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Summary 
As lowering carbon emissions and increasing comfort levels in buildings is getting 
higher priority, the ability to design high-performance buildings with on-site 
renewable energy generation is increasingly in demand. Combined application of 
building and PV performance simulations is an efficient method to make go/no-go 
decisions in the early phases of the design and to mark out or optimize design variants. 
Moreover, the use of simulations has potential to improve the monitoring and fault 
detection of in-operation PV sites. 

Review of the literature, and simulation-aided performance analysis of existing 
building-applied and building-integrated PV systems lead to the identification of the 
following challenges regarding modeling PV systems situated in a built environment: 
(i.) To consider the shading effect on PV systems, the geometry and reflectance 
properties of the surroundings need to be known. However, this input is often hard to 
acquire. (ii.) Modeling workflows for joint simulation of PV systems, buildings and 
the surroundings are fragmented. There is a need for better integration of such 
modeling workflows. (iii.) The role of early-phase building performance simulations 
is to support go/no-go decisions, prioritize between different energy efficiency 
measures and to provide ballpark figures. When making early estimates, (partial) 
shading and limited availability of model input can lead to high uncertainties in the 
simulated PV performance. (iv.) Monitoring and fault detection of PV systems is 
often done by comparing the measured performance of the system to its simulated 
pair. Such simulations are hard to conduct reliably when the system is in a shaded 
urban environment. 

In response to these challenges, the aim of this research is to widen the applicability 
and improve the fidelity of PV systems’ simulations situated in an urban environment. 
To fulfill the research aim, the following objectives were identified: (i.) Develop the 
PCB 2 phase method which facilitates using LiDAR-based DSM point clouds as 
shading geometry, combined with a matrix-based approach to model solar irradiance 
on external built surfaces. The proposed method is tailored to the requirements and 
input availability of plane of array irradiance simulations for PV modeling. (ii.) 
Develop an open-source software implementation of the PCB 2 phase method in 
Python. The developed software is also an integration-enabling tool to facilitate the 
use of detailed solar irradiance and PV simulations in conjunction with building 
energy simulations. (iii.) Develop a risk-aware PV modeling strategy for early-stage 
design of PV-equipped buildings in urban context. The proposed modeling strategy 
delimits the uncertainties in the simulation results caused by (partial) shading and the 
limited available information about the PV system characteristics in early design 
stages. (iv.) Develop a retrospective data-driven shade detection method for 
enhancing monitoring and fault detection of in-operation PV systems. The method 
uses measured PV yield to determine the shading mask of the surroundings in three 
steps: 1) gray-box PV system model fitting; 2) training a machine-learning shading 
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model; 3) predicting local shading based on the solar position. Steps 2 and 3 are 
analogous to the techniques used in the PCB 2 phase method. The method does not 
require human intervention, which makes it suitable for continuous monitoring of a 
large number of PV sites. 

The contributions of this thesis revolve around the peculiarities of PV modeling 
caused by shading and reflections from the surroundings. Novel methods are 
investigated to simulate solar irradiance in complex environments, and the simulated 
irradiance is used as input for PV system models of different complexity to support 
design of new PV systems and performance monitoring of existing ones. The 
usability and practical value of the contributions of the thesis are demonstrated with 
a comprehensive case study of a building renovation project in the city center of 
Eindhoven. The application of the developed methods in this thesis can aid the 
adoption of building-integrated and building-applied PV systems located in 
environments where shading is common. 
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1. Introduction 
 

 

 

1.1 Driving factors for change in the building sector 

People in developed countries spend 80-90% of their time indoors (Klepeis et al., 
2001). This leads to the need for spaces that provide high indoor thermal-visual 
comfort and a healthy environment to benefit the work efficiency and long-term well-
being of occupants. Meeting such ever-increasing requirements for buildings’ indoor 
environmental conditions and the use of more and more electric equipment requires 
the expenditure of an increasing amount of energy, which makes humanity’s current 
way of living unsustainable (Hensen and Lamberts, 2019). 

In the European Union, buildings account for 40% of the consumed energy, while the 
annual renovation rate of the building stock varies from 0.4 to 1.2%. This rate will 
need at least to double to reach the EU’s energy efficiency and climate objectives. 
The production and use of energy across economic sectors account for more than 
75% of the EU’s greenhouse gas emissions. Thus, a power sector must be developed 
that is based largely on renewable sources, complemented by the rapid phasing out 
of coal and decarbonizing gas use1. In 2019, the European Commission proposed the 
European Green Deal (European Comission, 2019) that aims to make the EU climate 
neutral2 by 2050. It is both an investment into Europe’s future and an economic 
stimulus of related industries, research and development. The deal includes a climate 
law, which turns the political commitment into a legal obligation for the member 
states. It is apparent that the building and energy sectors have to play a key role in  
making Europe climate neutral.  

 

1.2 PV in the built environment 

Undoubtedly, solar photovoltaic (PV) electricity generation will be one of the main 
contributors to the energy mix of a climate neutral EU, as it is estimated that solar PV 
and wind will give more than 50% of the electricity generation capacity by 2050 
(European Comission, 2016). Achieving these aims requires increased deployment 

 
1 Decarbonizing gas use means that the net carbon emission of using gaseous fuels is zero. This 
can be achieved either by producing it from renewable sources such as waste or biogas, or by 
the means of carbon capturing (ACER, 2020). 
2 Climate neutrality means having a balance between the emitted and absorbed CO2 in the 
atmosphere (European Parliament, 2019). 
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of PV in both the energy sector3 and the building sector. This thesis focuses on the 
latter, investigating the challenges of deploying small-scale PV in the built 
environment. 

In the past decades, PV has developed from a novelty for enthusiasts to a viable 
investment for home owners, due to decreasing prices and government incentives 
(Palm, 2018). Now, it is becoming a mandatory requirement for getting the building 
permit. For instance, in the BENG (Nearly Energy Neutral Building) requirements of 
the Netherlands (NEN, 2020; Willem-Alexander Koning der Nederlanden, 2019), a 
notable element is a mandatory minimum (between 30 and 50%) share of renewables 
in the energy use of new buildings. Similar trends of enforcing the use of renewables 
can be observed outside of Europe as well, for instance, in the state of California, 
United States. Californian building code includes prescriptive requirements to install 
solar PV systems on newly constructed low-rise residential buildings (California 
Energy Commission, 2019a). Moreover, builders must verify and document the 
shading conditions of the installed PV system using an approved solar assessment 
software or on-site measurements (California Energy Commission, 2019b). 

While PV installations come in a variety of sizes, legislations in the building sector 
ensure that residential-scale, therefore mostly urban PV deployment will be 
numerous. For instance, in Germany, smaller than 10 kWp systems represent 61% of 
new installations in 2019 (Fraunhofer ISE, 2020). Residential-scale PV installations 
differ from utility-scale solar farms in the following aspects: 

- They are generally installed on rooftops or facades of buildings. Therefore, 
the location, tilt and orientation of the PV modules are often determined by 
external factors such as the shape of the roof. 

- They are usually situated in an urban area (see Figure 1.1) where shading 
from the surrounding buildings and vegetation is common (Moraitis et al., 
2018; Zomer and Rüther, 2017a). The electrical layout and type of used PV 
modules greatly affect the performance of the system under non-nominal 
operating conditions caused by partial shading which makes every design of 
a new PV system a unique engineering task. 

- They come in variety of shapes especially in case of Building Integrated 
Photovoltaic (BIPV) applications (Gonçalves et al., 2020; Zomer and 
Rüther, 2017b). Since BIPV constructions are multi-purpose elements of a 
building (e.g. PV integrated into a façade, window or shading element), the 
placement of BIPV modules is determined by the function of their host 
building construction. This can result in placement of PV with sub-optimal 

 
3 Large, utility scale (> 0.5MW peak power) solar farms act as electric power plants, feeding 
the electricity grid. These are usually installed in rural areas on fixed or solar-tracking mounts 
in an area designated for solar power generation. On the other hand smaller residential scale 
PV systems are primarily designed to supply the energy needs of the buildings they are 
installed on. 
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tilt, orientation or significant (self) shading (Piccoli et al., 2019; 
Valckenborg et al., 2016). 

- The primary purpose of residential scale PV installations is to provide power 
for the buildings they are installed on and only in case of excess generation 
they feed back the excess generated electricity to the grid or store it in 
batteries (Keiner et al., 2019). Self-consumption is desirable and can only 
be optimized with the combined investigation of the building electric load 
profile and the PV generation profile (Martín-Chivelet and Montero-Gómez, 
2017). 

 
Figure 1.1. a), b) Residential buildings with shaded PV, retrieved from 

(consumentenbond.nl, 2019; installatie.nl, 2018). 

The considerations above highlight that the design and operation of residential scale 
PV systems is heavily interlinked with the design and operation of buildings and is 
influenced by the surroundings. When applying building design principles such as 
integrated and performance-based building design (CIB/W60, 1982; Hansen and 
Knudstrup, 2005), the PV system will be designed together with the building, 
allowing for the design of the PV system and the building to affect each other. 

Finding the right balance between the different aspects of building performance is a 
multi-dimensional problem. Certain performance aspects are competing for the same 
resources, can contradict and affect each other (see Figure 1.2). Conducting Building 
Performance Simulations (BPS) can have an important role in finding this balance. 
BPS is defined as the use of computational mathematical models to represent the 
physical characteristics, expected or actual operation, and control strategies of 
buildings and their energy systems (Hong et al., 2018). As building applied and 
building integrated PV systems are getting more numerous, it is increasingly 
important to regard them as one of the sub-systems of buildings, thus integral part of 
building performance investigations (Goncalves et al., 2020). 

The necessity of an integrated approach is particularly apparent in the early stages of 
the building design. Early design decisions have a major impact on final building 
performance, but early integration of BPS software is hindered by time-consuming 
modeling, rapid change of the design, conflicting requirements, input uncertainties, 
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and large design variability (Hopfe and Hensen, 2011; Østergård et al., 2016). When 
the available information is limited about the building geometry, shading 
obstructions, the PV system layout and its parameters, uncertainties caused by such 
missing input need to be taken into account as they affect early design decisions about 
system sizing, battery storage or optimization of self-consumption. 

