc,gme,j stands for the number of cells blocking ground mesh element j’s view to the sky

and Fgme−c,j,i for F from ground mesh element j to cell i.

The irradiance incident on shaded ground mesh element j (Ggme,sh,j) (10.20) is estimated

consistently with Ggme,unsh,j but directly deploying the integrated anisotropy coefficient F2,gme,j

(10.13) instead of F2,gme,j,i (10.12).

Ggme,sh,j = max
(
0,(1−

Nc,gme,j∑
i=1

Fgme−c,j,i)(Gd −Gcs −Ghz)+F2,gme,jGd
)
, (10.20)

The estimation of surface reflectance is discussed in more detail below.

Ground Reflectance Estimation. When estimating ground-reflected irradiance, ground sur-

face reflectance (ρ) is a critical parameter. The method to determine the broadband reflectance

of ground mesh element j depends on both the selected ρ estimation method and shadow

occurrence on the ground mesh element. As described in Table 10.2, the algorithm offers

six alternative methods for its specification. The default method (GR1) is to simply select a

ground surface type of interest out of a library of 29 surface types derived from the ASTER
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Spectral Library (Baldridge et al., 2009) and adopt the type’s broadband ρ level and spectral

distribution as a temporally constant ρ distribution. The spectral ρ distribution is required for

correcting ground-reflected irradiance for spectral mismatch.

The second ρ estimation approach (GR2) allows the user to input the broadband ρ level,

either as a constant or as a time series temporally matching the time series of the irradiance

variables. By default, this user-specified ρ is considered as spectrally uniform and independent

of ground shading. If the user additionally selects a ground surface type or gives it as a type

index time series as the second column of the ρ time series file, the spectral distribution

of the type-specific ρ is normalised to match the desired broadband ρ level. If no surface

type is specified, the spectral distribution of the resulting Ggr,poa follows the pre-simulated

AM1.5 spectra for global and diffuse horizontal radiation with unshaded and shaded ground,

respectively.

The next three methods (GR3-5) comprise the three models that were found to perform

particularly well in the evaluation study reported in chapter 3 of this thesis. The models

are formulated in (1.6), (1.22), and (1.25) in sections 1.2-1.3. In addition, the ρ model (1.21)

integrated in the bifacial irradiance model of Lindsay et al. (2016) is included as the sixth ρ

estimator option (GR6). In all the four variable ρ modes, the user can select the surface type of

interest in order to consider a spectral Ggr,poa distribution that differs from the AM1.5 spectra.

Binary Factors. The binary shading factor (SH) addresses the impact of shading on Gb,poa

(10.14) and Gcs,poa (10.15) as specified in (10.21). The factor is, therefore, an indicator of the

Boolean array cross-shading data. The binary bifaciality factor ΦI sc (10.22), in turn, is used

in the Geff equations (10.24)-(10.25) formulated below to distinguish between front and rear

POA surfaces.

SH =
0, shaded

1, unshaded
(10.21)

ΦI sc =
1, front

φI sc, rear
(10.22)

Effective Irradiance

In (9.4) (section 9.2), effective irradiance (Geff) is used as a calculational parameter with

the purpose of obtaining short-circuit current (Isc) under real operating conditions. The

formulation is based on constants specific to the standard test conditions (STC), Isc,stc and

its temperature coefficient (αIsc ), and two variables linking various ambient factors possibly

deviated from their STC values to the module type of interest, cell temperature (Tc) and Geff.

In the proposed algorithm, Geff is calculated as a function of its components by means of
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(10.23).

Geff =Gb,eff +Gcs,eff +Gsky,eff +Ggr,unsh,eff +Ggr,sh,eff (10.23)

where Gb,eff stands for beam effective irradiance, Gcs,eff for circumsolar effective irradiance,

and Gsky,eff, Ggr,unsh,eff, and Ggr,sh,eff for the effective irradiances received from the sky without

considering the sun and the aureole, the unshaded part of the ground, and the shaded part of

the ground, respectively.

Table 10.4 presents the formulae adopted for the calculation of the Geff components. The

spectral correction factors (SP), incidence angle modifiers (IAM), and the effective reflectance

of ground mesh element j (ρgme,eff,j) are described below.

Spectral Correction. As discussed in section 9.2, deviations from the standard solar spectrum

(IEC 60904-3 Ed.2) (International Electrotechnical Commission, 2006) should be considered

when estimating Geff. The spectral distribution of incident POA radiation is an outcome of

complex radiative transfer through the Earth’s atmosphere. For instance, the widely used

spectral modelling software, the Simple Model of the Atmospheric Radiative Transfer of

Sunshine (SMARTS) (Gueymard, 1995, 2001) uses dozens of input parameters to estimate the

spectrum. Light attenuation due to a superficial dust layer may also be spectrally dependent.

Furthermore, the spectral response of the rear side of a bifacial module is different from that

of the front side.

In this algorithm, four major simplifications are introduced when correcting irradiance for

spectral variation. First, the algorithm recognises two spectrally distinctive irradiance sources:

the sun and its aureole on the one hand and the rest of the sky on the other. Second, θz

is assumed to be the only factor influencing the spectral distribution of incident radiation

from the sun and the sky. For this algorithm, the spectra of the sun/aureole and the sky are

pre-simulated for a horizontal surface by means of the SMARTS with θz ranging from 0° to

88.5° while keeping all the other input parameters equal to the STC values. Third, the dust

deposited on module surfaces is assumed not to influence the spectral distribution of the light

transmitting through it. As per Piedra and Moosmüller (2017), this is a reasonable assumption

with coarse aerosol particles such as typical desert dust. Fourth, the assumed optical pathways

of incident photons are based on the SunSolve simulation results partially presented in Figure

10.11 (see section 10.2.1) and in more detail in Figures B.1-B.4 (see Appendix). In accordance
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Table 10.4 – Formulae used to calculate the considered effective irradiance components.

Source Effective irradiance incident on a central array cell

sun Gb,eff = SHΦI scSR0SPb(θz,φI sc)IAMb(θ,as)max(0,cosθ)Gb,n (10.24)

aureole Gcs,eff = SHΦI scSR0SPb(θz,φI sc)IAMb(θ,as)F1
max(0,cosθ)

max(0.087,cosθz)
Gd (10.25)

sky

Gsky,eff = max
(
0,

(
SR0,frontSPsky,front(θz,φI sc)IAMd,1(βpoa,as,front)

· 1+cosβpoa

2
+φI scSR0,rearSPsky,rear(θz,φI sc)IAMd,2(βpoa,as,rear)

· 1−cosβpoa

2
−Fcac−nac,sky,eff

)(
Gd −Gcs −Ghz

)+F2,effGd

)
(10.26)

unshaded

ground

Ggr,unsh,eff = SR0,front

Ngme,unsh,front∑
j=1

(
ρgme,eff,jFcac−gme,jGgme,unsh,j

)
+φI scSR0,rear

Ngme,unsh,rear∑
j=1

(
ρgme,eff,jFcac−gme,jGgme,unsh,j

)
(10.27)

shaded

ground

Ggr,sh,eff = SR0,front

Ngme,sh,front∑
j=1

(
ρgme,eff,jFcac−gme,jGgme,sh,j

)
+φI scSR0,rear

Ngme,sh,rear∑
j=1

(
ρgme,eff,jFcac−gme,jGgme,sh,j

)
(10.28)

as, model Martín and Ruiz (2001) coefficient for soiling-dependent angular reflection losses;

F , view factor; F1, coefficient for circumsolar anisotropy (10.5); F2,eff, effective horizon-

zenith anisotropy coefficient (10.37); Fcac−gme,j, F from a central-array cell to ground

mesh element j; Fcac−nac,sky,eff, effective F from a central-array cell to all sky-blocking

neighbouring-array cells (10.38); Gb,n, beam normal irradiance; Gcs, circumsolar com-

ponent of Gd (10.6); Gd, diffuse horizontal irradiance; Ggme,sh(unsh),j, irradiance incident on

shaded(unshaded) ground mesh element j (10.19)-(10.20); Ghz, horizon-zenith anisotropic

component of Gd (10.9); IAM, incidence angle modifier; IAMb(θ,as), solar beam IAM (10.32);

IAMd,1(βpoa,as), IAM for sky diffuse irradiance incident on the POA front side (10.35a);

IAMd,2(βpoa,as), IAM for sky diffuse irradiance incident on the POA rear side (10.35b); Isc,

short circuit current; Ngme,sh(unsh),front(rear), number of shaded(unshaded) ground mesh

elements visible to the front(rear) side of a central-array cell; POA, plane of array; SH,

binary shading factor (10.21); SPb(θz,φI sc), beam spectral correction factor (10.30a-b);

SPsky(θz,φI sc), sky diffuse spectral correction factor (10.31a-b); SR0, soiling ratio at normal

beam incidence; βpoa, POA inclination angle; θ, solar beam angle of incidence; θz, solar

zenith angle; ρgme,j, surface reflectance of ground mesh element j;ΦI sc, binary bifaciality

factor (10.22); φI sc, Isc bifaciality coefficient of the POA rear side.
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with the above assumptions, the proposed spectral correction factors are functions of θz and

separately specified for beam (SPb) and sky diffuse irradiance (SPsky). In addition, both factors

are specific to the module surface of interest due to the EQE dependence. The general form of

the equation of SP for irradiance source x and module surface y is presented in (10.29).

SPx,y(θz) stands for the ratio of Iph,y generated under POA irradiance of 1000 W/m2 normally

incident on module surface y and with a spectral distribution dependent on source x and θz to

Iph,stc,y. The only deviation from the STC conditions addressed by SP is, therefore, the pattern

of the incident spectral irradiance distribution.

SPx,y(θz) :=
∫ ∞

0 Gpoa,stc(λ)dλ∫ ∞
0 Gx(λ,θz)dλ

∫ ∞
0 Gx(λ,θz)λEQEy(λ)dλ∫ ∞

0 Gpoa,stc(λ)λEQEy(λ)dλ
, (10.29)

where λ stands for wavelength.

EQEy is an intensive property of module surface y and defined as the λ-specific number of

charge carriers collected per incident photon under the STC. EQEy is defined as specific to

photon flux rather than irradiance because the part of photon energy utilisable by a solar cell

is solely determined by the band gaps of the solar cell’s active layers and it does not vary with

λ for a single P-N junction. Accordingly, the equation’s second term represents the ratio of the

number of collected charge carriers generated under Gx(λ,θz) to that of collected carriers at

the STC. The purpose of the first term is to normalise the spectral irradiance distribution of

interest (Gx(λ,θz)) to contain the same irradiance as the STC spectrum (Gpoa,stc(λ)).

The dependence of the spectral correction factors on θz is illustrated for solar beam irradiance

in Figure 10.17 and for sky diffuse irradiance in Figure 10.18. The module surface types

demonstrated in the figures represent the typical φI sc levels for each type as in Figure 10.11

(see section 10.2.1). Below the angle corresponding to the STC air mass, SPb levels stay

between 0.99 and 1.01 as can be seen in Figure 10.17. Above it, SPb increasingly rises reaching

its maximum between 77° and 81°. The module surfaces characterised by a comparatively

poor response to blue light such as both sides of bf-SHJ and the rear side of bf-PERC (see

Figure 10.11) experience the highest SPb levels with a maximum of 1.065 reached by the rear

side of bf-SHJ. As can be seen in Figure 10.17, the SPb levels plunge at very low solar elevations,

which, though, have little practical relevance due to the high air mass and the consequently

strong attenuation of beam radiation. For computational reasons however, it is assumed that

SPb(θz > 88.5°) = SPb(θz = 88.5°). The limit exists because the highest Rayleigh optical mass

allowed by the SMARTS is 32.8, which translates to θz ≈ 88.5°.

Figure 10.17 shows the relationship between SPb, θz, and module surface type. Furthermore,

SPb is affected by φI sc. A regression function between SPb, θz, and φI sc fitted to the results of

the SunSolve simulations is formulated in (10.30a) and (10.30b). In (10.30a), SPb is expressed

as an exponential function of θz with a sigmoidal correction term dependent in a piecewise

manner on θz,max(SPb) to account for the asymmetric SPb peaking. The φI sc dependence is

addressed by the regression parameters bn that are linearly dependent on φI sc as expressed
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Figure 10.17 – Spectral correction factors of incident solar beam irradiance SPb at different
solar zenith angles (θz) with the black line specifying θz at a relative optical air mass of 1.5
(AM1.5), which is the STC air mass.

in (10.30b) and specific to module type and side. Table C.2 (in Appendix) specifies the bn

coefficients in all the possible cases.

SPb(θz) := 1+b1e−b2(π/2−θz) +b3 + b4 −b3

1+ (π/2−θz
b5

)b6

,0 ≤ θz ≤ 88.5π

180
(10.30a)

bn = bn,1φI sc +bn,0,n ∈ {1,2, . . . ,6} (10.30b)

Gpoa,stc(λ) resembles the spectral distribution of solar beam radiation much more than that

of sky diffuse radiation as the diffuse irradiance fraction of Gpoa,stc is only ten per cent. This

figure also includes the proportion of ground-reflected irradiance. That is why the range

of possible SPsky levels can be expected to be significantly wider than that of SPb. Knowing

the relatively small contribution of ground-reflected radiation in the STC spectrum, SPsky

can also be expected to have a reverse impact on Geff and roughly tenfold magnitude at

AM1.5 compared to SPb. Figure 10.18 verifies the expected behaviour. As per the SMARTS

simulations, the higher the solar elevation, the bluer is the radiosity of the sky. This increases

the amount of energy lost through the thermalisation of the blue, high-energy photons and

as a result, solar cell performance degrades with reference to the STC performance. SPsky

increases monotonically with θz reaching the minimum at θz = 0° where it ranges between

0.80 (bf-SHJ, rear) and 0.89 (bf-PERT, rear).
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The results indicate that in the case of a solitary bf-SHJ array tilted at 30° from horizontal, the

Iph overestimation due to the disregard of the spectral mismatch would be roughly 20 per cent

at θz < 30° under overcast conditions on a low-ρ ground surface i.e., when Gpoa ≈Gsky,poa. In

the case of mf-PERC, the overestimation would be approximately 13 per cent under similar

conditions at θz < 20°. Overall, the spectral mismatch of sky diffuse irradiance results in the

degradation of solar cell output with respect to the STC at all times apart from the very low

solar elevation situations (θz > 82°).

Figure 10.18 – Spectral correction factors of incident sky diffuse irradiance SPsky at different
solar zenith angles (θz) with the black line specifying θz at a relative optical air mass of 1.5
(AM1.5), which is the STC air mass.

As in the case of SPb, also SPsky can be modelled by means of a regression function relating

SPsky to θz and φI sc. The function expressed in (10.31a) is an asymmetric sigmoid function of

θz fitted to the SPsky output of the SunSolve simulations. Analogously with (10.30b), the re-

gression parameters of (10.31a) are formulated as linearly proportional to φI sc in (10.31b)

with the coefficients specified in Table C.3 (Appendix). As with SPb, it is assumed that

SPsky(θz > 88.5°) = SPsky(θz = 88.5°).

SPsky(θz) := d4 + d1 −d4(
1+ (π/2−θz

d3
)d2

)d5
,0 ≤ θz ≤ 88.5π

180
(10.31a)

dn = dn,1φI sc +dn,0,n ∈ {1,2, . . . ,5} (10.31b)

In contrast to SPb and SPsky, the spectral correction factor of ground-reflected irradiance (SPgr)
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is assumed to be constant in time as the irradiance incident on the ground is simplified such

that it always follows the AM1.5 spectrum of global horizontal radiation on the unshaded parts

of the ground and that of sky diffuse horizontal radiation on the shaded parts. Accordingly,

there are two broadband ρ parameters for each ground surface type: ρunsh for unshaded

and ρsh for shaded ground respectively listed in Table C.4 and Table C.5 of Appendix. The

tables also present the corresponding spectral correction factors (SPgr) for each of the seven

considered module surface types. Through the SunSolve simulations, the φI sc dependence of

SPgr is found to be relatively weak in the case of most of the module-ground type combinations.