 
Figure 1.2. Balance of different building performance aspects. 

1.3 Challenges of modeling PV systems’ performance in an 
urban setting 

The usefulness of a simulation experiment is limited by the quality of model input. 
Plane Of Array (POA) solar irradiance is the most important input for simulating the 
performance of PV systems. Therefore ensuring the quality of the POA solar 
irradiance model input is essential for a successful PV performance simulation 
experiment. 

‐ The efficient techniques that researchers in the field of daylight modeling 
have developed are often only adopted for use within the building zones to 
calculate daylight metrics in BPS software. However, with some 
adjustments, the same methods could be applied on external built surfaces 
to calculate the solar irradiance input for modeling PV or solar heat gains in 
building zones. 

‐ To be able to take into account the shading effect of the surroundings, its 
geometry and reflectance properties need to be known. However this input 
is hard to acquire. 

‐ Once PV systems are built, in most cases they are monitored to assess their 
performance and alert about maintenance issues. Monitoring and fault 
detection of PV systems often is done by comparing the measured 
performance of the system to its simulated pair. Such simulations are hard 
to conduct reliably when the system is in a shaded urban environment. 

The role of early-phase BPS is to make go/no-go decisions, prioritize between 
different performance aspects and to provide ballpark figures. Generally, at this point 
in the design process, the PV system is not designed yet and if the PV is operating in 
a shaded environment, lack of model input about the PV system parameters leads to 
uncertainties in the predicted performance. 
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‐ There is a need for simulation strategies that aid early-stage decision 
support, regarding performance of PV systems operating under (partially) 
shaded conditions. 

Once the building design is at a later stage and detailed model input is available, then 
in principle, it is not difficult to perform the simulation as a large number of detailed 
PV simulation models and software are available to use, such as SAM, pvlib, 
PVMismatch, Helioscope, PVsyst (Folsom Labs, 2020; Gilman et al., 2018; Mikofski 
et al., 2018; PVsyst SA, 2020) and built-in models of various Building Energy 
Simulation (BES) software. However, modeling of urban PV or BIPV systems 
requires multidisciplinary knowledge from the modelers about simulating solar 
irradiance, building physics and electrical systems. Thus difficulties can arise from 
the model implementation as building energy modelers are usually architects, 
building engineers, or engineers specialized in BPS, rarely electrical engineers 
(Alamy and Nguyen, 2018). This might have slowed the adoption of including PV 
systems in BPS investigations. 

‐ Simulation workflows for modeling PV together with a building in an urban 
environment are fragmented. There is a need for better integration of 
modeling of the surroundings’ effect on solar access, building and PV 
performance. 

 

1.4 Objectives 

The aim of this thesis is to facilitate the application of PV systems’ simulations 
situated in an urban environment by developing new modeling methods. The four 
objectives revolve around the peculiarities of PV modeling caused by shading and 
reflections from the surroundings: 

‐ To develop a modeling method that can calculate solar irradiance on external 
built surfaces using Light Detection and Ranging (LiDAR) point clouds as 
shading geometry input. The method is tailored for the available input and 
requirements of PV simulations (see Chapter 3). 

‐ To provide a ready to use and open-source software implementation of the 
previous objective which is also an integration-enabling software to 
facilitate the use of detailed solar irradiance and PV simulations in 
conjunction with building energy simulations (see Chapter 4). 

‐ To develop a risk-aware PV modeling strategy for early-stage design of PV-
equipped buildings in urban context. The proposed modeling strategy 
delimits the modeling uncertainties caused by partial shading and the limited 
availability of model input in early design stages (see Chapter 5). 

‐ To develop a retrospective data-driven shade detection method for 
enhancing monitoring and fault detection of in-operation PV systems. The 
method makes use of measured PV yield to determine the shading mask of 
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the surroundings without human intervention, which would make it suitable 
for continuous monitoring of a large number of PV sites. (see Chapter 6). 

 

1.5 Scope 

The research field of PV systems’ modeling is extensive and multidisciplinary. 
Research is often organized around “losses” of operational performance due to 
various effects such as, temperature (Faiman, 2008; King et al., 2004), shading 
(Romero et al., 2017), mismatch (Chaudhari et al., 2018), degradation (Mikofski et 
al., 2011), soiling (Reza et al., 2016; Sarver et al., 2013), snow (Ryberg and Freeman, 
2017), incidence angle (De Soto et al., 2006), power systems operation (Balato and 
Vitelli, 2011; Piegari et al., 2015) or spectral effects (Ishii et al., 2011; Kirn and 
Topic, 2017). 

In the presented simulation studies throughout this work, unless otherwise stated, the 
effect of loss factors (other than shading) mentioned above, such as temperature, 
degradation, soiling, snow, incidence angle and spectral losses are not incorporated. 
This way the investigation is focused on the effect of net solar irradiance loss and the 
incremental mismatch losses due to (partial) shading cast by the surroundings, 
without the need for factoring in other, more thoroughly researched effects in the 
analysis of the results. In real-life PV modeling scenarios, depending on the situation, 
incorporating these other effects can be necessary. 

To put the performance loss and uncertainties caused by (partial) shading into 
context, Figure 1.3 shows the simulated Direct Current (DC) power outputs of a PV 
system consisting of 10 series-connected PV modules, simulated with different 
temperatures and shading scenarios (see Appendix A: for the modeling method, input 
parameters and a description of shading scenarios). 
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Figure 1.3. Simulated DC power of a PV system consisting of 10 series 

connected PV modules. The seven cases are identical in their layout, but differ in 
their cell temperature (Tc) and shaded fraction (sf). (The colored bars are not 

shaded, and have temperatures of 25, 70 and -20˚C. The gray columns are all at 
25˚C, but have various shading patterns on them.) The cases are named in a 

sf_Tc format, where sf is in % and Tc is in˚C. See Appendix A: for the description 
of a, b, c, d shading scenarios. 

Case “0_25” is simulated under Standard Test Conditions (STC), meaning that the 
total solar irradiance on the PV surface is uniformly 1000 W/m2, the temperature of 
the PV cells is 25˚C, and the spectral composition of the irradiance is equal to the 
spectral composition of sunlight at air mass = 1.5 as defined by the IEC 60904-3 
standard. Cases “0_70” and “0_-20” show the simulated power output under the same 
irradiance, but with the operating cell temperature of 70˚C and -20˚C respectively. 
These extremely high and low operating temperatures resulted in a 14% performance 
decrease and increase respectively, compared to case “0_25”. 

The other four cases from “10_25_a” to “10_25_d” were simulated with 25˚C cell 
temperature but with 10% of hard shading in different configurations (see Appendix 
A: for the shading layouts). The performance loss for the partially shaded cases 
ranges from 10% to 78% compared to case “0_25”. This simulation shows only one 
timestep, therefore it is not representative of the effect of shade on yearly predictions, 
but makes it apparent that (partial) shading can cause significant power losses in a 
PV system and these losses are of comparable magnitude to the ones caused by the 
temperature effect. Moreover this example highlights that the same shaded fraction 
can result in different power outputs as the power losses related to shading depend 
on various other factors, such as the shape, location of shading, PV module and power 
systems parameters. 
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1.6 Research methods 

The research described in this thesis follows a bottom-up approach based on 
observation, extrapolation, iterative development and demonstration of the usability 
of the developed approaches. 

In the first half of the research, by participating in the PV OpMaat4 project (Interreg 
Vlaanderen-Nederland, 2016), hands-on experience was gained by analyzing the 
measured performance of a large number of Building Applied Photovoltaics (BAPV) 
sites situated in and around Eindhoven (Bognár et al., 2018) and by analyzing the 
measured performance of BIPV prototypes situated at the SolarBEAT outdoor PV 
test site (Tzikas et al., 2018). Performance investigation of the systems often included 
comparing their measured performance to their simulated pairs. The difficulties of 
these simulation experiments when attempting to reproduce the measured data 
pointed out at which areas new research was needed. Based on the work conducted 
with data measured on these real world PV sites, the observations and challenges 
described in Chapters 1.2 and 1.3 were made. These observations were reinforced by 
reviewing the scientific literature. 

The next step was to extrapolate from the observed situation of existing sites: if 
existing PV sites are often shaded then it is likely that to be designed PV sites, built 
in urban areas will be often shaded as well which could hinder building performance 
predictions. Further investigation from literature revealed that even relatively small 
shaded areas can cause disproportionately large losses in PV performance. This can 
only be modeled with detailed models that require detailed input, which is not 
possible in the early stages of the design. Also it was found that it is hard to remotely 
access shading geometry. 

The above findings led to the iterative development of the methods and software 
indicated in Chapter 1.4 and documented in Chapters 3, 4, 5 and 6. The software 
implementations of the methods are available on-line, open-source and rely only on 
open-source software. This open approach was followed throughout the whole 
research process because this way the implementation of the methods is free, access 
to the source code makes them easier to understand and allows for others to build 
upon them. The method and software development was conducted in parallel using 
focused case studies, which served as the testing of the software as well as validation 
and demonstration of the developed methods. 

The research is concluded with a demonstration of the usability of the developed 
methods and software with a comprehensive case study, where each main 
contribution of the thesis is demonstrated on a single building in the order they would 

 
4 The objective of the PV OpMaat project is to realize a self-improving chain for the 
development, manufacture and application of building elements based on integrated 
customized thin film PV. This commercial chain will comprise, for the most part, parties 
established in the Eindhoven-Louvain-Aachen (ELAT) region. 
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be used in a real-life scenario. This part served as a test case for the practical 
application of the contributions of this thesis. 

 

1.7 Outline of the thesis 

 
Figure 1.4. Graphical outline of the thesis. 

 
The thesis is structured as follows (see Figure 1.4): 

‐ Chapter 2 provides an overview of the literature about the main components 
of modeling PV systems’ performance in the built environment: solar 
irradiance and PV modeling approaches, and sources of  shading geometry. 

‐ provides an overview of the currently available state of the art literature and 
software about the important components of modeling PV systems 
performance in the built environment: solar irradiance and PV modeling 
approaches, and sources of  shading geometry. 

‐ Chapter 3 describes a solar irradiance modeling method developed for 
conducting annual (sub) hourly solar irradiance simulations using LiDAR 
point clouds as shading geometry input. 

‐ Chapter 4 describes Pyrano, a pre-processing, simulation and integration-
enabling software for better integration of building energy, solar irradiance 
and electrical PV performance simulations. 

‐ Chapter 5 describes a modeling strategy for risk-aware early stage decision 
support for PV systems situated in the built environment. 

Introduction1

State of the art in modeling PV performance in the built environment2

PCB 2 phase solar 
irradiance modeling 
method

3 A risk‐aware PV 
modeling strategy for 
early‐stage decision‐
support considering 
the shading effect of 
the urban 
environment

5

Pyrano –software 
implementation of the 
PCB 2 phase method

4

Data‐driven shade 
detection for 
performance 
monitoring of PV 
systems situated in 
the built 
environment

6

Comprehensive case study – PV‐specific aspects of a building renovation in 
the city center of Eindhoven

7

Conclusions and future research8

(Digital) appendix: Documented software of Chapter 4 on GitLab: 
https://gitlab.tue.nl/bp‐tue/pyrano
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‐ Chapter 6 describes a method that aids performance monitoring of PV 
installations by identifying locally shaded periods based on measured PV 
power and reginal meteorological data. 

‐ Chapter 7 describes a comprehensive case study to demonstrate the 
applicability of the developed methods and software in the real world. 

‐ Chapter 8 draws conclusions about the work presented in the thesis. It points 
out limitations of the proposed methods and possible areas for future work. 
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2. State of the art in modeling PV 
performance in the built environment 
 

 

 

2.1 Introduction 

A PV performance model is often a chain of sub-models, where the output of one 
sub-model is the input of the next one downstream (Reinders et al., 2017). 

 
Figure 2.1. PV modeling model chain. Adapted from (Reinders et al., 2017, p 
565). The elements of the model-chain that are discussed in this chapter are 

highlighted with colors. 
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This chapter provides an overview of the currently available state of the art about 
certain components of the PV system model chain. The literature review is focusing 
on the elements of the model chain that are affected by or related to the surroundings 
of the modeled PV system, such as: solar irradiance modeling approaches, sources of 
shading geometry and PV system modeling approaches (see Figure 2.1). At the end 
of the chapter an overview is provided about state of the art (or in-development) 
software that successfully combine the elements of the model chain. 

2.2 Solar irradiance modeling approaches 

The primary input for solar irradiance modeling is a component-wise measured time-
series of solar irradiance which depends on solar position, atmospheric conditions, 
geographical location of the site, geometry and reflectance properties of the 
surroundings and the ground. POA solar irradiance is usually calculated from 
standardized weather input such as: International Weather for Energy Calculations 
(IWEC), Test Reference Year (TRY), Typical Meteorological Year (TMY, TMY2, 
TMY3). The different types of weather data are made to serve different purposes such 
as, representing a specific year (TRY) or representing a typical year (TMY). 
Therefore, the source of the weather input should be carefully selected to serve the 
aim of the investigation (Crawley, 1998). The weather files usually contain global 
horizontal (GHI), and direct normal (DNI) or diffuse horizontal (DHI) irradiance 
data. 

To calculate solar irradiance on non-horizontal surfaces the solar irradiance needs to 
be transposed to the given tilt and azimuth. A wide variety of sky models are available 
to describe the luminance distribution of the sky hemisphere based on measured 
components of GHI, DHI or DNI (Lave et al., 2015). The sky models, such as the 
Isotropic sky, Klucher (Klucher, 1979), Hay-Davies (Hay, 1979), Reindl (Reindl et 
al., 1990) and Perez (Perez et al., 1990, 1987) models distinguish between the solar 
radiation arriving directly from the sun (beam component) the scattered solar 
radiation arriving from the sky hemisphere (sky-diffuse component) and the solar 
radiation reflected from the ground (ground-diffuse). These models mostly differ in 
the way they describe the sky-diffuse component of solar irradiance. While the 
Isotropic sky model assumes a uniform diffuse sky luminance distribution, the Hay-
Davies model extends on this with an additional circumsolar component, that 
represents the brighter area of the diffuse sky around the sun. The Klucher and Perez 
models, in addition to the circumsolar component, are extended with a horizon 
brightening component which represents the brighter area near the horizon (see 
Figure 2.2). 
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Figure 2.2. Schematic representation of the sky luminance components of the 

Perez sky model adapted from (EnergyPlus Development Team, 2019a). 

Loutzenhiser et al (Loutzenhiser et al., 2007) conducted a performance comparison 
of the EnergyPlus, TRNSYS and ESP-r implementation of the above-mentioned 
models calculating the solar irradiance on a south-west oriented facade. They 
concluded that for the locations they investigated, the Isotropic sky model performed 
the worst and the Perez model performed the best. Similarly Tian et al (Tian et al., 
2018) have found the Perez model to be the best-performing when comparing it to 
in-plane measurements conducted on south-facing solar collectors with a 50° tilt. To 
take into account the effect of shading and transpose the components of solar 
irradiance when using the above mentioned sky modes, two main approaches can be 
identified: physical component-based and matrix-based methods. These methods are 
briefly introduced in the following sub-chapters (2.2.1 and 2.2.2). 

2.2.1 Physical component-based transposition and shading 

Having the irradiance sources as separate components plays an important role not just 
in irradiance transposition, but also in the modeling of shading as it allows for 
considering the effect of shade on the direct and diffuse solar irradiance sources 
separately. Figure 2.3 shows a schematic representation of the solar irradiance 
transposition and shade calculation process for the separate physical components to 
calculate the solar irradiance at an arbitrarily tilted and shaded irradiance senor point. 
As a first step, a sky luminance distribution is defined with a sky model based on 
horizontally measured solar irradiance components. Then physical component-wise 
shading factors and the effect of Lambert’s cosine-law are applied on the separate 
physical irradiance components. As a last step the separate components are combined 
to plane of array solar irradiance (IPOA). 
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Figure 2.3. Physical component-based solar irradiance transposition and shade 

modeling. 

Obstructions of the diffuse sky can be considered with the Sky View Factor (SVF) 
which is the fraction of the solar irradiation received by the sensor point5 to that it 
would receive in case of an unobstructed sky (Johnson and Watson, 1984). The value 
of SVF depends on the skyline geometry and the tilt and azimuth of the irradiance-
receiving surface. It has a value of 1 in case of an unobstructed sky and a value of 0 
in case of a completely obstructed one. For simple geometries (e.g. for symmetric 
street canyons, areas surrounded with vertical rectangular surfaces) SVF can be 
calculated analytically (Oke, 1988). For more complex geometries, it can be 
calculated from fish-eye photographs (Steyn, 1980) or 3D building databases of cities 
with numerical discretization of the sky hemisphere (Gál et al., 2008). 

The shading of the beam-solar irradiance can be determined by deciding if a shading 
polygon is placed between the position of the sun and the sensor point. Direct shading 
of surfaces is often calculated using the sunlit (or shaded) fraction of the surface 
which is the ratio of the sunlit area of the surface to the total area of the surface 
(Quaschning and Rolf, 1995). The sunlit fraction can be calculated by building a 
polygon from the vertex points of the shading polygon and projecting it to the shaded 
surface. The shaded surface area can be calculated with polygon-clipping algorithms 
(Sutherland and Hodgman, 1974). Polygon-clipping algorithms are still widely used 
for shading calculations in building energy simulation software, however, they have 
major drawbacks, such as the inability of handling non-convex shading and receiving 
surface geometry and high computation time in case of the presence of large number 
of polygons in the model. Recent efforts by Jones et al (Jones et al., 2012) made it 
possible to incorporate the Pixel counting technique (Yezioro and Shaviv, 1994) to 
EnergyPlus shadow calculations, eliminating most of the shortcomings of the earlier 
shadow calculation methods. 

The horizon brightening and circumsolar components are handled in various ways in 
different simulation software. In some cases (National Renewable Energy 
Laboratory, 2018) they are incorporated in the sky-diffuse component and handled 
with one combined diffuse shading factor (Gilman et al., 2018). In other cases the 
horizon brightening component is discretized to smaller segments, allowing for 

 
5 A “sensor point” is a point in the simulation model where one wants to determine the solar 
irradiance or illuminance. It is defined by its location in space (with x, y, z coordinates) and a 
unit vector (with vx, vy and vz coordinates) which is normal to the irradiance-receiving surface. 
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taking into account shading loss based on shading geometry close to the horizon 
(EnergyPlus Development Team, 2019a), while incorporating the circumsolar 
component into the direct solar component. 

Physical component-based shade modeling and irradiance transposition is often used 
for PV simulations. An advantage of this approach is simplicity, (in case of simple or 
lack of shading obstructions) simulation speed, and small file sizes. A drawback of 
the approach is the inability to model reflected irradiance from the surroundings: this 
type of modeling does not keep track of the position of the obstructions as such 
information is lost when the obstructions are represented by the SVF. 

2.2.2 Matrix-based transposition and shade modeling 

Matrix-based transposition and shade modeling approaches extend on the physical 
component-based modeling with an additional sky discretization step (see Figure 
2.4), where the sky hemisphere is divided into segments, each segment having a 
unique luminance value. Then the solar irradiance transposition and shade modeling 
is done for each segment, instead of the physical components. 

 
Figure 2.4. Matrix-based solar irradiance transposition and shade modeling. 

Figure 2.5 shows a discretized sky hemisphere with the luminance values indicated 
with colors. Note how the physical sky luminance components (such as horizon 
brightening, circumsolar and beam) can be recognized on the image. 
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Figure 2.5. Sky segment luminance values (at 16:00 on the 26th of May in 

Amsterdam based on an IWEC weather file) visualized on the sky hemisphere 
discretized to 2305 segments. 