Thus, SPgr,unsh and SPgr,sh are assumed as constant parameters specific to each module surface

type derived considering the typical optical performance patterns described in Figure 10.11

and B.1-B.4 (Appendix). SPgr is calculated by means of (10.29) simply by substituting Gx(λ,θz)

with ρunshGstc(λ) in the case of SPgr,unsh or with ρshGd,stc(λ) in the case of SPgr,sh

Incidence Angular Correction. As can be seen in (10.2) (section 10.2.2), θ affects Geff directly

through its impact on F from the POA to the light source. This impact is commonly referred

to as the incidence effect or the cosine effect. Another, indirect impact is due to intensifying

reflection with increasing θ. In most cases, correction for the increase in reflection due to non-

zero θ has a larger impact on the accuracy of Geff estimation than the spectral correction. The

soiling-dependent beam irradiance incidence angle modifier (IAMb) defined in (10.32) and

formulated by Martín and Ruiz (2001) predicts angular reflection losses for a ray with a known

θ on the POA surface whose soiling level is characterised by an empirical coefficient (as). The

deviation of Isc related to the angular reflection at θ > 0° (θstc = 0°) is the first expression of

(10.32) and essentially stands for the ratio of the transmittance of a module superstrate at

beam incidence θ to that at normal incidence. Following the assumptions of Martín and Ruiz

(2001), the transmittance ratio can be expressed by means of the corresponding superstrate

reflectance levels (R) as stated in the approximation of (10.32). The third expression of (10.32)

represents the primary contribution of Martín and Ruiz (2001) to modelling the reflection

increase due to non-zero θ and surface soiling.

Isc(θ,as)

Isc,stc cosθ
≈ 1−R(θ,as)

1−R
= 1−e−cosθ/as

1−e−1/as
=: IAMb(θ,as) (10.32)

Because the physical meaning of as is unclear, its usage as an indicator of module soiling is

problematic. By contrast, SR0, defined in (10.33), can be directly associated with the soiling-

induced loss in Isc. By applying the model of Martín and Ruiz (2001) to the comparison of a

soiled module with a clean one under normal beam incidence, an equation relating SR0 and

as can be derived. The resulting equations are presented in (10.33).

SR0 = Isc(0,as)

Isc(0,as,clean)
≈ 1−R(0,as)

1−Rclean
= 1−e−1/as

1−Rclean
⇐⇒ as = −1

ln
(
1−SR0(1−Rclean)

) , (10.33)

where as,clean stands for as of a clean module superstrate and Rclean for a clean superstrate’s

reflectance at normal beam incidence. As per the SunSolve simulations with input parameters
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specified in Table B.1 (Appendix), R is independent of φI sc and the module type taking on

a constant value of approximately 0.0254 under STC (Rclean,stc). R does not vary because

it is determined by the interface between air and the superstrate, which is a 2.5-mm-thick

glass sheet with anti-reflection coating in all the considered module types (see Table B.1 in

Appendix). The variability of R between light sources is not significant, either. Therefore, in

the proposed algorithm, Rclean,stc is used with all the considered light sources except for sky,

whose Rclean is set at 0.0278 (Rclean,sky). By substituting as in (10.32) with its function of SR0

derived in (10.33), IAMb can be re-formulated as a function of θ and SR0 as done in (10.34).

IAMb(θ,SR0) = 1− (
1−SR0(1−Rclean)

)cosθ

SR0(1−Rclean)
(10.34)

In order to quantify the angular reflection losses of the integrated diffuse irradiance compo-

nents, the integrals of (10.34) are pre-calculated over the parts of the sky and ground domes

that are visible to the front and rear sides of a solitary array considering different βpoa and

SR0 levels at resolutions of 0.1° and 0.01, respectively. Even when assuming isotropic diffuse

irradiance, radiance incident on a flat surface is not constant with θ as θ determines the view

factor to each source surface element and, hence, each element’s contribution to incident

diffuse irradiance. This incidence effect is addressed by multiplying IAMb by the respective

view factor prior to integration. At the end, the integral is normalised by the corresponding

integrated view factor from a cell of the central array to the diffuse radiator surface S2 i.e.,

the entire visible part of the sky or ground dome. IAMd,1 (10.35a) represents the IAM for the

irradiance sources that the POA surface is primarily facing i.e., the sky for the front surface

and the ground for the rear surface, whereas IAMd,2 does the converse (10.35b). In contrast to

IAMb, IAMd,1 and IAMd,2 are not computed by the algorithm during a simulation but simply

extracted from look-up tables based on βpoa and SR0.

IAMd,1 =
2

π(1+cosβpoa)

∫
S2

IAMb(θ,SR0)cosθdΩ, (10.35a)

IAMd,2 =
2

π(1−cosβpoa)

∫
S2

IAMb(θ,SR0)cosθdΩ, (10.35b)

where Ω stands for solid angle. In (10.35a-b), dS2 (see (10.2)) is substituted with dΩ =
sinθzdθzdγs since S2 can be assumed as a unit spherical surface in both cases. Figure 10.19

shows the dependence of IAMd,1 and IAMd,2 on βpoa and SR0.

In addition to the IAMs for the whole visible parts of the sky and ground dome, IAMs are also

pre-calculated for the corresponding sky segments below α0 for the correction of the horizon-

zenith anisotropy term (see section 10.2.2). The required IAMs are calculated separately for

the front (IAMhz,front) and rear (IAMhz,rear) POA sides as specified in (10.36a) and (10.36b),

respectively. In addition to the incidence effect, the assumed elevation angular distribution of

horizon-zenith anisotropy needs to be considered in order to appropriately estimate IAMhz as
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Figure 10.19 – Incidence angle modifier for isotropic diffuse irradiance incident on a solitary
array at different inclinations (βpoa) and soiling levels (as).

discussed in the context of sky view factor estimation in section 10.2.2.

IAMhz,front =
∫

Szone,α0
IAMb(θ,SR0)cosθ

(
π/2−θz −α0

)
dΩ∫

Szone,α0
cosθ

(
π/2−θz −α0

)
dΩ

(10.36a)

IAMhz,rear =
∫

Szone,α0
IAMb(θ,SR0)cosθ

(
θz −π/2−α0

)
dΩ∫

Szone,α0
cosθ

(
θz −π/2−α0

)
dΩ

(10.36b)

The dependence of IAMhz,front and IAMhz,rear on βpoa and SR0 is illustrated in Figure 10.20.

The algorithm uses the user-specified SR0, the IAMs, and SPsky (10.31a-b) to correct the

horizon-zenith anisotropy term resulting in the effective anisotropy coefficient F2,eff defined

in (10.37). When estimating the impact of obstruction i on the corrected coefficient, the

incidence angle (θi) is calculated considering cell centre points.

F2,eff = SR0,frontSPsky,front(θz,φI sc)
(
IAMhz,front(βpoa,SR0,front)F2,front

−
Nnac,sky,front∑

i=1
IAMb(θi,SR0,front)F2,i,front

)
+φI scSR0,rearSPsky,rear(θz,φI sc)

(
IAMhz,rear(βpoa,SR0,rear)F2,rear

−
Nnac,sky,rear∑

i=1
IAMb(θi,SR0,rear)F2,i,rear

)
, (10.37)
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Figure 10.20 – Incidence angle modifier for the horizon-zenith anisotropy correction of a
solitary array at different inclinations (βpoa) and soiling levels (SR0).

where Nnac,sky,front and Nnac,sky,rear stand for the numbers of neighbouring-array cells blocking

the sky on the POA front and rear sides, respectively, and F2,front, F2,rear, F2,i,front, and F2,i,rear

are defined in (10.10a-b) and (10.11a-b) in section 10.2.2.

Accordingly, the effective F to all the sky-blocking neighbouring-array cells (Fcac−nac,sky,eff) is

calculated as expressed in (10.38)).

Fcac−nac,sky,eff = SR0,frontSPsky,front(θz,φI sc)
Nnac,sky,front∑

i=1
IAMb(θi,SR0,front)Fcac−nac,i

+φI scSR0,rearSPsky,rear(θz,φI sc)
Nnac,sky,rear∑

i=1
IAMb(θi,SR0,rear)Fcac−nac,i (10.38)

Effective Ground Surface Reflectance. Considering the spectral and incidence angular cor-

rections discussed above, a general function of effective reflectance for ground mesh element

j (ρgme,eff,j) (10.39) can be formulated for both unshaded and shaded ground mesh elements.

ρgme,eff,j(ρgme,j,SPgr,θj,as) = SPgrIAMb(θj,SR0)ρgme,j, (10.39)

where ρgme,j stands for the broadband reflectance of ground mesh element j, SPgr for the

spectral correction factor of ρgme,j, and IAMb(θj,SR0) for the IAM for a ray received from

ground mesh element j at incidence angle θj on a cell surface characterised by SR0 (see

(10.34)).
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Conclusion

This chapter presented a new algorithmic architecture and model for simulating radiative

interactions in a ground-mounted bifacial PV system separately for each solar cell. The

heterogeneity of the assumed ground surface surrounding the system is assumed to be limited

to spatially variable shading. The level of detail is designed for a utility-scale system but the

effective irradiance incident on a solitary array or on a set of three arrays can also be modelled.

The algorithm was developed to cover all the five major solar tracking technologies in addition

to the commonly considered fixed mount. In the state of the art, only the model of Lindsay

et al. (2016) can be applied to a tracking system, horizontal single axis tracking in specific.

The new algorithmic design is based on dividing the simulation process into a geometric

mapping component that is deterministic and an irradiance-dependent component where

the variability of parameters cannot be predicted deterministically. The division is designed to

improve the computational efficiency of the model. In the geometric mapping component, all

variables are expressed as functions of the solar geometric parameters. The design utilises

the fact that although many radiative interactions within a PV system continuously change

in time, their variability is deterministic: in another location at another time, the values of

these parameters would be exactly the same if the sun’s position and the system configura-

tion remained unchanged. When digital memory is not a limiting factor, the computation

time required for the geometric calculations is directly proportional to the number of data

points irrespective of whether the points are distributed in a solar angular domain or a geospa-

tiotempolar domain. Therefore, with long time series required for, (, e.g.,) project feasibility

assessment, it is computationally beneficial to switch from the commonly used temporal

domain to a solar angular one.

The complexity of the calculation steps in the proposed geometric model depends on the scale

of the system (solitary array, parallel triplet, or power plant) and the chosen array mounting

method. While the array configuration step outputs constant parameters in the case of

fixed systems, the configuration of tracking systems is specific to each solar position and,

thus, the resulting configuration is defined through vectors of parameters. The component

also covers the mapping of array cross-shading, array cross-blocking, and specular array-

array reflections. In the power plant mode, two new computational techniques using the

configurational consistency between the arrays are adopted to make the simulation of radiative

interactions faster. In addition to the standard array-cross shading of the solar beam, the

model also considers the sky blocking due to other arrays. In order to integrate the sky blocking

calculations properly with the integrated sky diffuse irradiance model (Perez et al., 1990), the

horizon-zenith anisotropy, which is originally modelled one-dimensionally by Perez et al.

(1990), was remodelled two-dimensionally. The effect of this correction is particularly strong

on the ground-facing module surfaces where sky diffuse irradiance is much more strongly

affected by the anisotropy than on the sky-facing surfaces.

The component following the geometric mapping, the actual effective irradiance estimation is
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performed in the temporal domain. The solar geometric maps of the various, possibly multi-

dimensional parameters are converted into temporal variables at a specific step of domain

transformation. After modelling plane-of-array irradiance (Gpoa), the model proceeds to the

effective irradiance estimation i.e., the Wm−2-to-sun unit conversion of the Gpoa estimates.

Two new correction procedures were proposed in the chapter, one for the spectral and the

other one for the incidence angular correction of the Gpoa estimates. The spectral correction

is novel in that it captures the temporal variability in the spectra of both solar beam and sky

diffuse irradiance. Using the irradiance spectra and the external quantum efficiency distri-

butions of the considered module types, temporally variable spectral mismatch factors are

modelled for each considered module type. The variability of the irradiance spectra due to

solar elevation is modelled by using the SMARTS software (Gueymard, 1995, 2005). The results

indicate that under cloudy conditions, the disregard of the spectral mismatch would result in

severe overestimation of the output current of bifacial modules — in particular with modules

representing silicon heterojunction technology (HJT). The novel element in the proposed

soiling-dependent incidence angular correction is the fact that the correction is performed

separately for the isotropic and horizon-zenith anisotropy components of sky diffuse irra-

diance. The improvement is particularly relevant for estimating sky diffuse irradiance for

ground-facing surfaces of solar modules. The effective irradiance model presented in this

chapter was also used to evaluate the effect of ambient conditions on the optimal design of

two-terminal perovskite/silicon tandem solar cells (Dupré et al., 2020). This application is

described in more detail in section 11.3.2.
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11 Validation of the Effective Irradiance
Model

In chapter 10, a new model is proposed for estimating effective irradiance (Geff) in bifacial

PV systems. The present chapter discusses the validation of the model. First, section 11.1

describes the data and the methodology used in the validation. The results of the validation

are reported in section 11.2. Finally, section 11.3 demonstrates the usage of the validated

model in two applications.

11.1 Sources and Processing of Data

This section presents the data used to validate the performance of the model. Subsection

11.1.1 first describes the experimental setups for the collection of the data. The performed

data processing steps are discussed in subsection 11.1.2.

11.1.1 Data Sources

The data required for the validation of the proposed model were collected in the context of the

European H2020 AMPERE project . The project focuses on the demonstration of the low-cost

potential of solar modules based on silicon heterojunction technology (HJT). In the frame

of the project, two outdoor test benches were installed on the premises of the Commissariat

à l’Énergie Atomique et aux énergies alternatives (CEA) in Cadarache, France and on those

of Enel Green Power (EGP) in Catania, Italy. The primary purpose of these test benches is

to evaluate the performance of novel HJT module technologies — not the validation of the

present model. Nonetheless, the test benches are a good example of radiatively complex

systems, whose simulation may benefit from the high level of detail of the proposed model. In

addition, the sites have a high degree of instrumentation. Therefore, they are suitable sites for

applying the model and validating its performance.

At both test benches, the system is configured in strings of series-connected solar modules

with each string equipped with one type of modules. The measured performance parameters

are the power (Pmpp), the current (Impp), and the voltage (Vmpp) of each string at the maximum
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power point (MPP). Moreover, plane-of-array (POA) irradiance (Gpoa) and the rear surface

temperature (Tpoa) of solar modules are measured at multiple spots on the arrays. In addition

to the array-specific data, radiant flux and meteorological measurements are monitored in

the vicinities of both test benches. The test benches are operational since March 2019 in

Cadarache and since May 2019 in Catania.

In accordance with the objective of the AMPERE project, the tested module types mostly

represent HJT: one monofacial and seven bifacial HJT module types. In addition, a standard

monofacial polycrystalline silicon (pc-Si) module type and a bifacial module type with n-type

silicon passivated emitter and rear totally diffused (n-PERT) cells are tested. Monofacial

modules were installed specifically to quantify the bifacial gain of the bifacial modules. The

module selection covers two cell interconnection technologies: the standard busbar-based

technology and the SmartWire Connection Technology developed and commercialised by

Meyer Burger Technology AG (2020).