 
In order to incorporate the effect of shading and reflections in daylight and solar 
irradiance simulations, the concept of daylight coefficients was introduced in 1983 
(Tregenza and Waters, 1983), which laid out the mathematical function that relates 
the luminance of the sky to the illuminance at a sensor point (Ward and Lee, 2018). 
The advantage of the matrix-based approach over the physical component-wise 
modeling is the ability to take into account the non-uniformities of the sky 
illuminance more precisely and to model reflections from the surroundings. A more 
detailed description about the execution of matrix-based solar irradiance simulations 
will follow in Chapter 3 where a new matrix-based method is proposed to simulate 
solar irradiance on external built surfaces. 

2.3 Sources of shading geometry 

To incorporate the effect of shading and reflections on the simulated solar irradiance, 
some kind of representation of the surroundings is necessary. The source of the 
geometric representation of the (urban) landscape often affects its level of detail and 
the way it is stored. Countless software tools (e.g. SketchUp, Archicad, Revit, 
Autocad, Rhino, FreeCAD, Blender, etc.) exist to prepare, manipulate, convert and 
visualize 3D geometry of buildings. On the other hand, the information sources to 
gather the geometry of the surroundings for building energy, daylight and PV 
simulations can be sorted to a few categories. The sorting presented in this sub-
chapter is intended to be a practical categorization, i.e. what is the type of the input 
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that the modeler can access and (in some cases after pre-processing) can directly use 
to take into account the shading (and reflection) effect of the surroundings. Some 
commonly used sources for shading representation are:  

- Manual CAD modeling of immediate surroundings. In this case a modeler 
estimates the position and height of the surrounding obstacles based on 
design documentation, photographs and maps, and manually models them 
in a CAD software (see Figure 2.6b). Some commonly used file formats to 
store and distribute 3D models of the surroundings are e.g. .skp, .ifc, .dxf, 
.obj, .rad, .3ds, .gml, .dgn. 

- Geographical Information System (GIS) data. With the combination of GIS 
data and height information of buildings from LiDAR and aerial imagery 
surveys, city models are routinely generated for architecture and urban 
planning projects. (Reinhart and Davila, 2016). 3D city models are 
commonly used for representing the real-world entities of cities and 
landscapes, such as buildings, bridges, tunnels, transportation objects 
(McGlinn et al., 2019). One of the most used standards to represent cities 
and landscapes in 3D is CityGML (Kutzner et al., 2020) which recently 
became available in an  alternative encoding format called CityJSON 
(Ledoux et al., 2019) 

- LiDAR point clouds. LiDAR data have recently gained popularity for use 
in solar resource assessment and PV suitability studies in the built 
environment (Brito et al., 2017, 2012; Lingfors et al., 2018, 2017). LiDAR 
measurements are conducted with surveying aircraft equipped with 
specialized equipment emitting rapid laser bursts, and recording their return 
time, while tracking precise location with a global positioning system 
(Jakubiec and Reinhart, 2012). To make such collected raw point cloud data 
more useable, the point cloud then is resampled into a regular grid of usually 
5, 1 or 0.5 m. Such resampled point clouds are called Digital Surface Models 
(DSM). They can be conveniently stored in raster graphic images, such as 
.tif files. 

- Aerial imagery. In recent years the use of airborne optical sensors for 
photogrammetry applications have been increasingly spreading out due to 
their ability to gather high-resolution geometric data, and because of the 
increased availability of unmanned aircraft-deployable survey equipment 
(Pepe et al., 2018). Lower Level of Detail (LOD) 3D building models can 
be obtained by using DSMs derived from calibrated satellite stereo-pair 
images (Bshouty et al., 2020), while high-detail polygon representations of 
buildings and other features of the landscape can be obtained by aerial 
imagery surveys conducted from autonomous and manned aircraft or 
photographs taken from the ground level (Alawadhi and Yan, 2018; Dino et 
al., 2020; Fuhrmann et al., 2014). The resulting model of an aerial survey 
can be stored in 3D geometry file formats or in DSMs.  

- Ground-based fish-eye lens surveys. On-site surveys using a fish-eye 
camera, specialized equipment (Solar Pathfinder, 2020; Solmetric 
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Corporation, 2011) or a conventional camera with a curved reflector are 
often used to provide a 2D representation of the surrounding skyline 
(Calcabrini et al., 2019; Grimmond et al., 2001). With the analysis of such 
360 degree photographs, the obstructed elevation angle can be identified 
manually or with software automation, and stored as an image or in a text 
file. 

- Data-driven approaches. This approach can be used in case there is 
sufficient measured solar irradiance and/or PV power data available. Such 
measured time series can be combined to assess the performance of PV 
systems and filter out the occurrence of shading (Bognár et al., 2018; 
Killinger et al., 2018, 2017b, 2017a; Moraitis et al., 2018). 

In the following sub-chapters (2.3.1-2.3.5) a literature-based comparison is shown of 
the above highlighted shading geometry sources based on different criteria, such as 
scalability, availability, dimensionality, timeliness and factors determining their 
performance regarding their use for solar irradiance investigations. 
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Figure 2.6. Various geometry representations of the same area in Eindhoven, 
The Netherlands from different sources: a) Aerial view from GoogleMaps 

(Google, 2020), b) immediate surroundings modeled in SketchUp CAD software 
(Trimble, 2020), c) GML model (Gemeente Eindhoven, 2011), d) LiDAR point 

cloud (Land Registry of the Netherlands, 2020). 

2.3.1 Scalability 

Scalability can be assessed in terms of freedom in sensor point placement and the 
ability in incorporating the necessary range of the surroundings. Table 2.1 shows the 
scalability comparison of geometry sources. 

Table 2.1. Scalability
CAD Mostly practical for projects on the building scale rather 

than solar resource assessment of cities (Freitas et al., 2015). 
A practical approach is to model only the “visible” surfaces 
(as seen on Figure 2.6b) around the building thus reducing 
modeling effort and time.

GIS Suitable for building, neighborhood and city-scale 
investigations (Saretta et al., 2020). The model geometry 
can both act as shading and irradiance-receiving surface. 
Therefore these approaches are scalable in terms of sensor 
point placement and range of taking into account the 
surroundings.

Aerial imagery 
LiDAR 
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Fish-eye camera Practical for small-scale investigations, where a few points 
are measured on-site. Does not scale well in terms of sensor 
point placement, but in all cases it fully includes the visible 
shading obstructions.

Data-driven Depending on the available data can serve building (Bognár 
et al., 2018), city, even country-scale (Killinger et al., 2018; 
Moraitis et al., 2018) investigations.

 

2.3.2 Availability 

Availability describes the ease of access to the given geometry representation source. 
Table 2.2 shows the availability comparison of geometry sources. 

Table 2.2. Availability
CAD Available in all cases. A site visit, 3D view of Google Maps 

and Street View can aid this process considerably.
GIS Worldwide coverage of 3D city models is hard to assess, 

due to the scattered nature of databases but more and more 
are available especially in larger cities. Some municipalities 
offer their 3D city models for free (Gemeente Eindhoven, 
2011; Senate Department for Economic Affairs Energy and 
Public Enterprises, 2019) and paid services are also 
available (ArcGIS, 2019; CGTrader, 2020). The inherent 
source of GIS representation of buildings is often a 
combination of image or LiDAR-based height information 
and geospatial data (Lloyd et al., 2018) therefore the 
availability of high LOD GIS data is often interlinked with 
the availability of LiDAR data or aerial imagery.

Aerial imagery Predominantly paid services exist to provide either on-
demand surveys with unmanned aircraft around the site of 
interest or high-resolution satellite imagery. A promising 
open-access initiative is OpenAerialMap (Humanitarian 
OpenStreetMap Team, 2020) which is a set of tools for 
searching, sharing, and using openly licensed satellite and 
unmanned aerial vehicle imagery.

LiDAR Hard to assess, but coverage is getting larger. DSM data is 
freely available through government services in certain 
countries such as The Netherlands, United States and 
United Kingdom (Department for Environment Food & 
Rural Affairs, 2020; Land Registry of the Netherlands, 
2020; USGS, 2020). Generating 3D geometry from LiDAR 
point clouds requires significant post-processing. A 
common approach is to use the Delaunay triangulation  
algorithm, resulting in a detailed 3D model of the surveyed 
area (Jakubiec and Reinhart, 2013).

Fish-eye camera Available in all cases provided there is access to a 
measuring device, but this approach is mostly suited for 
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projects, where PV is to be installed on existing easily 
accessible surfaces, as the measurement has to physically 
take place at the location of the PV system. The 
measurement has to take place during daylight hours. 

Data-driven This approach is always available, provided that sufficient 
measured data is available.

 

2.3.3 Dimensionality 

Dimensionality differentiates between the full-3D polygon models and the skyline 
based representations of the surroundings. Table 2.3 shows the dimensionality  
comparison of geometry sources. 

Table 2.3. Dimensionality of gathered data
CAD The shading input is a 3D geometrical representation of the 

surroundings, which allows for taking into account shading, 
diffuse and specular reflections from the surroundings. 

GIS 
Aerial imagery 
LiDAR 
Fish-eye camera The shading input is a 2D representation of the 

surroundings. The measured “shade mask” or “skyline” 
contains information about the angular size of the 
surrounding objects, but does not tell their distance, tilt and 
azimuth making this input limited in terms of modeling 
specular reflections from the surroundings.

Data-driven The representation of the surroundings is constructed from 
measured 1D time series, such as PV power and GHI, DHI, 
DNI or by comparing the performance of neighboring 
systems. If sufficient data is available, from the measured 
time-series a 2D “shade mask” or “skyline” representation 
of the surroundings can be constructed (Bognár et al., 2018; 
Firth et al., 2010).

 

2.3.4 Factors determining accuracy 

Accuracy in terms of utilization for solar irradiance simulations cannot always 
objectively be compared as each source of input can have different levels of detail in 
terms of representation of the surroundings. Therefore this comparison aims to 
highlight certain factors that determine each approach’s accuracy instead of trying to 
compare the accuracy of the approaches (see Table 2.4). 

Table 2.4. Factors determining accuracy
CAD Availability of design documentation about the building site 

and surroundings. Availability of supporting information 
about the surroundings (documentation of site visits, on-line 
maps, photographs and aerial images of the site). 
Determination and time constrains of the modeler to collect 
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information about the surroundings and implement it in the 
CAD model.

GIS Level of Detail of the 3D city model. A commonly used 
classification is the one in the CityGML standard. The 
coarsest level LOD0 is a two and a half dimensional Digital 
Terrain Model over which an aerial image or a map may be 
draped. Buildings may be represented in LOD0 by footprint 
or roof edge polygons. LOD1 consists of prismatic 
buildings with flat roof structures. Buildings in LOD2 have 
differentiated structures and thematically differentiated 
boundary surfaces. LOD3 denotes architectural models with 
detailed wall and roof structures potentially including doors 
and windows. LOD4 completes a LOD3 model by adding 
interior structures for buildings (Open Geospatial 
Consortium, 2012).

Aerial imagery Multi-stereo image matching can provide 3D point clouds 
and DSM raster representations with comparable accuracy 
and density to LiDAR representations (Haala et al., 2015). 

LiDAR Resolution of the LiDAR data. Resolutions of 1 pts/m2 or 
higher are already well-suited for shading analysis of PV 
systems (Lingfors et al., 2017).

Fish-eye camera Ease of access to the measuring location, experience of the 
measuring personnel and weather conditions (this 
measurement requires sufficient daylight). This approach is 
not well suited for accurately modeling specular reflections. 

Data-driven Mainly determined by the quality, reliability, spatial and 
temporal resolution of the measured input data. This 
approach is not well suited for accurately modeling specular 
reflections.

 

2.3.5 Timeliness 

The urban and natural environment constantly changes. Trees grow or get cut, new 
buildings get built or torn down, therefore the geometry sources can be outdated 
unless the measurements are repeated regularly. Table 2.5 shows a comparison about 
the timeliness of the different geometry sources. 

Table 2.5. Timeliness
CAD Depends on the timeliness of the supporting documentation. 

In a new construction project, these are usually up to date. 
GIS Varies widely depending on the location and the primary 

source. Regardless, the timelines of such data is getting Aerial imagery 
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LiDAR better. As an example, the Actueel Hoogtebestand 
Nederland (AHN), which is the digital elevation map of the 
Netherlands is based on repeatedly conducted LiDAR 
surveys with increasing frequency over time. AHN1 was 
conducted between 1997 and 2004, AHN2 between 2007 
and 2012, AHN3 between 2014 and 2019, while AHN4 will 
be conducted between 2020 and 2022. Special areas of 
interest are surveyed yearly. 
As the building height information of GIS data sources is 
often interlinked with the LiDAR or aerial imagery data, 
timeliness of GIS-based 3D building models also depend on 
the timeliness of the LiDAR or aerial imagery source. 

Fish-eye camera At the time of the measurement it is perfectly up to date. 
Data-driven These approaches are often based on real-time monitoring 

which provides timely information about the surroundings.  
 

2.3.6 Discussion 

It can be argued that there is no “best” or “most accurate” source of shading geometry. 
Instead, what might serve researchers, building energy and PV modelers the best, is 
easy access to a wide range of sources to choose the most suitable solution for the 
given modeling task. Moreover, the most applicable shading geometry input for POA 
solar irradiance simulations might differ based on the location of the site, as different 
countries or regions have different financial opportunities to conduct surveys and 
different  approaches towards making GIS, aerial imagery or LiDAR data public. In 
this thesis apart from aerial imagery-based sources all other above discussed 
geometry representations are used at some point, e.g. manually built CAD models in 
Chapters 3 and 5, LiDAR-based DSMs in Chapters 4 and 7 and both fish-eye camera 
surveys and data-driven shading obstruction detection in Chapter 6. 

 

2.4 PV system modeling approaches 

A possible way to classify PV modeling approaches is based on the smallest model 
component. Based on this, PV modeling approaches can be sorted into three groups: 
system, module and cell-level modeling. This classification approach can be useful 
because of the following considerations: 

- Choosing one of the system, module or cell-level modeling approaches is a 
good way to control modeling complexity, which affects the needed inputs, 
modeling and simulation time, and the accuracy of the results. 

- It determines the necessary spatial resolution of the simulated solar 
irradiance input. As an example, it is only reasonable to model the PV 
system on a cell-level if we provide a cell-level solar irradiance input. 
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- It determines the complexity and the assumptions made when modeling the 
performance of power systems, such as string, micro inverters or DC 
optimizers. 

In the following sub-chapter the typical layout and system components of residential-
scale PV systems is discussed. Then an overview of the literature is provided about 
the available methods and software tools for modeling PV systems on the system, 
module or cell-level, and about integrated approaches for PV performance modeling 
in urban context. 

 

2.4.1 PV system components 

PV systems consist of electrically interconnected sets of components: the smallest 
components are the PV cells, which convert light to electric current at a specific 
voltage. Cells are interconnected in series (and sometimes in parallel) to form a PV 
module. Various types of PV cell technologies exist, by far the most common types 
are Mono- and multi-crystalline silicon cells with a 95% share of global PV cell 
production in 2019 (Fraunhofer ISE, 2020). A typical 60 cell crystalline-silicon PV 
module is shown in Figure 2.7b. The PV cells in this example are ordered in 10 rows 
and 6 columns. This example contains three bypass diodes, connected in parallel with 
three pairs of cell-columns resulting in a three cell substring PV module 
configuration. Bypass diodes are built in the junction box of the PV module to prevent 
damage of shaded cells caused by hotspots and mitigate mismatch losses due to 
partial shading. When a PV module is partially shaded, the shaded cells act as a 
resistance, and dissipate energy by heating up. To protect the cells from overheating, 
the bypass diodes activate and bypass the shaded cells (Silvestre et al., 2009). 

Modules are series connected to form PV strings, and strings are often connected in 
parallel to form a PV array. Then the array is connected to power electronics, such as 
Maximum Power Point (MPP) trackers, inverters and transformers to convert the 
direct current generated by the PV array to alternating current in a usable voltage 
range (Bognár et al., 2019). In small and mid-sized residential applications MPP 
trackers and transformers are often already built in to the inverter, alongside with 
certain safety equipment, forming a combined power electronic unit. Figure 2.7a 
shows the schematic diagram of a typical ~3 kWp residential PV installation, 
consisting of two 5 module long parallel strings, connected to a string inverter. Such 
small residential installations are fairly common: in 2019, such <10 kWp systems 
gave 61% of new German PV system installations (Fraunhofer ISE, 2020). 
Depending on the architecture of the power system of a PV installation (e.g. stringing 
scheme and inverter types), the reduction in output due to partial shading may not be 
linearly related to the sunlit fraction or the average irradiance on the PV surface 
(Bognár et al., 2018; Kermadi et al., 2020; Killinger et al., 2018). 
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Figure 2.7. Schematic diagram of a) PV system consisting of two 5 module long 
strings connected in parallel to a string inverter, and b) a 60 cell crystalline-

silicon PV module consisting of three cell substrings. The named components are 
highlighted in gray. 

 
Various types of power conversion topologies are used in residential scale PV 
systems and power electronics technology develops at a rapid pace, therefore, 
evaluation and comparison of the different system types can become outdated fast. 
Regardless, the most commonly used inverter types for residential scale PV systems 
are: string and micro inverters, and module or cell substring level DC optimizers. 
These power conversion topologies differ in terms of scalability, price, reliability and 
performance of mitigating mismatch losses due to partial shading, temperature effects 
or failure of a system component. 

- String inverters are the most commonly used inverter type for residential 
scale applications (Fraunhofer ISE, 2020). In this case one or more PV 
strings are connected to a single inverter unit. This system topology is 
suitable for most residential and small-medium commercial applications, 
typically up to 150 kWp. Advantages of this inverter type include: lower 
cost compared to the other options and an ease of replacement in case of 
failure. A disadvantage is the inability to mitigate mismatch losses due to 
partial shading or non-uniform insolation due to multiple module tilt and 
orientations within one system. However, string inverters with more than 
one MPP tracker are getting more and more common, adding the ability of 
tracking the maximum power point of multiple PV strings separately, 
allowing for shorter strings, thus somewhat reducing the mismatch losses. 
Inverters for larger commercial applications (> 150 kWp) are often called 
central inverters. These work similarly to string inverters, but with an 
additional combiner box before the inverter, combining a large number of 
strings. 

- Module level DC optimizers outsource the MPP tracking to a separate unit 
installed to the modules. The optimizer units operate each module at its 
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maximum power point, then convert their voltage to a level that makes the 
string current suitable for the inverter (MacAlpine et al., 2013). Some DC 
optimizers maintain communication with the compatible string inverter in 
order to determine the optimal string voltage (Solar Edge, 2019). An 
advantage of these  systems is better shade tolerance compared to the string 
inverter case, because the shaded modules do not affect the other non-shaded 
modules’ performance. Other advantages are the ability for module-level 
monitoring, simpler cabling, flexible design in terms of shading, tilt and 
azimuth (Ravyts et al., 2020). A disadvantage is higher investment costs 
compared to string inverters, and that DC optimizers can have slightly lower 
conversion efficiency under uniform irradiance conditions compared to 
centralized systems (Baka et al., 2019). Another drawback is that they do 
require a string  inverter in addition to the DC optimizer units in contrary to 
the microinverter case. A relatively new direction of power electronics 
developments is sub-module level optimization, where the maximum power 
point tracking happens at the PV cell substring or cell level (Olalla et al., 
2014; Taylor Technologies Holding B.V., 2020). 

- Microinverters are mostly used in residential applications. In this case there 
is a separate small sized inverter for each PV module allowing for 
distributed, module level maximum power point tracking. Advantages of 
this system type are similar to the power optimizers’ advantages with the 
addition of the option for easy expansion of the system. Disadvantages 
include higher investment costs compared to string inverter systems, and the 
necessity of installing a higher number of components. 

 

2.4.2 System-level models 

Most of the currently available building energy software, such as IDA ICE, IES VE, 
Trnsys and EnergyPlus have the capability to model PV yield, however, the power 
output of the PV models tends to be modeled in a lumped way in these tools, not 
considering that the elements of the system affect each other’s performance during 
operation (Bognár et al., 2019). As an example, EnergyPlus has three models 
available for electrical simulation of PV systems (EnergyPlus Development Team, 
2019a). 