Table 11.1 specifies technical parameters of the ten tested module types. The listed module

MPP power under STC (Pmpp,mod,stc) and the bifaciality coefficient (φI sc) of module short-

circuit current (Isc,mod) are derived by averaging the measurements of each batch of the

tested modules. The STC measurements of the bifacial modules were performed using a

black backsheet as per the standard IEC TS 60904-1-2:2019 (International Electrotechnical

Commission, 2019). The temperature coefficients (αPmpp,stc ) are collected from the modules’

datasheets if available. The table also introduces the names to be used in this thesis when

referring to each type and lists the numbers of modules installed at each test bench.

Table 11.1 – Module types under investigation.

NmodName
Cell
type

Nc
Pmpp,mod,stc

[W]

φI sc

[%]

αPmpp,stc[
%K−1

] Intercon-
nection CEA EGP

MF-PC pc-Si 60 266 0 -0.41 BB 10 11
MF-HJT HJT 72 360 0 -0.25 BB 0 8
BF-PERT n-PERT 60 299 81 -0.38 BB 10 10
BF-HJT1 HJT 60 307 82 -0.27 BB 5 10
BF-HJT2 HJT 60 303 89 N/A SW 5 0
BF-HJT3 HJT 60 303 89 N/A SW 5 0
BF-HJT4 HJT 72 360 89 N/A BB 5 0
BF-HJT5 HJT 72 358 89 N/A SW 0 8
BF-HJT6 HJT 72 360 90 -0.25 BB 0 8
BF-HJT7 HJT 72 360 90 -0.25 BB 0 8

BB, busbar; BF, bifacial; CEA, Cadarache; EGP, Catania; MF, monofacial; Nc, number
of cells per module; Nmod, number of modules; Pmpp,stc, average measured module
power at maximum power point (MPP) under standard test conditions (STC); SW,
SmartWire; αPmpp,stc , temperature coefficient of Pmpp,stc; φI sc, bifaciality coefficient.
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The test bench in Cadarache consists of two parallel arrays of portrait-configured modules

tilted at 30° towards south and spaced at seven metres from each other. The northern array

has two strings with MF-PC and BF-PERT modules and the southern one four strings with

BF-HJT1-4 modules. Figure 11.1 shows both arrays. Gpoa is measured at five spots (MF-PC

Figure 11.1 – Outdoor test bench on CEA premises in Cadarache, France comprising six strings
on two arrays.

front, BF-HJT3 front, BF-PERT rear, BF-HJT1 rear, and BF-HJT3 rear) using photodiodes (IKS

Photovoltaik GmbH, 2014).

The test bench in Catania consists of six arrays of landscape-configured modules tilted at 37°

towards south. The arrays are organized into three parallel 2-array blocks spaced at seven

meters from each other with BF-PERT and BF-HJT1 in the southern arrays, BF-HJT5-6 in the

middle arrays, MF-HJT and BF-HJT7 in the northern arrays, and MF-PC in both northern and
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southern arrays. Figure 11.2 shows the middle arrays in the foreground. Gpoa is measured only

Figure 11.2 – Outdoor test bench on EGP premises in Catania, Italy comprising seven strings
on six arrays.

at two spots (MF-PC front and BF-HJT5 rear) using high-precision pyranometers (LSI LASTEM

s.r.l., 2016).

11.1.2 Data Processing

The first data processing step is the construction of a single database of quality-assured time

series of measurements from the various sensors of the test benches. This subsection first

describes the construction, after which it moves on to the method and the results of the

estimation of the two important factors of bifacial PV system performance: ground surface

reflectance (ρ) and cell temperature (Tc).

Database Construction

The constructed database contains merged time series of the following parameters

• measured at the test bench:

– string power (Pmpp), current (Impp), and voltage (Vmpp) at the MPP,

– module front POA irradiance (Gpoa,front) at 1 (Catania) or 2 (Cadarache) spots per

system,
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– module rear POA irradiance (Gpoa,rear) at 1 (Catania) or 4 (Cadarache) spots per

system,

– module rear surface temperature (Tpoa) at roughly one spot per string,

• measured at an irradiance monitoring station:

– global horizontal irradiance (G) and beam normal irradiance (Gb,n),

– ambient air temperature (Ta) at 2 m above ground,

– wind speed (va) at 10 m above ground,

• modelled by a solar geometric model:

– solar zenith angle (θz),

– solar azimuth angle (φs),

– sun-earth distance, and

• cell transparency vector.

At the test bench in Cadarache, the data are measured at a resolution of five seconds whereas

in Catania, the measuring interval is one minute. In addition, potential delays between the

solar resource measurement at the irradiance monitoring sites and the measured impact at

the test benches can be up to several minutes in Catania where the irradiance monitoring

station is located at a distance of 350 metres from the test bench. In Cadarache, all the sensors

are located near each other. However, even there, the time stamps of the different data-logging

units differ and follow different time zones. To align the timestamps and eliminate the effect of

delays between sensors, the datasets were resampled to a five-minute resolution by averaging

the measurement records over each five-minute interval of the database. The solar geometric

parameters were computed by the SG2 algorithm (Blanc and Wald, 2012) for the midpoint of

each interval.

After the data fusion, the quality of the measurements was assessed. The solar meteorological

measurements were assessed based on the criteria for sub-hourly extrema as per Espinar et al.

(2011). The system performance parameters were not included in the dataset whenever the

values were unrealistically high. The overly high values were identified with the following

condition: Impp > 1.2Impp,stcGpoa/1000Wm−2 where Gpoa refers to the total POA irradiance

combining measured irradiances for both front and rear surfaces of the POA. Due to the large

number of data points, there was no need for filling the data gaps. Hence, whenever even one

of the parameters is missing, has a zero value, or does not meet the data quality criteria, the

time step was omitted.

The array configurations of both test benches have changed multiple times since the benches

became operational. This is because not all module types were available at the beginning of

the operation. More strings were added to the system whenever a new module type became

available for installation. In order to allow for the usage of a single geometric model for each
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system, the array configuration as of March 2020 is used with all the time steps since the

beginning of the operation. The changes in the array configuration are captured by means of a

cell transparency matrix that consists of a time series of vectorised cell transparency maps.

This additional data layer is superimposed onto the other layers involved in the geometric

mapping stage of the simulation. The layer sets all the cells of a string of modules transparent

at the time steps at which the string has not been installed, yet. As described in section 10.2.1,

the proposed Geff model can be used in three different system modes. In the case of the two

test benches, the mode "parallel triplet" is the most appropriate and, thus, selected for the

simulation.

Empirical Derivation of System Performance Factors

Since the test benches were not designed for the purpose of validating the proposed model,

measurements of some important system performance factors are missing. Most importantly,

ground surface reflectance (ρ) is not measured at either site. Module temperature is measured

at some spots on the module rear surfaces but the measurements are not sufficiently dense for

estimating the spatial variability of the temperature on array surface via interpolation. This

subsection first describes the methodology and results of the ρ estimation and moves on to

explain the steps to model solar cell temperature (Tc).

Ground Reflectance. In the absence of ρ measurements, ρ needs to be derived from the

Gpoa,rear measurements by means of the proposed bifacial irradiance model. This poses a

potential problem in that the uncertainty of the model may result in erroneous ρ estimates,

which calibrate the model and falsely boost its evaluated performance. In order to minimise

the effect of the ρ estimation on the model’s performance evaluation, the cross-validation

methodology described in section 2.2 is also adopted here. Monthly coefficients are empirically

obtained for the bivariate ρ model specified in (1.25) of section 1.3 using only one day of

Gpoa,rear measurements per each week. These measurements form the training dataset that is

not used for the validation of the irradiance model.

It turns out that despite the visual similarity between the ground surface types of the two sites,

their ρ levels significantly differ from each other. As can be seen in Figure 11.3, the ground

in Catania appears roughly twice as reflective as the ground in Cadarache. At both sites, the

surfaces seem almost Lambertian with no major difference between the blue-sky (ρn) and

white-sky (ρd) reflectance levels. However, ρ experiences seasonal variability at both sites.

The December level stands out as an outlier at both sites. The anomalous behaviour may be

caused by frequent rainfall and the consequent patches of water around the test benches in

December.
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Figure 11.3 – Global bi-hemispherical reflectance (ρn) at the normal incidence of solar beam
and diffuse bi-hemispherical reflectance (ρd) estimated for the sites of the outdoor test
benches in Cadarache (in black) and Catania (in grey).

Cell Temperature. Cell temperature (Tc) is estimated by the simple thermal model of King

et al. (2004) whose Tc formulation is shown in (11.1).

Tc = Tpoa +
Gpoa

1000Wm−2 3◦C =Gpoa

(
eb0+b1va W−1 m2 ◦C+ 3◦C

1000Wm−2

)
+Ta, (11.1)

where b0 and b1 are empirical fitting coefficients, Gpoa is the combined irradiance incident

on the front and rear surfaces of the POA, Ta is ambient air temperature, Tpoa is module rear

surface temperature, and va is wind speed.

The coefficients, b0 and b1, are obtained by empirically fitting the thermal model to the

Tpoa measurements. The fitting is done separately for each module type (i.e., Tpoa sensor)

and for each considered month. Thanks to the cell-specific irradiance estimation, the ob-

tained parametrisation of each module type can be generalised to every cell allowing for the

quantification of the variability of Tpoa on array surfaces.

Figure 11.4 shows, for example, the Gpoa-weighted average Tc calculated over the entire

timeframe of the database (March 2019 - February 2020) for the northern array of the test

bench in Cadarache. The array comprises two strings of modules, monofacial and bifacial, as
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Figure 11.4 – Irradiance-weighted average cell temperature estimated for every cell of the
northern array of the test bench in Cadarache.

specified in the figure. The figure shows that on an annual average, the modelled variability

across the array is not significant and also the difference in Tc between monofacial and bifacial

modules is in the order of only 0.5 ◦C. Though, with array cross-shading, Tc can significantly

vary between shaded and unshaded cells. Also, the convective effect of wind can be expected

to vary between the different parts of the arrays. This effect is not taken into consideration in

the present analysis.

11.2 Model Validation

The performance evaluation of the new bifacial effective irradiance model is divided into three

parts. The Gpoa estimation component of the model is first validated for the POA front side in

subsection 11.2.1. This validation step is actually the evaluation of the sky diffuse irradiance

model of Perez et al. (1990). That is because the effect of the new model’s enhancements is very

small due to high-elevation locations of the Gpoa,front sensors and the module’s low inclination

from horizontal. Because of the geometry, the corrections of array sky blocking and ground

shading integrated in the new model have almost a negligible effect on the Gpoa,front estimates.

Therefore, this first validation step rather serves as a check on how much error can be expected

from the estimation of Gpoa,front when estimating the error of current measurements later on

in this chapter.

Second, the new model’s Gpoa estimation component is validated for the POA rear side in

subsection 11.2.2. The accuracy of the model’s rear irradiance (Gpoa,rear) estimates is compared

to that of the following three benchmarks:

1. the assumption of the ground as a uniform irradiance source exposed to global horizon-

tal irradiance (G),

2. the assumption of the ground as a uniform irradiance source exposed to diffuse hori-

zontal irradiance (Gd), and
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3. the two-dimensional (2D) "unlimited sheds" model described by Mermoud and Wittmer

(2016) and Marion et al. (2017) (as implemented in the PVsyst software).

Benchmark 1 is the standard approach used with monofacial solar modules. As the approach

implicitly assumes that the entire visible part of the ground surface is unshaded, it can be

expected to practically always overestimate Gpoa,rear. That is why it is interesting to include

another, more conservative benchmark that is just as easy to use as benchmark 1. However,

benchmark 2 assumes that the surrounding ground surface is always shaded but without any

sky blocking. Finally, benchmark 3 is chosen for the comparison due to its prominent role in

the state of the art. The criterion for the evaluation of the new model’s performance is that

the model should be able to estimate Gpoa,rear at least at an accuracy comparable to the best

benchmark approach.

The third part of the validation (subsection 11.2.3) deals with the accuracy of the estimation of

string current based on the new model’s Geff estimates. The accuracy is compared to that of

the following two benchmark approaches:

1. estimation based on the plane-of-array irradiance (Gpoa) measurements made at the

site and

2. the two-dimensional (2D) "unlimited sheds" model described by Mermoud and Wittmer

(2016) and Marion et al. (2017) (as implemented in the PVsyst software).

Benchmark 1 is the method that the operators of the test bench use when estimating perfor-

mance ratio and bifacial gain indicators for the modules under testing. Benchmark 1 is also

selected to form an idea of the potential benefit from using a model capable of generating cell-

level irradiance estimates instead of deploying the benchmark, which involves the estimation

of performance indicators based on irradiance measurements that represent the conditions of

only single cells. Benchmark 2 is the same method as benchmark 3 at the Gpoa,rear validation

step. The same criterion as above applies: the estimation of current based on the model’s Geff

estimates should reach an accuracy comparable to that of the benchmark approaches.

11.2.1 Front Irradiance

At typical POA inclination angles, the surrounding ground surface only accounts for a small

fraction of the field of view on the POA front surface. At the considered validation sites in

Cadarache (βpoa = 30°) and Catania (βpoa = 37°), these fractions are, respectively, 0.067 and

0.101 at maximum. Hence, on the POA front surfaces, the chosen sky diffuse irradiance model

has by far the largest impact on the accuracy of Gpoa estimation.

There are numerous simple models available for estimating the sky diffuse irradiance incident

on the sky-facing POA surface (reviewed by, e.g., Tuomiranta and Ghedira, 2015). The most

accurate ones of these models capture the anisotropy of sky radiance. So does the model
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of Perez et al. (1990), which is the base model for estimating sky diffuse irradiance in the

proposed Geff model. The model of Perez et al. (1990) relates the pattern of sky anisotropy to

sky conditions using empirically derived coefficients. Although its parametrisation has been

proven to be generalisable to many sites worldwide through numerous evaluation studies, it is

worthwhile to quantify its potential bias at the two considered model validation sites.

The scatter plots in Figures 11.5 and 11.6 illustrate the estimation accuracy of Gpoa,front at

the northern array of the test bench in Cadarache. In the figures, the model performance is

separately shown for eight different sky clearness categories with category 1 referring to the

overcast conditions and category 8 to the clear sky conditions. The mathematical definitions

of the sky clearness categories are adopted from Perez et al. (1990). Figure 11.5 shows the

accuracy when assuming an entirely unobstructed view and uniform ground radiosity. Figure

11.6, in turn, shows the accuracy of the proposed model. As expected, due to the irradiance

sensor locations on top of the arrays, the difference between the two approaches is small.

Both methods result in overestimated estimates in all sky clearness categories except for

the two cloudiest ones. Due to the consideration of the obstructions, the proposed model

overestimates Gpoa,front slightly less.

Figures 11.7 and 11.8 show the same scatter plots for the site in Catania. There, the difference

in the model bias is slightly wider than in Cadarache. In Catania, the arrays are at a higher

inclination from horizontal, which increases the field of view fraction obstructed by neigh-

bouring arrays. Nevertheless, both approaches show good performance under the clear and

lightly cloudy conditions. Under the overcast conditions, their performance is clearly worse in

Catania than in Cadarache.