- In the “Simple model”, the user specifies the PV cell efficiency (𝜂 ) with 
which surfaces convert incident solar irradiation to electricity and the 
inverter efficiency (𝜂 ), specifying the conversion efficiency of the 
power electronics. The user specifies PV module area (𝐴 ) and the 
fraction of the PV module covered with PV cells (𝑓 ).  

 𝑃 𝐴 ∗ 𝑓 ∗ 𝐺 ∗ 𝜂 ∗ 𝜂 (2.1)
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𝐺  is the POA irradiance that is calculated on an EnergyPlus surface that is 
assigned to the PV system by the user. It is calculated by EnergyPlus’ built-
in solar irradiance model that takes into account the full geometric model of 
the surroundings to include shading and reflections. This is the same 
irradiance model that is used for solar heat gain calculations in the program. 
As this approach does not include the definition of strings, modules, bypass 
diodes and other system details, it ignores losses due to bypass diode 
activation and voltage or current mismatch due to partial shading. 

- The “Equivalent one-diode model” employs equations for an empirical 
equivalent circuit model to predict the current-voltage characteristics of a 
single module. This model is also known as the “TRNSYS PV” model as it 
is based on the PV model implementation of TRNSYS (Eckstein, 1990). The 
equivalent circuit consists of a DC current source, diode, and either one or 
two resistors. The strength of the current source is dependent on solar 
radiation and the I-V characteristics of the diode are temperature dependent. 
EnergyPlus offers five different models to estimate the temperature of the 
PV cells. The electrical calculations deal only with a single module. To 
calculate the performance of a PV system, the results for a single module 
equivalent circuit are extrapolated to predict the performance of a multi-
module array. 

- The “Sandia Photovoltaic performance model” is based on work done at 
Sandia National Lab (King et al., 2004). The model consists of a series of 
empirical relationships with coefficients that are derived from testing of 
individual makes of PV modules. The model coefficients are stored in a 
database (National Renewable Energy Laboratory, 2017) that can be read 
into EnergyPlus. Similarly to the other models mentioned above, the Sandia 
model is applied for simulating the performance of a PV module and the 
array performance is extrapolated by assuming uniform solar irradiance on 
the modules and that they operate at their maximum power point. 

Pvlib is an open source python tool that provides a set of functions and classes for 
simulating the performance of photovoltaic energy systems (Holmgren et al., 2018). 
It provides the python implementation of various models for sky modeling, irradiance 
decomposition, and various models for calculating PV module performance and 
inverter efficiencies. Pvlib is best suited for calculating the performance of larger 
solar arrays or systems without shading where the solar irradiance conditions are 
identical on each module as modeling non-uniformly lit PV systems with Pvlib is not 
yet well-supported and it does not have built-in functionality for simulating the 
shading effect of arbitrary shading obstructions (Chaudhari et al., 2019). 

The above mentioned modeling approaches often use detailed PV module models, 
but they still should be classified as system-level approaches. This is due to the lack 
explicit modeling of the PV system hierarchy (parallel and series connection of PV 
modules), and simulation of power systems. System-level PV modeling approaches 
can often be characterized by accepting one PV system surface-averaged POA solar 
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irradiance as irradiance input. This is an advantage as irradiance modeling is simpler, 
as it only needs to be done once, not for all modules or cells, but this also means that 
the nuances of mismatch loss modeling due to nonuniform irradiance are lost. The 
simplicity of irradiance input also highlights the fact, that system-level approaches 
are well suited to model microinverter or DC optimized systems as in those cases 
mismatch losses are less prominent. 

 

2.4.3 String- and module-level models 

Specialized PV simulation tools exist to simulate PV systems utilizing more detailed 
definitions of the system hierarchy and more detailed solar irradiance inputs. 

System Advisor Model (SAM) is an open-source simulation tool for various types of 
renewable energy sources (Gilman et al., 2018).  It  offers four different PV module 
models and three different temperature models. It allows for the definition of series 
and parallel connected system configurations. The smallest modeled system 
component is a “subarray” that can represent one of maximum four parallel connected 
strings or in itself the subarray can represent up to eight parallel connected strings. 
The smallest component with a unique modeled solar irradiance is the subarray. The 
solar irradiance on a subarray can be assigned to separately modeled active surfaces.  
The POA irradiance of the active surface can be calculated from a 3D shading tool 
that can model simple geometries or can be imported from a horizon file made with 
a shade measurement tool, such as SunEye or Solar Pathfinder. (Solar Pathfinder, 
2020; Solmetric Corporation, 2011). SAM makes the assumption that all modules in 
the system operate at their maximum power point. Therefore, it does not model 
module-level mismatch losses, but it can take into account mismatch between 
subarrays (Macalpine and Deline, 2015). 

Several commercial tools exist for module-level PV system simulations such as 
Helioscope and PVsyst (Folsom Labs, 2020; PVsyst SA, 2020). These tools excel in 
making the PV system layout definitions and have a built-in solar irradiance module. 
Shading is taken into account in two levels: horizon shading based on a horizon file 
measured with a shade tool, and nearby shading calculated from the modeled 3D 
surroundings. The former affects the whole PV system at once, while the latter is 
calculated on a module to module basis. Both PVsyst and Helioscope uses the 
Equivalent one diode model to simulate the I-V curves of the PV modules. Both tools 
can simulate mismatch losses between modules and strings, but they do not simulate 
mismatch losses between the cells of the modules. 

 

2.4.4 Cell-level models 

Cell-level simulation of PV systems requires the calculation of I-V curves of each PV 
cells in the system. Moreover this level of modeling detail is only justified if the detail 
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of the model inputs matches the detail of the simulation i.e. there is a cell-level solar 
irradiance input as well. 

An approach developed by d'Alessandro et al. is built upon commercial software 
PSPICE, Matlab, and AutoCAD. They demonstrated that the cell-level PV modeling 
approach combined with cell-level irradiance simulations provides more accurate 
results when simulating the shading effect of small objects, such as antennae and 
chimneys compared to a commercially available module-level simulation program 
(d’Alessandro et al., 2015). The electrical simulation part of the toolchain is executed 
with PSPICE (Cadence Design Systems, 2020), a commercial spin-off of the open-
source SPICE general purpose analog circuit simulator (Nagel and Pederson, 1973). 

PVMismatch is an open-source cell-level PV simulation tool developed in python 
specifically for calculation of both forward and reverse bias regions of I-V curves of 
PV system circuits (Mikofski et al., 2018). It allows for flexible configuration of PV 
cell parameters, module architecture (including bypass diodes) and configuration of 
system layout with the definition of series and parallel connections. The basic model 
building block is the 2-diode equivalent circuit model (Meyers and Mikofski, 2017). 

The main challenges of executing cell-level PV system simulations include: 
- Model parameter availability. It is often hard and time consuming to gather 

the inputs about the PV cell parameters as this information is often not 
available based on the datasheets of PV modules. 

- Quality of environmental input, such as solar irradiance for each cell, cell 
temperature and soiling. It requires significant effort to gather the real 
surroundings of a to be built site and to model its effect on the available 
irradiance of the system. In case a high spatial resolution irradiance input is 
not available, or it is certain that the irradiance on the PV system is perfectly 
uniform, cell-level PV simulations are not justified as higher level 
approaches such as module or system level simulations can generate the 
same result with less modeling effort and time. 

- Simulation time. Cell-level hourly annual simulation of PV systems can be 
time consuming, especially in case of larger solar arrays (Meyers et al., 
2016). 

- Unknown algorithms governing the control of power electronics. When 
modeling real systems the MPP tracking and in case of a DC optimized 
system, the module-level optimization is done by commercially available 
inverters and DC optimizers. The documentation of these equipment often 
does not explain the optimization and MPP tracking algorithms as they are  
considered to be the intellectual property of the manufacturer, making it hard 
to model the real behavior of the power systems. 

2.4.5 Discussion 

System-level PV simulations are best suited for preliminary simulations when there 
are a lot of unknowns such as the exact position layout and system components of the 
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system are not yet known. String- and module-level PV simulations are mostly used 
for commercial design and performance predictions of PV systems. The fact that most 
commercially successful PV simulation software uses this approach shows, that it 
provides a good balance between accuracy, input requirements and simulation time. 
Cell-level PV simulations are best suited for detailed systems simulations, research 
and development of new PV system and module layouts or optimization of power 
system technologies. 

This thesis mostly focuses on the two ends of the PV model complexity spectrum. In 
the middle of the spectrum, module-level PV simulations have an established place 
in the toolset of PV installers and researchers, with continuous development over the 
past few decades. Various methods and tools exist to take into account the 
surroundings of the urban environment and simulate their effect on the PV 
performance. These tools are most efficient during the sizing and design phase of PV 
systems with the involvement of PV installer companies. On the other hand, there is 
a need to provide simulation results analysis methods to aid early-stage decision 
support for buildings with PV situated in the built environment. At the early stages 
of the building design, choosing the simpler, system-level modeling approaches is 
somewhat predetermined as there is not enough model input available for more 
detailed models. This leads to a conflict regarding the applicability of simple, system-
level models and the complexity of the urban setting they are used in due to shading 
from other buildings and vegetation. In Chapter 5 a  risk-aware modeling method is 
proposed for early-stage, fit-for-purpose decision-support in an attempt to aid the 
applicability of system-level PV models in an urban environment where (partial) 
shading on PV systems is common. 

On the other end of the PV model complexity spectrum lie the cell-level simulations. 
This approach is particularly useful in the development and optimization of new PV 
module technologies, BIPV applications and power systems. As described above, 
established and validated software exists to simulate electric circuity of PV systems 
on the cell-level. If one wants to use these simulations for real-world cases, one of 
the main challenges is to provide these models with accurate cell-level solar 
irradiance input that can take into account the effect of the surroundings. In this thesis 
the PCB 2 phase point cloud-based solar irradiance simulation method, described in 
Chapter 3, is proposed to address this issue. 

 

2.5 Integrated modeling approaches 

In the previous sub-chapters, the components for modeling PV performance in urban 
context were discussed separately. However, for performance simulation of a PV 
system (or an entire building equipped with a PV system) situated in the built 
environment, all above discussed elements of the modeling chain need to be modeled 
and simulated with some level of detail. Moreover, the inputs and outputs between 
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the model elements are needed to be synthetized. Several software tools exist that are 
capable of this, many of them already mentioned in the previous sub-chapters. 

Generally, state of the art building energy simulation software, such as EnergyPlus, 
Ecotect, ESP-r, IDA-ICE, IES-VE, and TRNSYS are equipped with a built-in solar 
irradiance capability and simple PV system models (Crawley et al., 2008). Taking 
into account the surroundings can be done by either importing or manually modeling 
the simplified geometry of the surroundings. In these software, the solar irradiance 
models were developed for solar heat gain calculations and not for cell-level PV 
modeling. Hence, the bottleneck for conducting detailed PV simulations is the spatial 
resolution of the irradiance model and the ability to import the geometry of the 
surroundings (Kim and Anderson, 2013). 

An other approach for simulating PV performance in urban context is linking together 
different software and inputs, to be able to take into the surroundings, conduct high 
spatial resolution solar irradiance and detailed PV simulations, modeled together with 
the building itself. A notable example is Ladybug Tools (Roudsari and Pak, 2013) 
which benefits from the geometry processing capabilities of Grasshopper/ 
Rhinoceros (Robert McNeel & Associates, 2020). Through Grasshopper/Rhinoceros, 
3D formats, such as .obj, .skp, .3ds can be imported to Ladybug as shading geometry, 
or point clouds can be converted into surfaces with a built-in Delaunay triangulation 
algorithm. Ladybug allows for combined application of Daysim/Radiance and 
EnergyPlus modeling, with the imported geometry used as shading surfaces. 
However, PV models are only available on a system-level. An other software that 
integrates PV, irradiance and building energy modeling is PVSites (Alamy et al., 
2018). PVSites aims to support engineers and architects in BIPV design. It allows for 
the import of .skp, .xml, and .ifc 3D geometry, uses a proprietary ray-tracing 
algorithm for solar irradiance simulations and the simulated irradiance is utilized for 
detailed PV simulations (Alamy and Nguyen, 2018). Moreover, functionality is in 
development to support EnergyPlus simulations, to be able to conduct financial 
analysis regarding the energy demand of the building and the generation of the PV 
system. 

The work in this thesis contributes to the latter approach of combining specialized 
software (Radiance, PVMismatch and EnergyPlus) with LiDAR-based DSM shading 
geometry in an integration-enabling Python package for simulating PV performance 
in urban context (see Chapter 4). 
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3. The PCB 2 phase solar irradiance 
modeling method 
 

 

 

3.1 Introduction 

To calculate the POA solar irradiance from weather data one has to (i) transpose the 
irradiance from the measured horizontal values to the POA, (ii) account for the direct 
and diffuse shading losses, and (iii) take into account the contribution of the reflected 
light to the POA solar irradiance. In this chapter, a new method is proposed for 
addressing the latter two steps of (annual) hourly or sub-hourly POA solar irradiance 
simulations by building on the work of researchers in the field of daylighting 
simulations (Mardaljevic, 2000; Reinhart, 2001; Tregenza and Waters, 1983; Ward 
Larson and Shaskespeare, 2003). The proposed PCB 2 phase method aims to facilitate 
fast and accurate solar irradiance simulations in urban environments, where shading 
and reflecting surfaces are common, using LiDAR-based DSM point cloud data as 
shading geometry input. LiDAR-based DSMs are a timely, scalable and accurate 
representation of the surroundings and getting more and more openly available (see 
Chapter 2.3). However, until now, in order to use DSMs as shading geometry, one 
had to generate a 3D surface geometry from the DSM or wait for an other entity to 
publish a 3D city model (which usually rely on the LiDAR data for the height of 
buildings), to be able to use them for simulating solar irradiance in urban areas. The 
proposed PCB 2 phase method is a matrix-based solar irradiance modeling approach 
that is tailored to use the DSM point cloud directly as shading geometry, eliminating 
the need for generating or purchasing 3D surface models and conducting ray-tracing 
to take into account the shading effect of the surroundings. The matrix-based 
approach (see Chapter 2.2.2) is chosen over the physical component-wise modeling 
(see Chapter 2.2.1) in order to be able to take into account the non-uniformities of the 
sky illuminance and the reflections from the surroundings. While the proposed 
method does not use ray-tracing, it is compatible with the pre-and post-processing 
sub-programs of Radiance (Ward Larson and Shaskespeare, 2003), to make 
validation easier and to be able to utilize the existing software infrastructure of 
Radiance for generating discretized skies. 

In this chapter, first, an overview of the relevant matrix-based solar irradiance 
simulation methods is presented. Then, the state of the art 2 phase method (also called 
as daylight coefficient method) is presented and demonstrated with a case-study. 
Then the PCB 2 phase method is described, which is a contribution of this thesis. As 
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a last step, the simulation results of the 2 phase and PCB 2 phase methods are 
compared in a case study. 

 

3.2 Matrix-based solar irradiance simulation methods 

Provided that a 3D surface model of the environment is available, ray-tracing is a 
widely used state of the art method to calculate the POA solar irradiance or 
illuminance both on external and internal surfaces of buildings, taking into account 
the shading effect and the reflections from the surroundings (Brembilla et al., 2019; 
Wang et al., 2020). Radiance  is an open-source suite of validated tools to model and 
render luminous effects of building fenestration and interior lighting. It is less 
commonly used for such purpose but Radiance can also model solar irradiance on PV 
surfaces (Lo et al., 2015). However, simulation with ray-tracing can be very time 
consuming, especially for (annual) hourly or sub-hourly simulations. In order to 
reduce computation time for an annual calculation, the concept of the daylight 
coefficient was introduced in 1983 (Tregenza and Waters, 1983). This concept was 
later developed further, by introducing multiple phases to the calculation of the flux 
transfer matrix between the sensor point and the discretized sky (Subramaniam, 
2017a) in order to speed up calculations, increase the spatial resolution or add the 
capability of modeling dynamic scenes. For modeling solar irradiance on external 
static built surfaces, perhaps the most fitting method is the 2 phase or the 2 phase 
DDS method. However, they can only be used if a 3D model geometry of the 
surroundings is readily available. To widen the applicability of matrix-based 
irradiance modeling in an urban setting, the PCB 2 phase method is proposed which 
uses the unprocessed DSM point cloud as shading geometry. Since the PCB 2 phase 
method builds on the 2 phase method in the next section we shortly describe the 2 
phase method and illustrate it with a case study. Then we describe the PCB 2 phase 
method in the following section. 
 

3.3 The 2 phase method 

3.3.1 Background 

The simplest approach for climate-based (annual) hourly or sub-hourly irradiance 
simulation is repeating the whole simulation process as many times as timesteps we 
want to simulate. This means 8760 simulation runs for a standard annual hourly 
simulation, which can be time-consuming using ray-tracing in every timestep. The 2 
phase method (or daylight coefficient method) is based on the recognition that the 
irradiance at a given sensor point is determined by the luminance of the sky and the 
geometry and optical properties of the surroundings and while the sky-conditions 
change at every time step, the surroundings of a sensor point (e.g. a city around a 
rooftop) are usually static. The simulation can therefore be separated into two phases: 
generating a daylight coefficient vector (a list of daylight coefficient values) and a 
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sky vector (a list of luminance values of the segments of a discretized sky). The 
daylight coefficient vector describes the flux-transfer relation between a luminescent 
sky segment and a sensor point: 

 ∆𝐸 𝐷𝐶 ∗ 𝐿 ∗ ∆𝑆 (3.1)
where 
∆𝐸  is the illuminance contribution of the 𝛼 sky segment [cd*sr/m2]
𝐷𝐶  is the daylight coefficient of the 𝛼 sky segment [-]
𝐿  is the luminance of the 𝛼  sky segment  [cd/m2]
∆𝑆  is the angular size of the 𝛼 sky segment [sr]
 

The calculated 𝐸  illuminance at the sensor point at a given timestep can be obtained 
by adding up the ∆𝐸  illuminance contributions for all sky segments. For annual 
calculations instead of a sky vector we can use a sky matrix (a list of lists of sky 
segment luminance values) to calculate 𝐸 . To do this we have to create a discretized 
sky for each timestep, but the most time-consuming part of the simulation, which is 
calculating the daylight coefficients, still just has to be done once. 

3.3.2 Modeling the discretized sky 

A discretized sky is a numerical approximation of a continuous sky model 
(Subramaniam and Mistrick, 2018). Numerous sky discretization methods exist such 
as the Klems-method where the hemispherical divisions are arranged such that each 
patch has relatively equal cosine-weighted solid angle (Mcneil, 2014), or the 
Tregenza sky division method (sometimes also called Reinhart sky discretization) 
which has approximately equal sky patch areas. The latter will be used in this work, 
as it is the most commonly used one for daylight coefficient calculations. The spatial 
accuracy of the 2 phase method increases as we increase the number of sky segments 
by increasing the discretization of the sky. Usually this is done by sub-dividing the 
sky segments with an MF factor resulting in 144 ∗ 𝑀𝐹 1 sky patches (see Figure 
3.1). 

 
Figure 3.1. Sky discretizations with different resolutions: MF1, MF4 and MF6 

with 145, 2305 and 5185 sky segments respectively. 

One can use the Gendaymtx (LBNL, 2020a) Radiance sub-program to generate a sky 
matrix. It takes a weather data as input (e.g. pre-processed from an epw weather file) 
and produces a matrix of sky segment luminance values using the Perez all-weather 
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model (Perez et al., 1993). Gendaymtx also calculates a ground luminance value 
based on the ground albedo which is stored in the sky vector as the 0th “sky segment”. 