The targeted improvements of the Gpoa component of the proposed Geff model are related to

the more precise estimation of sky diffuse and ground-reflected irradiance incident on the POA

rear side. Apart from capturing the effect of obstructions and non-uniform ground radiosity,

the model does not provide notable improvements for Gpoa,front estimation. Therefore, when

estimating the model’s accuracy in current estimation, it would be interesting to quantify the

error with unbiased Gpoa,front estimation. In order to correct the Gpoa,front estimates, second

degree polynomial equations are fitted to the measured Gpoa,front as a function of the modelled

Gpoa,front. These polynomial fit functions are also included in the scatter plots of Figures

11.5-11.8. The fitting functions are deployed to remove the bias of the Gpoa,front estimates

separately for each of the eight sky clearness categories.
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Figure 11.5 – Scatter plot comparing the front plane-of-array irradiance (Gpoa,front) measure-
ments with estimates at the northern array of the Cadarache site assuming an unobstructed
field of view and uniform ground radiosity with the colours denoting the density of data points
(red: dense, blue: sparse), the black solid lines denoting the estimates of a perfect model, and
the black dashed lines denoting the 2nd-order polynomial fits of the modelled estimates as a
function of the measurements.
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Figure 11.6 – Scatter plot comparing the front plane-of-array irradiance (Gpoa,front) mea-
surements with estimates made with the proposed Geff model for the northern array of
the Cadarache site with the colours denoting the density of data points (red: dense, blue:
sparse), the black solid lines denoting the estimates of a perfect model, and the black dashed
lines denoting the 2nd-order polynomial fits of the modelled estimates as a function of the
measurements.
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Figure 11.7 – Scatter plot comparing the front plane-of-array irradiance (Gpoa,front) measure-
ments with estimates at the Catania site assuming an unobstructed field of view and uniform
ground radiosity with the colours denoting the density of data points (red: dense, blue: sparse),
the black solid lines denoting the estimates of a perfect model, and the black dashed lines
denoting the 2nd-order polynomial fits of the modelled estimates as a function of the mea-
surements.
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Figure 11.8 – Scatter plot comparing the front plane-of-array irradiance (Gpoa,front) measure-
ments with estimates made with the proposed Geff model for the Catania site with the colours
denoting the density of data points (red: dense, blue: sparse), the black solid lines denoting the
estimates of a perfect model, and the black dashed lines denoting the 2nd-order polynomial
fits of the modelled estimates as a function of the measurements.
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11.2.2 Rear Irradiance

With rear irradiance, the effect of the considered level of system-geometric detail should be

much stronger than with front irradiance. Therefore, the achieved accuracy of rear irradiance

estimation is more relevant for the proposed model’s validity than that of front irradiance

estimation.

Figures 11.9-11.11 show scatter plots illustrating how well Gpoa,rear estimates agree with the

measurements. The figures show the performance of four alternative Gpoa,rear estimation

methods at three different sensor locations. The simplest approach, which is commonly used

when estimating Gpoa,front, is to assume uniform ground radiosity and an unobstructed view

to the ground. This approach can be considered as a one-dimensional (1D) approach as the

surface is regarded as a single homogeneous light source. The figures show the performance

of two 1D approaches: the standard one where the ground is assumed to be unshaded and,

thus, exposed to global horizontal irradiance (G) and a more conservative approach where the

ground is assumed to be shaded and, thus, exposed to diffuse horizontal irradiance (Gd).

The third estimation method covered in the figures is the two-dimensional (2D) approach

adopted by, (, e.g.,) Mermoud and Wittmer (2016) and Marion et al. (2017). This approach

is also incorporated in the PV system simulation software PVsyst (PVsyst SA, 2018a). It is de-

signed for PV systems comprising multiple arrays. The approach is based on the assumption

of "unlimited sheds" i.e., infinitely long arrays. The ground-reflected irradiance is estimated

assuming the ground surface between these infinite arrays as the light source. As discussed

in section 9.3.1, these models capture the array blocking of both solar beam and sky diffuse

irradiance incident on the ground. However, due to the assumption of infinitely long arrays,

the modelled ground radiosity only varies in the direction perpendicular to the arrays. Further-

more, at least as implemented in PVsyst, the method does not consider inter-cell variability but

results in a single Gpoa,rear estimate for the entire array. Finally, the fourth method included in

Figures 11.9-11.11 is the Gpoa component of the proposed three-dimensional (3D) Geff model.

Figures 11.9-11.11 show that the standard 1D method severely overestimates ground-reflected

irradiance at all the three sensor locations. The shaded fraction of the field of view increases

with lower elevations under most sky conditions. Hence, the bias of the G-based 1D method is

the more severe, the lower is the location of the point of interest on the array surface (Figure

11.10). In terms of bias, the Gd-based 1D method performs much better. However, due to the

uniformity assumption, its random error is also large - though, much smaller than that of the

G-based 1D method.

The 2D approach significantly improves the estimation accuracy compared to the 1D methods

at all the three sensors. This is particularly the case with the mid-array sensors. The poorer

performance at the low-elevation sensor can be explained by the fact that the method’s array-

specific Gpoa,rear estimates are the most representative for the mid-array elevations. Since

all the irradiance sensors of the test benches are located far from the eastern and western

edges of the arrays, the effect of the assumption of infinitely long arrays cannot be thoroughly

201



Chapter 11. Validation of the Effective Irradiance Model

Figure 11.9 – Scatter plot comparing the rear plane-of-array irradiance (Gpoa,rear) measure-
ments of a mid-elevation irradiance sensor with estimates made with four different estimation
methods at the northern array of the Cadarache site with the colours denoting the density
of data points (red: dense, blue: sparse) and the black solid lines the estimates of a perfect
model.
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Figure 11.10 – Scatter plot comparing the rear plane-of-array irradiance (Gpoa,rear) measure-
ments of a low-elevation irradiance sensor with estimates made with four different estimation
methods at the southern array of the Cadarache site with the colours denoting the density
of data points (red: dense, blue: sparse) and the black solid lines the estimates of a perfect
model.
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Figure 11.11 – Scatter plot comparing the rear plane-of-array irradiance (Gpoa,rear) measure-
ments of a mid-elevation irradiance sensor with estimates made with four different estimation
methods at the Catania site with the colours denoting the density of data points (red: dense,
blue: sparse) and the black solid lines the estimates of a perfect model.
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estimated. However, judging by the 2D method’s relatively good performance with these short

arrays, it is clear that the method would perform well in power plant configurations that are

normally equipped with much longer arrays — especially when estimating Gpoa,rear at the cell

or module level as proposed by Marion et al. (2017).

The performance of the proposed 3D approach seems somewhat disappointing considering

the fact that the 2D approach is an order of magnitude faster and easier to implement than the

complex 3D approach. It should be emphasized, however, that two out of the three considered

Gpoa,rear sensors are at optimal locations from the viewpoint of the 2D approach. At these

spots, it can even reach a higher accuracy than the 3D approach thanks to the dense 2D

gridding of the ground surface between the arrays. The estimates are derived from a set of 100

ground strips between the arrays. The ground mesh of the 3D approach is significantly sparser

particularly in the selected "parallel triplet" mode. At the viewpoints in the middle of the arrays,

the sparser gridding results in a larger error in the estimation of ground-reflected irradiance

compared to the 2D approach. However, the sparsity of the mesh is necessary for keeping

the computation time acceptable. The price of the computational performance is a higher

random error caused by the meshing. The ultimate impact of the choice of the irradiance

model should, however, be assessed by comparing the accuracies of the array performance

indicators derived from the modelled irradiance estimates. This impact is discussed next in

section 11.2.3.

11.2.3 Array Performance

The results reported in section 11.2.2 show that when estimating rear irradiance for POA points

far from the array edges, there is no major difference in terms of accuracy between the 2D

approach of PVsyst and the complex 3D model proposed in this thesis. In this section, it

is investigated whether this conclusion can also be generalised to the estimation of array

performance indicators such as the current (Impp) at the maximum power point (MPP). The

section first deals with the two major enhancements of the proposed 3D approach compared

to the assumed alternative, the 2D approach of PVsyst. The first one is the variability of POA

irradiance on the array surface discussed in subsection 11.2.3. Subsection 11.2.3 addresses the

second enhancement: the light-source-specific Geff estimation. Finally, the performance of

the Geff model is evaluated by comparing its capability to predict string-level Impp to that of

its alternatives.

Variability of Irradiance on Array Surface

Figure 11.12 shows how the annual total radiant exposure modelled by the proposed 3D model

varies across the cells of the northern array of the Cadarache site. The most (least) illuminated

cells receive approximately five (three) per cent more (less) irradiation in a year than the

average cell of the array. When Gpoa,rear is modelled using the array-specific 2D approach,

the obtained annual exposure value, 2108 kWhm−2, roughly represents the boundary of the
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first quartile of the cells when sorted with ascending, 3D-modelled exposure. According to an

Figure 11.12 – Annual radiant exposure estimated by the proposed 3D model for the northern
array of the site in Cadarache (top) and the deviation of the array-specific estimate of the 2D
approach from the cell-specific estimates of the 3D model (bottom).

earlier unpublished in-house simulation performed with CSEM’s detailed electrical model of

array current-voltage characteristics, the Impp of the 1st-quartile cell can actually be used as a

good approximation of the Impp output by the whole string. Hence, on an annual average, the

array-specific estimation of the 2D approach seems promising.

Figure 11.13 has the same idea as Figure 11.12 but instead of the annual exposure, it illustrates

the inter-cell variability of the total Gpoa in the late afternoon of the autumn equinox in 2019.

In the late afternoon, the array’s ground shadow stretches far to the eastern side of the array.

As a result, the western side of the array is exposed to approximately ten per cent higher

irradiance than the eastern side. The 2D approach would not capture this variability even

with cell-specific estimation due to the assumption of infinite arrays. Figure 11.13 shows

that although at the annual level, the 2D approach might output accurate estimates of the

system performance (as suggested by Figure 11.12), its predictions of instantaneous array

performance are likely to be more uncertain than those of the 3D approach at the considered

test benches. Furthermore, regarding the annual estimation accuracy, it should be emphasized

that the annual bias level of the 2D approach is influenced by the ratio of the model’s array-
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level irradiance estimate to the value that is representative of the whole array’s conditions. As

mentioned above, the level of the Gpoa estimate seems promising. However, current is not

determined by Gpoa but by Geff, which is discussed below.

Figure 11.13 – Total plane-of-array irradiance (Gpoa) estimated by the proposed 3D model for
the northern array of the site in Cadarache on September 23, 2019 at 17:00 (CET) (top) and the
deviation of the array-specific estimate of the 2D approach from the cell-specific estimates of
the 3D model (bottom).

Effective Irradiance

As explained in detail in section 10.2.3, the proposed Geff model corrects its Gpoa estimates for

the variability in incidence angular reflection and spectral mismatch. Both corrections are

performed separately for all visible light source elements i.e., the ground mesh elements and

the sky zones for the correction of horizon-zenith anisotropy. Usually, as in the case of the 2D

model of PVsyst, a time-variant incidence angular correction is only performed for the beam

component of Gpoa, whereas the sky diffuse and ground-reflected components are corrected

with a constant incidence angle modifier (IAM). Furthermore, the proposed model is the first

one to apply a time-variant spectral correction separately for each light source. The 2D model

of PVsyst does not consider the spectral effects for crystalline silicon modules.
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Figures 11.14 and 11.15 follow the same concept as Figures 11.12 and 11.13 above — just

considering Geff instead of Gpoa. Figure 11.14 shows that the annual effective radiant exposure

(i.e., the apparent radiant exposure measured in sun-hours) is approximately five per cent less

than the apparent total radiant exposure shown in Figure 11.12. The inter-cell variability of the

ratio of the two is practically negligible. As discussed in section 11.2.3, the array-specific Gpoa

Figure 11.14 – Annual effective radiant exposure estimated by the proposed 3D model for the
northern array of the site in Cadarache (top) and the deviation of the array-specific estimate
of the 2D approach from the cell-specific estimates of the 3D model (bottom).

estimate of the 2D approach is near the cell-specific 3D-modelled estimate of the 1st-quartile

cell. Via earlier simulations of string-level current-voltage characteristics, the Impp of this cell

was found to be a good approximation of the string-level Impp. However, in the case of Geff,

the array-specific estimate of the 2D approach is near the mean of the 3D-modelled estimates.

Therefore, if the estimates of the proposed 3D model turn out to be accurate, the 2D approach

can be expected to overestimate Impp at the string level in Cadarache.

Figure 11.15 illustrates the inter-cell variability of instantaneous Geff estimates. The shown

Geff map can be converted into a map of cell-specific short-circuit currents (Isc) by using

(9.4) specified in section 9.2. The figure shows that at least in the chosen example scenario

(September 23, 2019 at 17:00 (CET)), the underestimation of the 2D approach due to the

assumption of infinitely long arrays is intensified when switching from Gpoa to Geff. This result
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implies that the 2D approach is likely to underestimate Impp in the early-morning and evening

hours if it is capable of correctly predicting Gpoa. Though, that is the case only if the proposed

3D model correctly captures the radiative interactions.

Figure 11.15 – Effective irradiance (Geff) estimated by the proposed 3D model for the northern
array of the site in Cadarache on September 23, 2019 at 17:00 (CET) (top) and the deviation
of the array-specific estimate of the 2D approach from the cell-specific estimates of the 3D
model (bottom).

Model Performance

This subsection finally quantifies the performance of the proposed model. The evaluation

is performed by comparing the string-level Impp estimates to the measured Impp. Pmpp and

Vmpp are not considered in the evaluation due to their stronger dependence on Tc. Moreover,

the irradiance dependence of Vmpp in particular is strongly non-linear.

As formulated in (9.4) (see section 9.2), Geff can be used to estimate the Isc of a cell based

on Tc, Isc,stc, and αI sc. In this validation study, it is assumed that Impp and Impp,stc share the

same relationship to each other as the one formulated between Isc and Isc,stc in (9.4). This

approximation is needed as Isc is not measured at either test bench. In order to avoid the

time-consuming computation of string-level current-voltage characteristics for every interval
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Table 11.2 – Performance of the considered methods for estimating string current for each anal-
ysed string of bifacial modules over the full time periods (Cadarache: March 2019 - February
2019, Catania: May 2019 - February 2020) of resampled measurements at a 5-min resolution.
(The first method is the usage of the available Gpoa measurements instead of using any model.
The second method is the 2D model of PVsyst and the third one the proposed 3D Geff model.)

Measured Gpoa Array-specific 2D Cell-specific 3D
Site

Module
type

MAE
[%]

MBE
[%]

MAE
[%]

MBE
[%]

MAE
[%]

MBE
[%]

Figure

BF-PERT 5.99 +5.40 9.59 +7.44 8.11 +3.62 11.16
BF-HJT1 5.97 -1.35 9.09 +5.90 6.62 +0.68 11.17
BF-HJT2 5.85 -1.25 6.26 +1.46 5.92 +0.51 11.18
BF-HJT3 3.67 -1.42 4.75 +1.28 4.32 -0.62 11.19

Cadarache

BF-HJT4 4.26 -2.24 7.62 +5.08 4.95 +0.37 11.20

BF-PERT 9.96 +9.78 11.34 -9.72 5.79 +0.80 11.21
BF-HJT1 9.63 -6.13 15.76 -13.53 8.34 -0.92 11.22
BF-HJT5 10.82 +10.65 10.86 -9.04 5.43 +0.29 11.23
BF-HJT6 7.29 +6.86 12.64 -11.04 5.33 -0.11 11.24

Catania

BF-HJT7 6.98 +6.66 13.86 -10.02 6.13 +0.24 11.25

Gpoa, plane-of-array irradiance; MAE, mean absolute error; MBE, mean bias error.

of five minutes, the string Impp approximation discussed in the above subsections is adopted:

when deriving string-level Impp from the 3D-modelled Geff, a string’s Impp is estimated as the

1st-quartile boundary value of the vector of cell-specific Impp values.

The Gpoa,front correction functions are proposed above to correct for the Gpoa,front model’s bias.

It turns out, however, that in Cadarache, the correction of matching the Gpoa,front estimates

with the measurements made with the low-precision photodiodes actually deteriorates the

Impp estimation accuracy. It appears that since the deployed irradiance sensors are in fact

also solar cells, the measured Gpoa,front records might actually rather be the irradiance sensors’

own Geff levels than the actual Gpoa,front. In Catania, the irradiance sensors are thermopile-

based high-precision pyranometers and, hence, also the applied Gpoa,front correction leads to

improved Impp estimation. In summary, the Gpoa,front estimates are finally corrected to match

with the measurements only in Catania.

Table 11.2 summarises the performance of three different Impp estimation methods for each

considered string of bifacial modules. The table and the scatter plots show that the proposed

3D model provides the lowest bias at all the strings. The resulting bias is above one per cent

only at the BF-PERT string in Cadarache. In Cadarache, the irradiance sensors are solar cells

and there are five of them as opposed to the two pyranometers in Catania. This may be the rea-

son why the direct usage of their measurements as Impp predictors provides the lowest mean

absolute error (MAE) levels in Cadarache. In Catania, 3D-modelled estimates are clearly the
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Figure 11.16 – Scatter plots comparing the measured array current (Impp) at the maximum
power point MPP and the estimates made with the three considered Impp estimation methods
for string BF-PERT in Cadarache with the colours denoting the density of data points (red:
dense, blue: sparse) and the black solid lines the estimates of a perfect model.
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Figure 11.17 – Scatter plots comparing the measured array current (Impp) at the maximum
power point MPP and the estimates made with the three considered Impp estimation methods
for string BF-HJT1 in Cadarache with the colours denoting the density of data points (red:
dense, blue: sparse) and the black solid lines the estimates of a perfect model.
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Figure 11.18 – Scatter plots comparing the measured array current (Impp) at the maximum
power point MPP and the estimates made with the three considered Impp estimation methods
for string BF-HJT2 in Cadarache with the colours denoting the density of data points (red:
dense, blue: sparse) and the black solid lines the estimates of a perfect model.

213



Chapter 11. Validation of the Effective Irradiance Model

Figure 11.19 – Scatter plots comparing the measured array current (Impp) at the maximum
power point MPP and the estimates made with the three considered Impp estimation methods
for string BF-HJT3 in Cadarache with the colours denoting the density of data points (red:
dense, blue: sparse) and the black solid lines the estimates of a perfect model.
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Figure 11.20 – Scatter plots comparing the measured array current (Impp) at the maximum
power point MPP and the estimates made with the three considered Impp estimation methods
for string BF-HJT4 in Cadarache with the colours denoting the density of data points (red:
dense, blue: sparse) and the black solid lines the estimates of a perfect model.
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Figure 11.21 – Scatter plots comparing the measured array current (Impp) at the maximum
power point MPP and the estimates made with the three considered Impp estimation methods
for string BF-PERT in Catania with the colours denoting the density of data points (red: dense,
blue: sparse) and the black solid lines the estimates of a perfect model.
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Figure 11.22 – Scatter plots comparing the measured array current (Impp) at the maximum
power point MPP and the estimates made with the three considered Impp estimation methods
for string BF-HJT1 in Catania with the colours denoting the density of data points (red: dense,
blue: sparse) and the black solid lines the estimates of a perfect model.
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Figure 11.23 – Scatter plots comparing the measured array current (Impp) at the maximum
power point MPP and the estimates made with the three considered Impp estimation methods
for string BF-HJT5 in Catania with the colours denoting the density of data points (red: dense,
blue: sparse) and the black solid lines the estimates of a perfect model.
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Figure 11.24 – Scatter plots comparing the measured array current (Impp) at the maximum
power point MPP and the estimates made with the three considered Impp estimation methods
for string BF-HJT6 in Catania with the colours denoting the density of data points (red: dense,
blue: sparse) and the black solid lines the estimates of a perfect model.
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Figure 11.25 – Scatter plots comparing the measured array current (Impp) at the maximum
power point MPP and the estimates made with the three considered Impp estimation methods
for string BF-HJT7 in Catania with the colours denoting the density of data points (red: dense,
blue: sparse) and the black solid lines the estimates of a perfect model.
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most accurate in terms of both MAE and mean bias error (MBE).

The significantly better comparative performance of the proposed 3D model in Catania is

likely to be due to the small array size that favours 3D modelling. With small arrays, the

unlimited-sheds assumption strongly underestimates the visible part of the unshaded ground,

which can be seen in Table 11.2 and in Figures 11.21-11.25. In Cadarache, the arrays are longer

(10-15 m as opposed to ~8 m in Catania), which can be expected to reduce the negative bias of

the 2D approach. Based on Figure 11.14, the 2D approach could actually be expected to result

in overestimation due to the overestimating array-level estimate. The scatter plots shown in

Figures 11.16-11.20 verify this expectation.

11.3 Application

Two examples of the new 3D model’s application are described in this section. In subsection

11.3.1, the validated Geff estimates are applied to constructing the time series of performance

ratio and bifacial gain for all the strings equipped with bifacial modules at the two validation

sites. Subsection 11.3.2 describes how the model was applied to the analysis of the impact of

ambient conditions on the optimal design of bifacial two-terminal perovskite/silicon tandem

solar cells (Dupré et al., 2020).

11.3.1 Performance Indicators for Bifacial Module Testing

Irradiance is by far the most important factor of the power ouput or the energy yield of a

PV system. Therefore, when analysing the performance of systems located at different sites,

power output or yield or their capacity-normalised variants, capacity factor and full load

hours, cannot be used for assessing the design or the state of health of the system. That is

because these figures rather indicate the sites’ solar resource levels than system performance.

In order to isolate the dominant effect of irradiance, PV performance analysts generally use

performance ratio, in which the system’s full load hours are normalised by the "full-sun hours".

As the linear effect of irradiance is thereby isolated, the most important factors of performance

ratio include the effects of Tc, angular reflection losses, the system’s low-light performance,

and soiling. The relative weakness of these second-order effects makes the performance issues

related to, (, e.g.,) the system components’ malfunctioning more visible. To be useful however,

performance ratio requires accurate irradiance data. If the irradiance data are inaccurate and

especially if the inaccuracy varies between sky conditions or between the sites of interest,

the variability of the error in irradiance data may become as strong a factor as the other

second-order factors listed above. As a result, performance ratio loses its advantage.

With monofacial PV systems, it is generally fairly easy to acquire accurate irradiance data.

A single pyranometer produces Gpoa,front data that would be reliable for a large PV system

surrounding the sensor. When optimising the design of a future PV system, Gpoa,front estimates

derived from typical meteorological datasets can be expected to be accurate in the long term.
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As is clear based on the previous sections, Gpoa,rear is significantly more difficult to model and

it is highly dependent on the design of the system. Even when measurements are available,

they cannot be generalised to all the cells of the same array. That is why the analysts often settle

with the standard performance ratio also with bifacial systems — considering only Gpoa,front

when normalising the full load hours. Consequently, all else unchanged, the bifacial arrays

located at the edges of the system or the bifacial strings located at the edges of the arrays end

up having higher performance ratios compared to their inner neighbours. When comparing

module types with intrinsically different bifacialities, the standard performance ratio naturally

favours the most bifacial modules. For an extreme example, a poorly performing bifacial

module is likely to have a higher performance ratio than a prime-quality monofacial module.

In other words, performance ratio becomes an indicator of bifacial gain.

Bifacial gain stands for the increase in the yield of a PV system due to switching from mono-

facial solar modules to bifacial ones. In radiatively complex systems such as the analysed

outdoor test benches in Cadarache and Catania, bifacial gain is difficult to quantify. Its ac-

curate estimation would require a setup where two bifacial modules or strings are under the

same radiative conditions and one of the modules or strings is monofacialised. Under real

operating conditions outdoors, it is not easy to achieve identical conditions for both modules

or strings — especially if the goal is to emulate a power plant with multiple arrays.

By using the proposed Geff model validated above, performance ratio and bifacial gain can be

estimated if the standard ground-based irradiance data used as the model’s input are accurate.

The model also makes it practically possible to use a performance ratio, which retains the

original purpose of the indicator. In order to properly isolate the effect of irradiance, the

system’s full load hours need to be normalised by the total Gpoa — not only by Gpoa,front. This

generalisation of performance ratio (PRbf), which covers correctly also bifacial systems is

expressed in (11.2).

PRbf =
∫

Pmpp d t

Pmpp,stc

1000W/m2∫
(Gpoa,front +φIscGpoa,rear)d t

, (11.2)

PRbf should be used especially when the strings or arrays under comparison can be expected

to be exposed to very different rear irradiance levels and when the analyst’s interest is in

performance effects other than the modules’ bifaciality. Figures 11.26 and 11.27 show the PRbf

levels over biweekly periods for the strings of Cadarache and Catania, respectively. In Figure

11.26 presenting the estimated PRbf levels for Cadarache, one of the module types (BF-HJT1)

shows almost unrealistically good performance. However, the same module type in Catania

shows average performance (Figure 11.27). This suggests that the five BF-HJT1 modules have

significantly lower Pmpp,stc levels than the ones installed in Catania.

Bifacial gain can also be estimated by using time series of Geff modelled separately for the POA

front and rear sides. Based on the Geff estimates, Impp can be modelled for the arrays both

monofacially and bifacially. The bifacial gain estimate for a time period can be calculated
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Figure 11.26 – Biweekly bifacial performance ratio levels estimated by means of the modelled
Gpoa time series for the strings of bifacial modules at the test bench in Cadarache.

Figure 11.27 – Biweekly bifacial performance ratio levels estimated by means of the modelled
Gpoa time series for the strings of bifacial modules at the test bench in Catania.
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Figure 11.28 – Biweekly bifacial gain levels estimated by means of the modelled Geff time series
for the strings of bifacial modules at the test bench in Cadarache.

Figure 11.29 – Biweekly bifacial gain levels estimated by means of the modelled Geff time series
for the strings of bifacial modules at the test bench in Catania.
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by summing the two current time series over the period and dividing the bifacial sum by

the monofacial one. Figures 11.28 and 11.29 show the bifacial gain levels calculated in this

manner over biweekly periods for the strings of Cadarache and Catania, respectively. It should

be emphasized that these bifacial gain estimates are solely based on the irradiance and Tc

measurements and do not capture, for instance, any degradation mechanisms. By contrast,

PRbf can also capture anomalous performance patterns that are related to the components of

the system via the measured Pmpp.

11.3.2 Optimal Cell Design for Bifacial Perovskite/Silicon Modules

Two-terminal perovskite/silicon tandem solar cells are considered as one of the technologies

that have the potential to further reduce the price-per-watt of solar modules in the future.

Dupré et al. (2020) analysed the effect of the variation in the real operating conditions on

the optimal design of such tandem cells. In tandem cells, the series-connected subcells

must generate equivalent currents for the cell’s performance to be optimised. If the cells

and the modules equipped with them are bifacial, this optimisation becomes more complex.

As is clear based on the past chapters of this thesis, the rear-to-front ratio of the irradiance

incident on module surfaces can significantly vary between locations, seasons, and times of

the day. Furthermore, the spectral distributions of solar beam, sky diffuse, and, especially,

ground-reflected irradiance are very different.

In order to evaluate the effect of varying irradiance conditions, Dupré et al. (2020) optimised

the cell design considering the array geometry of a real system and typical meteorological

data for six locations representing different climate and ground surface types. The spectrally

resolved irradiance levels incident on the front and rear surfaces of the considered arrays

were estimated using the new effective irradiance model validated in this chapter. Figure

11.30 shows the annual average rear-to-front ratios for an average-irradiance cell in two array

configurations and six sites as a function of the arrays’ ground clearance.

The results of Dupré et al. (2020) summarised in Figure 11.31 show that bifacial solar modules

based on two-terminal perovskite/silicon tandem cells can benefit from bifaciality provided

that their design is tailored to bifacial operation. The top cells need to absorb significantly

more light than when designed for monofacial operation. The range of the tandem current

mismatch values shown in the figure is due to the variation in thickness and/or composition

of the perovskite absorber. For the considered system locations and configurations, Dupré

et al. (2020) found a broad performance optimum at a mismatch value of 6 mAcm−2 under

standard test conditions, corresponding to the top cell generating 23 mAcm−2 compared

to the 17 mAcm−2 generated by the bottom one. With this specific design, bifacial tandem

modules can yield up to 20 per cent more energy than bifacial single-junction devices across a

wide range of locations.
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Figure 11.30 – Simulated annual average rear-to-front irradiance ratios for a solitary polar-
aligned array (continuous lines) and multiple polar-aligned arrays (dashed lines) of 2 × 12
modules in portrait configuration in different locations as a function of the arrays’ ground
clearance with the vertical dashed grey line showing the clearance value chosen for the cell
design optimisation. (Dupré et al., 2020).

Conclusion

This chapter presented the results of the performance evaluation of the bifacial effective

irradiance model proposed in chapter 10. At the beginning of the section, the validation

sites in Cadarache, France and Catania, Italy were described. The model’s performance was

evaluated compared to the performance of the two-dimensional "unlimited sheds" model as

it is implemented in the PVsyst software (PVsyst SA, 2018a).

The validation proceeds in three stages: first, the front plane-of-array POA irradiance esti-

mates are compared to the estimates. The performance of the models is good. However,

the evaluation rather measures the performance of the sky diffuse irradiance model of Perez

et al. (1990). The proposed corrections of array sky blocking and ground shading have a small

weight at the Gpoa,front sensors located at the top of the arrays.

Second, the model’s performance for estimating rear (POA) irradiance is assessed. It turns out

that the difference between the 2D and 3D approaches is small at the sensor locations located

in the middle of the arrays. The performance of the 3D approach comparatively improves

when moving to more extreme locations on the array surface.

226



11.3. Application

Figure 11.31 – Ratio of the annual energy production of two-terminal perovskite/silicon
tandem cells (2T) with different subcell mismatch levels to that of a single-junction cell (SJ) in
different locations and operating conditions with the optimal mismatch under one sun and
no rear irradiance highlighted in blue for standard test conditions and in green for actual field
conditions. (Dupré et al., 2020).

Finally, the third step of model validation deals with the effective irradiance Geff component.

As Geff cannot be directly measured, its estimation accuracy is quantified by comparing the

current estimates made based on the Geff values. It turns out that the Geff value estimated for

the so called 1st-quartile cell can be used as a good approximation of the output current of the

whole string. The 1st-quartile cell is at the boundary between the first and the second quartiles

of the arrays’ cells when sorted in ascending order of irradiance.

The results of the validation show that although the 2D approach could produce accurate

Gpoa estimates at the irradiance sensor locations, its current estimates are less accurate. In

Catania, the arrays of the test benches are smaller causing the "unlimited sheds" model to

underestimate current. In Cadarache, the arrays seem to be sufficiently long for the "unlimited

sheds" assumption to be valid most of the time. However, by comparing the array-level Geff

estimate of the 2D approach with the cell-level irradiance estimates made by the 3D model, it

can be seen that the array-level estimates tend to represent a mean cell, whose current level

turns out to be too high to be considered as the string current. Consequently, the 2D approach

overestimates current in Cadarache. The 3D approach can capture these systematic sources of

variability better. The main problem of the 3D approach is the comparatively sparse ground

meshing compared to that of the "unlimited sheds" approach. The sparsity is necessary

for keeping the computation time acceptable. However, the price of the computational

performance is a higher random error caused by the meshing.
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At the end of the chapter, the 3D approach is applied to estimating bifacial performance ratio

and bifacial gain levels for the different arrays of the test benches. The measurement of these

parameters is difficult without a dense network of irradiance sensors that help to understand

the variability of Gpoa on the array surface. The cell-level model can be used to correct the

measurement-based estimates for such variability. Another application of the model presented

in the chapter is the search for the optimal cell design for bifacial perovskite/silicon modules

performed by Dupré et al. (2020). Such modules were shown to benefit from bifaciality

provided that their design is tailored to bifacial operation.
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12 Impact of Model Improvements

This chapter presents the quantification of the impact of the different model improvements

proposed in this thesis. The impact is evaluated in terms of the power output and the energy

yield of a PV system as well as the estimated levelised cost of the generated electricity (LCOE).

The below division of the subsections follows the order of the three parts of the thesis with

section 12.1 dealing with ground reflectance, section 12.2 with module soiling, and section

12.3 with effective irradiance.

12.1 Ground Reflectance

As explained in part I, ground surface reflectance (ρ) is one of the key factors of bifacial gain.

It primarily determines the suitability of a site for bifacial solar modules. When evaluating

this suitability, one can either find a fixed ρ value from reflectance libraries based on a simple

visual inspection or implement a measuring campaign at the site. The measurements enable

the calibration of time-variant models that can be used to capture the temporal variability

of ρ instead of simply assuming it as a constant. By using the large database created for the

studies reported in part I, geographically generalised parametrisations for selected models

are proposed in chapter 4. These parametrisations can be used as a practical alternative to

measuring campaigns when estimating time-variant ρ. Chapter 5, in turn, shows the impact

of the timing of a ρ measuring campaign for the resulting calibration performance.

In order to evaluate the impact of the different ρ estimation methods, an output power

time series is generated by the "Photovoltaic (detailed)" model of the System Advisor Model

developed and maintained by National Renewable Energy Laboratory (NREL) (Gilman et al.,

2018). The reference PV system set up for the analysis has a capacity of 20 MWp and is

equipped with bifacial modules with an 82-% bifaciality coefficient installed at the latitude

tilt. Real measurements of ρ and other ambient measurements are considered for two sites:

Payerne, a temperate grassland site in Switzerland and Gobabeb, a hot desert site in Namibia.

The system’s performance is simulated over the year 2006 in Payerne and 2013 in Gobabeb.

The measurements are taken from the database constructed for part I of the thesis. Gobabeb
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is a high-ρ site with a long-term average ρ of 0.34. The average ρ in Payerne is 0.22.

Figures 12.1 and 12.2 compare the simulated system power output levels when using different

ρ estimation methods, respectively, for Payerne and Gobabeb. The simulation based on a

full-year time series of real ρ measurements is used as the benchmark for the comparison.

The figures cover the following 14 estimation approaches:

• library (Gueymard, 2005) estimates of 0.20 and 0.35, respectively, for Payerne and Goba-

beb,

• geographically generalised parametrisations Mz_7veg (4.1) and Mz_7des (4.2), respec-

tively, for Payerne and Gobabeb, using the above library estimates as the ρ60° approxi-

mations,

• arithmetic mean (M0_4) estimated based on measurements over a weekly period in

May,

• arithmetic mean (M0_4) estimated based on measurements over a weekly period in

November,

• model Mz_7 (Nkemdirim, 1972) estimates based on measurements over a weekly period

in May,

• model Mz_7 (Nkemdirim, 1972) estimates based on measurements over a weekly period

in November,

• model Mz_8 (Dickinson, 1983) estimates based on measurements over a weekly period

in May,

• model Mz_8 (Dickinson, 1983) estimates based on measurements over a weekly period

in November,

• model Mz_23 (section 1.3) estimates based on measurements over a weekly period in

May,

• model Mz_23 (section 1.3) estimates based on measurements over a weekly period in

November,

• model M2_20 (Wang et al., 2007; Chiodetti et al., 2016) estimates based on measurements

over a weekly period in May,

• model M2_20 (Wang et al., 2007; Chiodetti et al., 2016) estimates based on measurements

over a weekly period in November,

• model Mz_26 (section 1.3) estimates based on measurements over a weekly period in

May, and

• model Mz_26 (section 1.3) estimates based on measurements over a weekly period in

November.
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Figure 12.1 – Effect of the ρ estimation method on the accuracy of system output power
estimates when compared to the estimates of a simulation based on real ρ measurements in
Payerne. (See the above listing for details).
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Figure 12.2 – Effect of the ρ estimation method on the accuracy of system output power
estimates when compared to the estimates of a simulation based on real ρ measurements in
Gobabeb. (See the above listing for details).
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As can be seen in the figures, the error levels in Gobabeb are larger and more variable than

those in Payerne. This is due to the higher ρ levels and the consequently higher bifacial

gain. In other words, at high-ρ sites such as Gobabeb, the ρ estimation method plays a

bigger role. The season of the model calibration period is a more significant factor in Payerne,

which experiences a wider seasonal variability in maximum daily solar elevation than the

low-latitude site Gobabeb. At both sites, the worst estimates are given by data-based models

calibrated under late-autumn conditions. The switch from a literature-based estimate to a

more advanced estimator does not result in a significant gain in accuracy at either site. In

mean bias error (MBE), the difference between the methods is the most visible.

The yield and LCOE estimates are made with the same model as the power output estimation

above. The LCOE estimation is based on the default cost levels of the "Photovoltaic (detailed)"

model of the System Advisor Model. Figure 12.3 shows the relative contributions of these costs

to the total net present value of the costs of the assumed PV project.

Figure 12.3 – The shares of the considered default system costs of the System Advisor Model in
the total net present value of the costs.

Figures 12.4 and 12.5 follow the same logic as Figures 12.1 and 12.2 but instead of comparing

the effects on output power, they show how the different methods affect the estimation of

energy yield and the LCOE. In these figures, the x axis represents the results of the simulation

using the full-year ρ measurements. As expected, the graphs for yield and LCOE are each

other’s mirror images. They also resemble the MBE levels of the corresponding power output

estimates because when calculating energy yield by summing up the power estimates, the

errors in power output estimation are cumulatively summed as when calculating MBE. In the

case of Payerne, there is very little variability in the RMSE levels of the power output estimates

and also in yield, the bias varies within -1 % and +1%. The differences are more significant in

Gobabeb. At both sites, the calibration season appears to be a more important factor than the

number of considered predictors in the ρ model.
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Figure 12.4 – Effect of the ρ estimation method on the accuracy of energy yield and LCOE
estimates when compared to the estimates of a simulation based on real ρ measurements in
Payerne. (See the above listing for the details of the methods).

12.2 Module Soiling

The PV soiling loss experiment described in chapter 8 is based on measuring the difference

in currents between a soiled module and a clean one. No power output measurements are
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Figure 12.5 – Effect of the ρ estimation method on the accuracy of energy yield and LCOE
estimates when compared to the estimates of a simulation based on real ρ measurements in
Gobabeb. (See the above listing for the details of the methods).

made at the site. In order to evaluate the impact of the estimation accuracy of soiling losses

on power output, yield, and LCOE, the plant configuration described above for Gobabeb

is also used here. The same plant configuration and ambient conditions make it easier to
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compare the effects between ground reflectance and soiling. It is assumed, however, that

the dust deposition levels that were measured in Abu Dhabi would be exactly the same for

Gobabeb, which is theoretically possible as the two sites have similar climates. The dust

deposition measurements made in Abu Dhabi do not cover the whole year but the estimates

retrieved from the chemistry transport model CHIMERE (LMD (CNRS) et al., 2017) are used to

extrapolate the deposition measurements to cover a full year. The time series of plant output

power, front and rear effective irradiance, and array current and voltage levels are output from

the simulation tool. The front and rear irradiance levels enable the division of the current into

"front current" and "rear current". The current time series are then multiplied by the respective

time series of soiling ratio (SR) levels. By multiplying the total soiling-corrected current time

series by the time series of voltage, soiling-corrected power output can be estimated.

Continuous time series of real SR measurements are not available. Instead, the estimates

of the new model are used as the benchmark for the two simpler models. The considered

alternative approaches include the same two, whose performance is also evaluated in chapter

8: the linear time dependence with the slope of -0.5 % per day and the model of Coello and

Boyle (2019). The analysis, therefore, gives estimates of the degree of the potential gain from

moving from the simple approaches to a more detailed physical model, which captures the

diurnal dynamics of SR variability. It is not implied here that this gain would always materialise

when the detailed approach is used. The estimates of the physical model can be worse than

those of the alternative approaches if, for example, the estimation of the dust deposition flux

data input to the model is not accurate. Though, in that case, also the performance of the

model of Coello and Boyle (2019) is likely to deteriorate.

Figure 12.8 shows the effect of the soiling estimation method on the estimation of system out-

put power levels. Both methods are considered with weekly and biweekly cleaning frequencies.

As already shown in chapter 8, the model of Coello and Boyle (2019) tends to underestimate

soiling losses, while the linear -0.5-%-per-day assumption overestimates the losses of non-

horizontal modules under average soiling levels in Abu Dhabi. This can also be seen in the bias

levels shown in Figure 12.8. The effect of soiling loss model appears to have a smaller impact

than the ground reflectance model. However, both the soiling conditions and the cleaning

frequency strongly influence the impact of the soiling model just as the ρ levels influence the

impact of the ρ model.

For the LCOE calculation step, the operation and maintenance costs were adjusted as per the

assumed cleaning frequency using industry reference cost data collected for an earlier study

for PV plants in the UAE (Tuomiranta et al., 2017a). The new cost shares resulting from the

adjustment are presented for a biweekly cleaning frequency in Figure 12.6 and for a weekly

cleaning frequency in Figure 12.7.

As in the case of the ρ models, the yield and LCOE deviations due to the choice of the soiling

model follow the behaviour of the bias of the power output. The yield and LCOE effects are

shown in Figure 12.9. The cost adjustments to consider the impact of cleaning frequency do
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Figure 12.6 – The shares of the considered default system costs of the System Advisor Model in
the total net present value of the costs with the operation and maintenance costs adjusted for
biweekly array cleaning.

Figure 12.7 – The shares of the considered default system costs of the System Advisor Model in
the total net present value of the costs with the operation and maintenance costs adjusted for
weekly array cleaning.

not significantly compensate for the larger effect of yield on LCOE. The comparative effect of

the operation and maintenance costs due to array cleaning naturally depends on a site’s dust

deposition levels.

12.3 Effective Irradiance

Power output is also measured at the outdoor test benches whose measurements are used

for the validation of the effective irradiance model (chapter 11). As there is no access to

detailed information about the electrical characteristics of the installed module types, voltage

estimation might result in comparable or even larger errors than the current estimates when
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Figure 12.8 – Effect of the soiling ratio estimation method on the accuracy of system output
power estimates when compared to the estimates of a simulation based on real SR measure-
ments made in Abu Dhabi and the remaining ambient parameters in Gobabeb.
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Figure 12.9 – Effect of the soiling ratio estimation method on the accuracy of energy yield and
LCOE estimates when compared to the estimates of a simulation based on real SR measure-
ments made in Abu Dhabi and the remaining ambient parameters in Gobabeb.
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modelling the power output of the systems. The uncertainty of current estimation is mostly

due to the uncertainty of effective irradiance estimates. Voltage, in turn, involves a relationship

with irradiance whose pattern depends on module-specific parameters, which are unknown

in this case. For this reason, in this analysis, the impact of the effective irradiance estimates

is evaluated by multiplying the estimated current by the measured voltage. The resulting

estimated power levels are then compared with the measured power output to evaluate

the impact of the effective irradiance model on the estimation accuracy of power output.

The considered models are the same three that were evaluated in the context of the model

validation in section 11.2.3: the new cell-level 3D model, the array-level 2D approach (as

implemented in, (, e.g.,) PVsyst) based on the "unlimited sheds" assumption, and the direct

estimation based on the Gpoa measurements.

It turns out, however, that the power, current, and voltage measurements in Catania are not

mutually consistent. As a result, the multiplication of the measured current with the measured

voltage results in output power error that is almost comparable to that of the three modelling

approaches. For this reason, the impact assessment presented in this section is only based on

the measurements from the Cadarache test bench.

Figure 12.10 presents the RMSE, MAE, and MBE levels of the power output estimates made by

the three considered effective irradiance models for the Cadarache strings. The results shown

in the figure are consistent with the performance indicators of the current models shown in

Table 11.2, which implies that the variability of voltage does not significantly influence the

impact of the effective irradiance model on the accuracy of power estimation. As can be seen

in the figure, in terms of RMSE and MAE, there is no striking difference between the new 3D

model and the array-level 2D approach. As in the case of current estimation (see Table 11.2),

the new model performs clearly better in terms of MBE, however. On average, the new 3D

model results in a MBE of +1.0 % and the 2D approach in a MBE of +4.3 %. The MBE of the new

3D model varies less between the strings with the exception of the extreme case of BF-PERT.

The direct estimation based on irradiance estimates performs relatively well in Cadarache for

the reasons explained in section 11.2.3. Being solar cells themselves, the irradiance sensors in

Cadarache are likely to produce observations of rather effective than plane-of-array irradiance.

As can be seen in Figures 12.4, 12.5, and 12.9 above, the bias levels of output power estima-

tion can also be used as the estimates of the model’s effect on both energy yield and LCOE.

Therefore, based on the results shown in Figure 12.10, the proposed 3D model can be expected

to overestimate yield and underestimate LCOE on average by 1.0%. In Cadarache, the 2D

approach would overestimate yield by 4.3 %. However, judging by the MBE levels of the current

estimation given in Table 11.2, the effect of the 2D approach would be negative and approxi-

mately twice as severe in Catania where the arrays are shorter making the underestimating

assumption of "infinite arrays" more dominant. The usage of direct irradiance measurements

may result in accurate power estimation if the sensors’ locations are chosen well on the array

surface. For the estimation of yield and LCOE, this method is, however, somewhat theoretical

due to the fact that the irradiance measurements would not exist before constructing the
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Figure 12.10 – Effect of the choice of the model to estimate effective irradiance on the accuracy
of system output power estimates.

system. Its usage would, therefore, be only limited to the monitoring of the state of the system’s

health.

12.4 Total Impact

As discussed in the sections above, the impact of the proposed model improvements signif-

icantly varies with site conditions. In order to give the reader a brief example of a possible

total impact, this section compares two cases where the performance of a bifacial PV power
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station is simulated without and with the improvements. In the envisioned scenario, the

power station is planned to be installed in Gobabeb, Namibia. The site is assumed to have

the same soiling conditions as the site in Abu Dhabi described in section 8.1. The arrays are

assumed to be installed at the latitude tilt: 23.6°.

Standard Methods

In this first case, standard methods are used in the plant performance simulation. The estimate

of the site’s surface reflectance (ρ) is derived from the reflectance library of the SMARTS

software (Gueymard, 2005). The adopted ρ is 0.35. As for the soiling losses, the constant loss

models integrated in the most common performance simulation software are considered as

too simplistic for the desert site in question. Therefore, based on the past project experience

at similar sites elsewhere, soiling losses are estimated to linearly increase by 0.5 percentage

points per day. In order to keep the annual total soiling loss at one to two per cent, the length

of a cleaning cycle is set at one week. Effective irradiance is estimated by means of the state-

of-the-art bifacial plant performance simulator ((, e.g.,) PVsyst) based on the two-dimensional

"unlimited sheds" approach.

New Methods

In the second case, the improvements proposed in this thesis are applied to the plant’s perfor-

mance simulation. First, the univariate ρ model Mz_23, which was found to be particularly

suitable for arid sites (section 3.5.1), is selected for the estimation of time-variant ρ at the

site. A measurement campaign to calibrate the model is implemented in November as per the

guidelines given in section 5.2. Second, a soiling loss time series is constructed to accompany

the site’s typical meteorological year data. Soiling loss is estimated by means of the physical

soiling loss model described in chapter 7. The publicly accessible dust deposition flux product

of an atmospheric chemistry transport model is fed as an input into the model. The same

weekly cleaning cycle is applied to the estimated soiling loss levels to obtain the final time

series of soiling ratio estimates. Third, the cell-level 3D model described in chapter 10 is

deployed to estimate the distribution of the effective irradiance levels on the bifacial array

surfaces.

Comparison

As shown in Figure 12.5, the ρ estimation method adopted in the first case ("library estimate")

would overestimate the yield by 1.6 per cent. The ρ estimates resulting from the measurement-

calibrated parametrisation of model Mz_23, in turn, would result in an overestimation of 0.3

per cent.

As shown in Table 8.1 of section 8.2, the linear 0.5%-per-day model performs comparatively

well at the assumed tilt angle (23.6°) and soiling conditions. The linear model and the new
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model overestimate and underestimate, respectively, soiling losses by approximately 3 per

cent. Figure 12.9 shows that in terms of the effect on yield, the difference between the two

models is approximately 0.5 percentage points under the assumed conditions. Thus, the

adopted soiling models can be approximated to underestimate the annual yield by 0.25 per

cent in the first case and overestimate it by 0.25 per cent in the second case.

Finally, the effect of the selected bifacial effective irradiance model can be analysed by means

of the results shown in Figure 12.10. As the system under consideration is a power station,

the assumption of infinitely long arrays in the "unlimited sheds" approach would not cause

notable current underestimation according to the findings reported in chapter 11. However,

the array-level (as opposed to cell-level) current estimation of the approach tends to result in

power overestimation as can be seen in the case of the strings installed in Cadarache in Figure

12.10. The arrays in Cadarache are longer (10-15 m) than the ones in Catania (~8 m) and,

consequently, are not strongly affected by the underestimating assumption of infinitely long

arrays. As shown in Figure 11.15, the impact is still there. As the stronger effect however, the

overestimation related to the array-level estimation dominates resulting in the overestimation

of power. In the case of a real power plant, this overestimation can be expected to be even

stronger because of the negligible underestimating effect of the assumption of infinitely long

arrays. However, in this analysis, the results obtained for the test bench in Cadarache are

used as a conservative proxy for power plant conditions. Hence, by averaging the findings

presented in Figure 12.10, the yield estimates made in the first case can be approximated to

overestimate the actual yield by 4.3 per cent. Similarly, the yield overestimation of the new

cell-level 3D model can be estimated to be 1.0 per cent.

As a conclusion, the overall effect of the model improvements in the described yield prediction

scenario can be derived by comparing the error estimates of the two cases. In the first case, the

total estimated bias due to the selected models is 5.7 per cent (1.0160·0.9975·1.0432 = 1.0572).

In the second case, the corresponding bias level is 1.5 per cent (1.0030·1.0025·1.0096 = 1.0151).

Therefore, the reduction in the overestimation of yield (or underestimation of LCOE) thanks to

the model improvements can be estimated to be 4.2 percentage points of mean bias error in

the described scenario.

Conclusion

It is clear that out of the considered three modelling components, the effective irradiance

estimation has by far the strongest impact on system power output levels, yield, and LCOE. This

is understandable because effective irradiance estimates have a direct and almost proportional

impact on the estimates of system power output. The effects of surface reflectance and module

soiling are second-order effects. Their models produce parameters, ρ and SR, that are inputs

of the effective irradiance model. Their accuracy is, however, important for the accuracy of

current estimation. Under some special conditions of, (, e.g.,) highly reflective surfaces with

a high diffuse irradiance fraction ((, e.g.,) snowy and cloudy winter conditions) or strongly
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variable dust loading typical of the conditions of the Arabian Peninsula, these parameters may

even become the dominant factors of the accuracy of current estimation. At the end of the

chapter, a brief case study of the simulation of the performance of a bifacial PV power station

in Namibia demonstrated that the proposed model improvements can reduce the mean bias

error of yield estimates from the 5.7 per cent of the standard methods down to 1.5 per cent.
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13 Conclusion

This thesis project aimed at improving the estimation accuracy of photocurrent in bifacial

PV systems that are exposed to soiling. The thesis started with the estimation of ground

reflectance (ρ) (part I), moved on to the estimation of the effect of module soiling (part II), and

closed with the higher-level estimation of effective irradiance in bifacial PV systems (part III).

Ground Reflectance

In part I, it was shown that on a global average, the estimation of ρ using measurement-

calibrated models has the potential to improve the accuracy of ρ estimation by 20-40 per cent

compared to adopting a literature-based value from a reflectance library. The best-performing

models, which are time-variant at most sites, reach a MAE of 11 per cent on a global average.

Two novel formulations for estimating ρ were also found to perform well at a majority of the

considered sites.

Based on the global database of ρ measurements constructed for the model evaluation, four

geographically generalised parametrisations of ρ models were proposed for vegetated, desert,

and shaded surfaces. The idea of these parametrisations is that they can be used to obtain

first-hand, temporally variable (i.e., non-Lambertian) ρ estimates for a site without imple-

menting a long ρ measuring campaign required for statistical data fitting. The performance

of the proposed generalised parametrisations was found to be good compared to that of

the simplest site-specific (and thus unbiased) alternatives but significantly worse than the

best-performing models. However, the proposed generalisations can be used as practical

alternatives to measuring campaigns.

The last chapter of part I specified guidelines for timing a measuring campaign for calibrating

ρ models. With most models, calibration in the early summer was found to provide the

best-performing parametrisations on a global average. This result can be attributed to the

large weight of summer conditions in the long-term average daytime conditions, the higher

inter-week variability in surface colour in the autumnal half of the year, and the wider range of

solar elevations. The impact of diffuse irradiance fraction on calibration performance strongly
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depends on the number of predictors considered in the model. When there is no flexibility

in timing the measuring campaign, simple models form the most robust estimation method

against the seasonal variability of ρ. In summary, the optimal strategy of estimating ρ at a site

of interest was found to depend on the surface type and the latitude of the site, whether it is

important to capture the temporal ρ variability or aggregated (daily or monthly) estimates

would suffice, whether there are resources available for a measuring campaign, and whether

there is flexibility in timing the campaign.

The impact of the choice of the ρ model on system power output depends on the ρ of the site

of interest. In the impact assessment of chapter 12, two sites were considered: Gobabeb, a low-

latitude desert site in Namibia, and Payerne, a temperate grassland site in Switzerland. The

difference between the data-driven and literature-based estimation approaches is clearly more

significant in Gobabeb than in Payerne. In Gobabeb, the estimated energy yield (levelized cost

of electricty) can be overestimated (underestimated) by up to 2.5 per cent with a wrong choice

of a ρ model. In Payerne, the impact is much lower but there, the impact of calibration timing

is clearly more important than in Gobabeb.

Module Soiling

Part II dealt with forecasting soiling loss in the output power of solar modules based on param-

eters that are accessible to any operator of PV systems. A new physical model was proposed

to address some of the limitations in the design of the previously proposed models. A model

that is capable of forecasting soiling loss based on the output of numerical weather prediction

models enables a detailed analysis of module cleaning needs already at the pre-development

stage of PV projects allowing for the predictive optimisation of module cleaning strategy. The

proposed model involves several new contributions to the state of the art: a new framework

for modelling dust deposition onto an arbitrarily oriented module surface, empirical formu-

lations for sensible heat flux to consider the effect of buoyancy on the turbulent diffusion of

dust, formulations to physically consider the effect of the relative humidity of ambient air on

particle accumulation, and new models for estimating the hemispherical transmittance of

dust.

The performance of the proposed model was evaluated by an experiment set up in Abu Dhabi,

United Arab Emirates. The model improves the accuracy of soiling loss estimation compared

to a local industry standard of assuming certain daily increase in soiling ratio (SR) and the

model of Coello and Boyle (2019). The new model is also able to correctly follow the diurnal SR

variability, which is not captured by the other soiling loss models developed for solar modules.

The impact assessment of chapter 12 showed that the choice of the soiling loss model has

less significance than that of the ρ model. The yield estimates derived from all the considered

three models are within two per cent from each other.
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Effective Irradiance

Finally, part III of the thesis presented a new algorithmic architecture and three-dimensional

(3D) model for simulating radiative interactions in a ground-mounted bifacial PV system

separately for each solar cell. The level of detail is designed for a utility-scale system but the

effective irradiance incident on a solitary array or on a set of three arrays can also be modelled.

The algorithm was developed to cover all the five major solar tracking technologies in addition

to the commonly considered fixed mount. The new algorithmic design is based on dividing

the simulation process into a geometric mapping component that is deterministic and an

irradiance-dependent component where the variability of parameters cannot be predicted

deterministically. The division was designed to improve the computational efficiency of the

model. Two new computational techniques using the configurational consistency between

the arrays are adopted to make the simulation of radiative interactions faster. In addition to

the standard array-cross shading of the solar beam, the model also considers the sky blocking

due to other arrays. In order to integrate the sky blocking calculations properly with the

integrated sky diffuse irradiance model (Perez et al., 1990), the horizon-zenith anisotropy,

which is originally modelled one-dimensionally by Perez et al. (1990), was remodelled two-

dimensionally. The effect of this correction is particularly strong on the ground-facing module

surfaces where sky diffuse irradiance is much more strongly affected by the anisotropy than

on the sky-facing surfaces.

The component following the geometric mapping, the actual effective irradiance estimation is

performed in the temporal domain. The solar geometric maps of the various, possibly multi-

dimensional parameters are converted into temporal variables at a specific step of domain

transformation. After modelling plane-of-array irradiance (Gpoa), the model proceeds to the

effective irradiance estimation i.e., the Wm−2-to-sun unit conversion of the Gpoa estimates.

Two new correction procedures were proposed, one for the spectral and the other one for the

incidence angular correction of the Gpoa estimates. The spectral correction is novel in that it

captures the temporal variability in the spectra of both solar beam and sky diffuse irradiance.

The results indicate that under cloudy conditions, the disregard of the spectral mismatch

would result in severe overestimation of the output current of bifacial modules — in particular

with modules representing silicon heterojunction technology (HJT). The novel element in the

proposed incidence angular correction is the fact that the correction is performed separately

for the isotropic and horizon-zenith anisotropy components of sky diffuse irradiance as well as

for each visible ground mesh element. The improvement is particularly relevant for estimating

sky diffuse irradiance for ground-facing surfaces of solar modules.

The proposed three-dimensional (3D) effective irradiance model was validated against the

measurements made in Cadarache, France and Catania, Italy. The results of the validation

showed that although the alternative 2D approach could produce comparably accurate Gpoa

estimates at the irradiance sensor locations, its current estimates are less accurate. The most

important reasons for the better performance are the new model’s capability to estimate the

spatial variability of effective irradiance on the array surface and that of ground-incident

249



Chapter 13. Conclusion

irradiance around the system. The weakness of the new model is the ground meshing, which

is kept comparatively sparse for computational reasons.

As per the impact assessment of chapter 12, the proposed model overestimates yield and

underestimates LCOE, on average, by 1.0 per cent. Under the same conditions, the overes-

timation of the 2D approach was found to be 4.3 per cent. The 2D approach appeared to

overestimate only with arrays longer or as long as the ones at the Cadarache test site (10-15

metres). With shorter arrays, such as the ones in Catania (~8 metres), the underestimating

assumption of the infinitely long arrays becomes dominant as shown by the comparative

evaluation of the effective irradiance models.

At the end of part III, a brief case study of the simulation of the performance of a bifacial PV

power station in Namibia demonstrated that the proposed model improvements from all three

parts of the thesis can reduce the mean bias error of annual yield estimates from the 5.7 per

cent of the standard methods down to 1.5 per cent.

Future Applications

In the future, the results of this thesis project can be used to

• choose a ground reflectance model that is likely to be appropriate for the ground surface

type of the site of interest,

• approximate the temporal variability of surface reflectance at vegetated and desert sites

without the need for measurements,

• time the campaign to measure surface reflectance such that the resulting model calibra-

tions are representative of the site’s long-term conditions,

• select the model that is the most robust against the seasonal variability of surface

reflectance,

• forecast the soiling-induced drop in photocurrent based on output parameters that

can be obtained from public data products of numerical weather prediction models in

applications of, e.g., project feasibility assessment as well as the allocation of resources

for plant operation and maintenance, and

• model the photocurrent of each solar cell of a bifacial PV power plant by a computation-

ally efficient method.

Future Work

As discussed in the introduction of the thesis, the focus of the global PV markets is increasingly

shifting towards desert regions. From the bifacial PV point of view, it would be highly important
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to improve the understanding of the temporal variability of surface reflectance at desert sites.

The analysis performed for this thesis project covered three desert sites and their behaviour

appeared different from that of the vegetated sites. The number of the considered sites is not

sufficient for proposing reliable models for the estimation of time-variant surface reflectance

on deserts. Therefore, the global network of measuring sites for ground reflectance should be

extended to new desert sites. Based on the data, a new more extensive evaluation could be

done for modelling ground reflectance at desert sites.

Regarding module soiling, there is a need to continue the validation of the proposed physical

model with more accurate dust deposition flux measurements. Based on the experience

gained during the thesis project, it seems impossible to form an accurate understanding of

the impact of the different model components if the dust deposition data are not collected

automatically at a high temporal resolution. The manual measurements of soiling loss are

difficult to do accurately and tedious to do at a high temporal resolution. Accurate dust

deposition flux measurements would also be needed to continue the validation of the dust

products of numerical weather prediction models.

In order to further improve bifacial effective irradiance estimation, the validation sites should

be designed for model validation. It is absolutely necessary to measure surface reflectance

at the site in order to rule out a possibility of wrong reflectance estimation. Here, the stan-

dards used in, e.g., Baseline Surface Radiation Network (BSRN) and Surface Radiation Budget

(SURFRAD) networks for surface reflectance measurements should be deployed. The irradi-

ance measuring network should at least cover the edges and central parts of every array of

interest. In addition, the usage of low-precision photodiode-based irradiance sensors is not

recommended if there is no high-precision instrument that can be used for locally calibrating

the sensors. An interesting topic for future research in bifacial effective irradiance is the cir-

cumsolar anisotropy of sky radiance. In order to properly model the sky diffuse irradiance on

the rear surface of a solar module or the effect of obstructions on the irradiance incident on the

plane of the module, it would be important to get rid of the still very common sun-disk-centred

point-based modelling of circumsolar irradiance. At desert sites in particular, the frequent

occurrence of large circumsolar regions would make this model improvement useful.

In summary, the most urgent needs for future research in the topics covered in this thesis are

the collection of more and better-quality data and the development of models that capture

the angular distribution of sky diffuse radiance without the need for time-consuming and

complex radiative transfer simulations.
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A Derivation of equation (7.2) based on
the electrical analogy of Figure 7.1

The derivation of (7.2) follows the method of (Seinfeld and Pandis, 2016, pp. 830-832) for de-

riving (7.1). It is based on the assumed equality of the total deposition flux and the deposition

fluxes through the atmospheric surface layer and the quasi-laminar boundary layer. The fluxes

are, therefore, analogous to the currents of the corresponding electrical circuit. Accordingly,

there are three expressions in (A.1) corresponding to each flux.

Cp,a

rtot
= (Cp,a −Cp,qlb)

(
1

ra
+ va,poa⊥

)
+Cp,avp,s,poa⊥ = Cp,qlb

rb
+Cp,qlbvp,s,poa⊥, (A.1)

where rtot stands for the total resistance of the system, i.e. the reciprocal of particle deposition

velocity (vp,poa↓⊥), and Cp,qlb for the airborne particle concentration at the upper boundary of

the quasi-laminar boundary layer. By using the two latter expressions, Cp,a can be expressed

as a function of Cp,qlb as shown in (A.2).

Cp,a =Cp,qlb

1
ra
+ 1

rb
+ va,poa⊥+ vp,s,poa⊥

1
ra
+ va,poa⊥+ vp,s,poa⊥

(A.2)

By substituting (A.2) to (A.1) and then solving (A.1) for rtot, an expression for vp,poa↓⊥ can be

obtained.
1

rtot
= vp,s,poa⊥+ 1+ rava,poa⊥

ra + rb + rarb(vp,s,poa⊥+ va,poa⊥)
(A.3)

The turbulent motion term (
(
ra + rb + rarb(vp,s,poa⊥+ va,poa⊥)

)−1) of (A.3) is, strictly speaking,

not a velocity but a magnitude that is superimposed on the directional deposition velocity

caused by wind and gravity — independently of the orientation of the POA. That is why

physically speaking, the term cannot take on negative values. The accordingly modified, final

formulation of vp,poa↓⊥ is given in (A.4).

vp,poa↓⊥ = vp,s,poa⊥+ 1+ rava,poa⊥
ra + rb + rarb max(0, vp,s,poa⊥+ va,poa⊥)

(A.4)
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B SunSolve Simulations

Figure B.1 – SunSolve simulation results for a monofacial module with passivated emitter and
rear cells (mf-PERC).
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Appendix B. SunSolve Simulations

Table B.1 – SunSolve layer parameters for the four reference module types.

mf-PERC bf-PERC bf-PERT bf-SHJ

φI sc 0 user-specified

front
superstrate

planar 2.5 mm glass (Sodalime 0.05 wt% Fe2O3 [Vog16b]), 110 nm glass
ARC (-[Vog15]), no scattering

rear
superstrate

planar sheet,
scatter fraction:
1 (Lambertian),
reflectance: 0.9,
absorptance: 0.1

planar 2.5 mm glass (Sodalime 0.05 wt% Fe2O3
[Vog16b]), 110 nm glass ARC (-[Vog15]), no scattering

encapsulation 0.45 mm EVA [McI09a]

cell
front
morphology

upright pyramids (random, 52°, 5µm high), no scattering

cell rear
morphology

planar, scatter
fraction: 0.5
(Lambertian)

planar, no scatter-
ing

upright pyramids (random, 52°,
5µm high), no scattering

cell
front
films

75 nm SiNx (PECVD 2.09 [Vog15])

70 nm ITO (Sput-
tered 0.30e20
[Hol13]), 8 nm
Si (Amorphous
p [Hol12]), 5 nm
Si (Amorphous i
[Hol12])

cell rear
films

6 nm Al2O3 (ALD
on Si [Kum09]),
100 nm SiNx
(PECVD 2.09
[Vog15]), 2000
nm AlSi (Eutectic
[Vog15])

6 nm Al2O3 (ALD
on Si [Kum09]),
100 nm SiNx
(PECVD 2.09
[Vog15])

100 nm SiNx
(PECVD 2.09
[Vog15])

5 nm Si (Amor-
phous i [Hol12]),
10 nm Si (Amor-
phous n [Hol12]),
70 nm ITO (Sput-
tered 1.2e20
[Lei18])

wafer 170µm Si (Crystalline, 300 K, Green-Nguyen [Ngu14])

front fingers
Ag (Pure [Pal85a]), 103 x rounded rectangular, 45µm wide, 15µm high,
scatter fraction: 0.8 (Lambertian)

rear fingers N/A

Al (Pure [Pal85b]),
φI sc-dependent
number, rounded
rectangular,
100µm wide,
15µm high, scat-
ter fraction: 0.8
(Lambertian)

Ag (Pure [Pal85a]), φI sc-dependent
number, rounded rectangular,
45µm wide, 15µm high, scatter
fraction: 0.8 (Lambertian)

front busbars
Ag (Pure [Pal85a]), 4 x rectangular, 1100µm wide, 15µm high, scatter
fraction: 0.8 (Lambertian)

rear busbars N/A

Al (Pure [Pal85b]),
4 x rectangular,
1100µm wide,
15µm high, scat-
ter fraction: 0.8
(Lambertian)

Ag (Pure [Pal85a]), 4 x rectangular,
1100µm wide, 15µm high, scatter
fraction: 0.8 (Lambertian)

ribbons Sn (Pure [Gol64]), 4 x rectangular, 1100µm wide, 200µm high256



Figure B.2 – SunSolve simulation results for a bifacial module with passivated emitter and rear
cells (bf-PERC).
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Figure B.3 – SunSolve simulation results for a bifacial module with passivated emitter rear
totally diffused cells (bf-PERT).
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Figure B.4 – SunSolve simulation results for a bifacial module with silicon heterojunction cells
(bf-SHJ).
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C Spectral Correction Factors

Table C.1 – Solar zenith angles with the maximum spectral correction factors of solar beam
irradiance (θz,max(SPb)).

mf-PERC bf-PERC bf-PERC bf-PERT bf-PERT bf-SHJ bf-SHJmodule
surface type front front rear front rear front rear

θz,max(SPb) [°] 77 77 81 77 77 80 81
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Table C.2 – Parameters of the regression function of the spectral correction factor for solar
beam irradiance (10.30b).

mf-PERC bf-PERC bf-PERC bf-PERT bf-PERT bf-SHJ bf-SHJ
front front rear front rear front rear

b1,1 0.0000 -0.2024 0.2652 1.4573 -9.3615 0.4920 0.1027
b1,0 -2.3797 -2.3047 -2.5030 -4.5902 4.5318 -2.7905 -4.1530
b2,1 0.0000 3.9046 -5.5284 -20.8287 86.9865 -8.7800 -0.9937
b2,0 58.6502 57.1695 61.225 90.0088 1.5112 65.7092 80.5271

b3,1 0.0000 -0.0005 0.0010 0.0038 -0.0147 0.0029 0.0004
b3,0 -0.0117 -0.0116 -0.0121 -0.0164 0.0002 -0.0143 -0.0143
b4,1 0.0000 0.0037 -0.0057 -0.0237 0.1243 -0.0152 -0.0027
b4,0 0.0335 0.0325 0.0363 0.0803 -0.0543 0.0462 0.0783
b5,1 0.0000 -0.0203 0.0333 0.0844 -0.4048 0.0715 0.0015
b5,0 0.5886 0.5948 0.5724 0.4286 0.8452 0.5247 0.4615
b6,1 0.0000 -0.1122 0.2070 0.4951 -1.7806 0.3991 0.0036θ

z
≤
θ

z,
m

ax
(S

P
b

)

b6,0 2.4321 2.4657 2.3302 1.7581 3.7049 2.0753 2.0802

b3,1 0.0000 0.0002 -0.0056 0.0041 -0.0007 -0.0011 0.0006
b3,0 -0.0133 -0.0134 0.0315 -0.0184 -0.0146 -0.0122 -0.0186
b4,1 0.0000 0.0034 -0.0005 -0.0186 0.0853 -0.0141 -0.0024
b4,0 0.0288 0.0279 -0.0130 0.0709 -0.0234 0.0405 0.0719
b5,1 0.0000 -0.0067 0.0105 0.0234 -0.0667 0.0199 0.0005
b5,0 0.1084 0.1107 0.1034 0.0628 0.1360 0.0914 0.0737
b6,1 0.0000 0.4360 0.9030 -0.5410 -1.7015 -1.6702 -0.0113θ

z
>
θ

z,
m

ax
(S

P
b

)

b6,0 -5.8915 -6.0214 5.4428 -4.0673 -2.9433 -4.5059 -4.3662

Table C.3 – Parameters of the regression function of the spectral correction factor for sky
diffuse irradiance (10.31b).

mf-PERC bf-PERC bf-PERC bf-PERT bf-PERT bf-SHJ bf-SHJ
front front rear front rear front rear

d1,1 0.0000 0.0018 -0.0019 -0.0069 0.0314 -0.0042 0.0036
d1,0 1.0916 1.0918 1.0921 1.0922 1.0649 1.0934 1.081
d2,1 0.0000 -0.1117 0.1450 0.2747 -0.7564 0.1461 -0.0730
d2,0 1.9579 1.9931 1.8992 1.4524 2.3287 1.934 1.6706
d3,1 0.0000 -0.0004 0.0013 0.0005 -0.0134 0.0016 0.0016
d3,0 0.0711 0.0713 0.0703 0.0762 0.0773 0.0665 0.0773
d4,1 0.0000 -0.0028 0.0051 0.0177 -0.1034 0.0144 0.005
d4,0 0.8406 0.8418 0.8377 0.7872 0.9081 0.8304 0.7765
d5,1 0.0000 0.0276 -0.0317 -0.1151 0.4194 -0.0588 0.0265
d5,0 0.3043 0.2971 0.3169 0.5797 0.0514 0.3314 0.5493
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Table C.4 – Unshaded broadband reflectances (ρunsh) and spectral correction factors (SPgr,unsh)
of the ground surface types included in the algorithm’s surface type library.

SPgr,unsh
mf-PERC bf-PERC bf-PERT bf-SHJGround surface type (as in Baldridge et al. (2009)) ρunsh

front front rea front rear front rear

Aluminum Metal 0.570 0.945 0.946 0.954 0.945 0.944 0.948 0.951
Bare Red Brick 0.243 0.856 0.858 0.900 0.855 0.855 0.880 0.898
Black unspecified rubber 0.062 1.001 1.001 0.999 1.001 1.001 1.000 0.999
Brown loamy fine sand 0.243 0.957 0.959 0.992 0.957 0.957 0.980 0.996
Brown to dark brown loamy sand 0.256 0.985 0.986 1.018 0.984 0.985 1.012 1.029
Brown to dark brown sand 0.218 0.968 0.969 1.001 0.967 0.967 0.994 1.012
Coarse Granular Snow 0.769 1.120 1.119 1.101 1.120 1.121 1.111 1.104
Construction Asphalt (0095UUUASP) 0.095 0.965 0.966 0.985 0.965 0.965 0.979 0.989
Construction Concrete (0598UUUCNC) 0.343 0.997 0.997 0.999 0.997 0.998 0.999 1.001
Dry grass 0.431 1.026 1.028 1.054 1.025 1.026 1.046 1.059
Fine Snow 0.860 1.092 1.091 1.083 1.092 1.092 1.086 1.082
Galvanized Steel Metal (0525UUUSTLa) 0.075 0.874 0.874 0.894 0.874 0.875 0.895 0.908
Grass 0.238 1.123 1.127 1.190 1.122 1.123 1.157 1.185
Gray/dark brown extremely stoney coarse sandy 0.147 0.897 0.900 0.949 0.896 0.896 0.926 0.948
Light yellowish brown loamy sand
(STC ground spectrum)

0.327 0.991 0.993 1.016 0.991 0.992 1.015 1.029

Medium Granular Snow 0.808 1.113 1.112 1.099 1.113 1.113 1.105 1.100
Olive green gloss paint (0385UUUPNT) 0.293 0.887 0.890 0.925 0.886 0.886 0.904 0.918
Olive green paint (0408UUUPNT) 0.341 0.972 0.975 1.024 0.971 0.970 0.994 1.012
Pine Wood (0404UUUWOD) 0.627 1.123 1.124 1.151 1.123 1.123 1.152 1.170
Quartz Monzonite 0.288 1.044 1.044 1.052 1.044 1.044 1.055 1.062
Red smooth-faced Brick 0.224 0.987 0.988 1.014 0.986 0.987 1.005 1.018
Reddish asphalt Shingle (0683UUUASP) 0.144 1.083 1.085 1.112 1.083 1.085 1.109 1.126
Slate stone Shingle 0.175 1.024 1.024 1.025 1.024 1.024 1.026 1.027
Terra cotta Tiles 0.138 1.008 1.009 1.023 1.008 1.008 1.021 1.029
Very dark grayish brown loamy sand 0.227 0.950 0.953 0.990 0.950 0.950 0.976 0.995
Weathered Red Brick 0.230 0.864 0.866 0.907 0.863 0.863 0.888 0.907
White fiberglass unspecified rubber 0.639 1.059 1.060 1.062 1.059 1.057 1.067 1.070
White gypsum dune sand 0.671 1.100 1.101 1.105 1.100 1.101 1.108 1.112
White rubberized coating 0.518 1.051 1.052 1.057 1.051 1.050 1.061 1.066

perfect diffuse reflector 1.000 0.991 0.991 0.988 0.991 0.991 0.988 0.985

SPgr,unsh, spectral correction factor for radiosity of unshaded ground; STC, standard test conditions; ρunsh, unshaded
ground reflectance.
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Table C.5 – Shaded broadband reflectances (ρsh) and spectral correction factors (SPgr,sh) of
the ground surface types included in the algorithm’s surface type library.

SPgr,sh
mf-PERC bf-PERC bf-PERT bf-SHJGround surface type (as in Baldridge et al. (2009)) ρsh

front front rea front rear front rear

Aluminum Metal 0.480 0.951 0.949 0.911 0.951 0.952 0.909 0.884
Bare Red Brick 0.124 1.084 1.085 1.097 1.085 1.087 1.097 1.106
Black unspecified rubber 0.060 0.928 0.926 0.883 0.929 0.930 0.879 0.850
Brown loamy fine sand 0.148 1.094 1.094 1.086 1.095 1.095 1.095 1.094
Brown to dark brown loamy sand 0.151 1.153 1.153 1.145 1.154 1.153 1.166 1.170
Brown to dark brown sand 0.126 1.152 1.151 1.144 1.152 1.152 1.166 1.171
Coarse Granular Snow 0.919 0.904 0.901 0.851 0.904 0.907 0.846 0.812
Construction Asphalt (0095UUUASP) 0.070 1.014 1.012 0.986 1.014 1.015 0.992 0.977
Construction Concrete (0598UUUCNC) 0.322 0.931 0.929 0.889 0.932 0.934 0.886 0.860
Dry grass 0.306 1.062 1.061 1.043 1.063 1.064 1.049 1.040
Fine Snow 0.962 0.909 0.906 0.860 0.909 0.911 0.853 0.822
Galvanized Steel Metal (0525UUUSTLa) 0.047 1.035 1.033 1.020 1.036 1.039 1.032 1.030
Grass 0.129 1.208 1.209 1.239 1.207 1.210 1.227 1.243
Gray/dark brown extremely stoney coarse sandy 0.068 1.172 1.174 1.198 1.172 1.173 1.205 1.224
Light yellowish brown loamy sand
(STC ground spectrum)

0.216 1.104 1.103 1.085 1.104 1.105 1.105 1.101

Medium Granular Snow 0.940 0.907 0.904 0.856 0.908 0.910 0.850 0.818
Olive green gloss paint (0385UUUPNT) 0.168 1.053 1.053 1.043 1.053 1.052 1.041 1.034
Olive green paint (0408UUUPNT) 0.191 1.098 1.098 1.102 1.097 1.097 1.094 1.093
Pine Wood (0404UUUWOD) 0.437 1.170 1.169 1.151 1.171 1.170 1.176 1.175
Quartz Monzonite 0.246 1.007 1.005 0.969 1.007 1.008 0.978 0.959
Red smooth-faced Brick 0.156 1.049 1.047 1.030 1.049 1.051 1.033 1.024
Reddish asphalt Shingle (0683UUUASP) 0.106 1.084 1.082 1.071 1.085 1.088 1.079 1.076
Slate stone Shingle 0.164 0.959 0.957 0.915 0.960 0.960 0.914 0.887
Terra cotta Tiles 0.110 1.011 1.009 0.979 1.011 1.013 0.983 0.966
Very dark grayish brown loamy sand 0.127 1.135 1.135 1.135 1.135 1.135 1.147 1.152
Weathered Red Brick 0.117 1.095 1.096 1.109 1.096 1.098 1.111 1.121
White fiberglass unspecified rubber 0.537 1.070 1.067 1.017 1.070 1.064 1.034 1.008
White gypsum dune sand 0.637 0.988 0.985 0.946 0.988 0.989 0.951 0.929
White rubberized coating 0.422 1.074 1.072 1.025 1.075 1.069 1.043 1.019

perfect diffuse reflector 1.000 0.903 0.900 0.857 0.903 0.905 0.849 0.819

SPgr,sh, spectral correction factor for irradiance reflected from shaded ground; STC, standard test conditions; ρsh, shaded
ground reflectance.
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