3.3.3 Calculating the daylight coefficients with ray-tracing 

Calculating the daylight coefficients (apart from a few simple cases) is only feasible 
in a numerical way. Most daylight simulation software uses Radiance as a simulation 
engine for calculating the daylight coefficients with ray-tracing. To date, probably 
the most popular implementation is DAYSIM, but many other are available which 
build on DAYSIM, such as DIVA4Rhino, SPOT, and Ladybug-Honeybee 
(Subramaniam, 2017b). Since the implementation of new Radiance functions such as 
Rfluxmtx (LBNL, 2020b), calculating daylight coefficients natively in Radiance 
became much simpler and relatively easy to execute in 5 steps: 

1) Scene geometry generation and pre-processing. This can be done in in a 
CAD software e.g. Trible SketchUp (Trimble, 2020), then exported e.g. with 
the su2rad SketchUp extension (Bleicher, 2020) to a rad file which is 
Radiance’s scene geometry definition file format. In case direct export from 
the CAD software to rad file is not available, exporting the geometry to an 
obj file is a good intermediary step, as Radiance has a sub-program called 
obj2rad to translate these to a rad file. Material properties (reflectance and 
specularity) can be defined in a separate material definition file. As a final 
step, the material and geometry description files are combined into an octree 
with the oconv Radiance sub-program, which is a data storage format that 
allows for faster ray-tracing (Glassner, 1984). 

2) Sensor point generation. The position, tilt, and orientation angle of the 
sensor point needs to be defined in a pts file. This can be done in simple 
cases with only a few sensor points in a text editor, or with a pre-processing 
tool, like Pyrano. 

3) Calculating the Daylight coefficients (more specifically the flux transfer 
vector). The calculation of daylight coefficients with ray-racing happens by 
placing the sensor point and the model geometry in a uniformly glowing 
(usually with 1 cd/m2) sphere and calculating the relative contribution of 
each sky segment to the illuminance of the sensor point by binning the ray-
contributions based on incidence angle. The glowing sphere is defined in a 
separate rad file, and the calculation is executed with the Rfluxmtx Radiance 
sub-program using the octree and sensor point files generated in the previous 
steps and the rad definition of the glowing sphere as input. For convenience, 
when executed with Rfluxmtx, this calculation already gives the flux-transfer 
vector (𝐷𝐶 ∗ ∆𝑆 values with the unit 𝑠𝑟 ) as output instead of the 𝐷𝐶 so it 
only has to be multiplied with the sky matrix to get 𝐸  illuminance at the 
sensor point. There are a few key parameters that are needed to be set to find 
the right balance between the accuracy and speed of daylight coefficient 
calculations with Radiance: ab, ad, and lw. ab is the number of considered 
ray-bounces. An ab value of 2 or 3 is sufficient for solar irradiance 
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calculations for PV simulations. ad is the number of ambient divisions. 
Increasing ad increases the number of sampling rays emitted from the sensor 
point. The higher ad value will result in less “noise” in the results (see Figure 
3.2). Also if we increase the fineness of the sky discretization (as seen on 
Figure 3.1) ad needs to be increased as well. lw defines a limit to the weight 
of the ray-contributions to avoid tracing rays that would have insignificant 
effect on the results. It is recommended to use lw = (1)/(ad*10). 

4) Weather input pre-processing and generating the sky-matrix. In this step, the 
sky-matrix is generated with the epw2wea and gendaymtx Radiance sub-
programs. The weather input is an epw weather file and the output is 8760 
sky-vectors (together consisting the sky-matrix) with the illuminance values 
of their sky segments calculated with the Perez all weather model. A key 
input here is the “m” parameter defining the fineness of the Tregenza sky 
discretization. 

5) Calculating the irradiance time series. This last step consists of multiplying 
the sky-matrix and the flux-transfer vector and converting the results from 
illuminance values to irradiance values. This can be done by piping together 
the dctimestep and rmtxop Radiance sub-programs using the cr=0.265, 
cg=0.670 and cb=0.065 parameters to convert the 3 RGB illuminance 
channels to solar irradiance. 

The above described workflow, together with the sensor point pre-processing steps, 
was implemented in the Pyrano library to be easily executable with Python (see 
Chapter 4). 

 
Figure 3.2. Values of the flux-transfer vector calculated with different ad and lw 
parameters for a sensor point in an empty scene, looking upwards. The exact dE 

values are close to the green data points. 
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3.3.4 Case study to demonstrate the 2 phase method 

The purpose of this case study is to demonstrate conducting (annual) hourly solar 
irradiance simulations with the 2 phase method. The process follows the steps 
described in Chapter 3.3.3. The model geometry (shown in Figure 3.3) consists of 
diffusely reflective surfaces with a 0.5 albedo. Similarly, the ground plane has also 
an albedo of 0.5. 

 
Figure 3.3. Geometry of the scene with the four sensor points. The axes show 

distance in meters. The orientation and tilt angles of the sensor points are 90-90, 
180-0, 180-45, 270-0 degrees for the blue, red, green and yellow sensor points 

respectively. 

There are four sensor-points situated in the scene. A sensor point is defined by its 
location [x, y, z] and its orientation vector [xi, yi, zi ]. The field of view of a sensor 
point is 2π steradians (which is equivalent to one hemisphere). The flux transfer 
vector for the upwards-looking sensor point is visualized in Figure 3.4 on the left. A 
sky vector (at 16:00 on the 26th of May in Amsterdam based on an IWEC weather 
file) is visualized on Figure 3.4 on the right. Note that when the two vectors are 
multiplied together, the bright spot (the sun and the brighter area of the sky around 
it) will be eliminated by the low ∆E values of the sky segments caused by the 
obstructions visible on the flux transfer vector visualization, resulting in a shade on 
the sensor point in the afternoon. Figure 3.5 shows the result of the hourly irradiance 
simulation for the four sensor points on a clear day with the shaded afternoon period. 
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Figure 3.4. (left) the flux transfer vector values visualized on the sky hemisphere 

darker-lighter colors showing lower-higher values respectively. (right) sky 
segment luminance values (at 16:00 on the 26th of May in Amsterdam based on 
an IWEC weather file) visualized on the sky hemisphere darker-lighter colors 

showing lower-higher values respectively. In this case the MF4 sky discretization 
resolution was used resulting in 2305 sky segments and 1 ground segment. 

 

 
Figure 3.5. (top) Simulated solar irradiance (on the 21th of April in Amsterdam 

based on an IWEC weather file) at the four sensor points with different 
orientations. (bottom) The reflected component (from the surroundings and the 

ground) of the irradiance. 
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Figure 3.6 shows the simulated irradiance on a clear day simulated with the MF1 (145 
sky segments) and MF4 (2305 sky segments) sky discretization. It can be seen that 
the fineness of the sky discretization is mostly relevant at moments when the sun is 
transitioning from being behind an obstruction to being visible. At these periods the 
lower discretization causes some inaccuracy in the timing of the occurrence of the 
shade due to the illuminance of the sun being distributed to the relatively large sky 
segments. 

  
Figure 3.6. Simulated irradiance (on the 21th of April in Amsterdam based on an 

IWEC weather file)  with the MF1 (145 sky segments) and MF4 (2305 sky 
segments) sky discretization marked with dashed and solid lines respectively. 

 

3.4 The PCB 2 phase method 

The daylight coefficient method made calculating solar irradiance in urban 
environments more efficient, by eliminating the need for conducting ray-tracing for 
each timestep and converting the effect of the surroundings into a set of coefficients 
corresponding to each segment of the discretized sky. The 2 phase implementation of 
the daylight coefficient method utilizes Radiance as a ray-tracer to calculate the 
daylight coefficients. In order to conduct ray tracing, a surface-based geometry 
representation and reflectance properties of the environment are necessary as an 
input. However, this input is not always available. It is more and more common that 
municipalities conduct LiDAR surveys of cities or other urban areas. As an example 
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in the Netherlands this data is freely available through the PDOK portal (Land 
Registry of the Netherlands, 2020). However, converting the LiDAR point cloud of 
entire neighborhoods into a surface model can require a lot of (human) modeling 
effort and time which limits the usability of thee datasets. 

The PCB 2 phase method was developed to calculate solar irradiance on external built 
surfaces using raw LiDAR point cloud as shading geometry input. The aim was to 
adapt the modeling method to the input availability of a typical use case while 
preserving the accuracy of the irradiance simulation results. In the PCB 2 phase 
method the ray-tracing step of the 2 phase method is replaced with three steps: 1) an 
analytical calculation of the flux-transfer coefficients for an empty scene, 2) a sky 
segment cover ratio calculation based on the LiDAR point cloud projected onto the 
sky hemisphere, and 3) an approximation of diffuse reflected solar irradiance from 
the surroundings. 

3.4.1 Analytical calculation of the flux-transfer coefficients for an 
empty scene 

To calculate the flux-transfer coefficients (𝐸) for each sky segment, first we 
determine the indefinite integral of the illuminance function over a sphere around the 
sensor point using the continuous form of Equation 3.2: 

 𝐸 𝐷𝐶 ∗ 𝐿 𝑑𝑆 (3.2)

 
Intuitively, 𝐸 can be imagined as the volume between the surface of the illuminance 
function and the unit sphere in Figure 3.7. 
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Figure 3.7. Parametrization of the sky hemisphere. 

 
To be able to calculate the integral, we can parametrize the sky hemisphere with the 
azimuth (𝜙) and elevation angle (𝜃) thus getting the following equation: 

 𝐸 𝐷𝐶 ∗ 𝐿 ∗ 𝑐𝑜𝑠𝜃 𝑑𝜃𝑑𝜙 (3.3)

   
Note that a new 𝑐𝑜𝑠𝜃 factor got introduced to the equation. This is the consequence 
of the parametrization: as 𝜃 approaches 𝜋/2, the area of 𝑑𝑆 approaches 0 which is 
taken into account with the 𝑐𝑜𝑠𝜃 factor. This effect can be observed by comparing 
𝑑𝑆 and 𝑑𝑆′ in Figure 3.7. The next step is to evaluate Equation 3.3 with the known 
parameters, thus we can write: 

 𝐸 𝑠𝑖𝑛𝜃 ∗ 𝑐𝑜𝑠𝜃 𝑑𝜃𝑑𝜙 (3.4)

   
because L 1 cd/m  (the luminance of the uniformly glowing sphere), and 

because DC  sinθ in an empty scene for an upwards-looking sensor point, as 

DC  is merely determined by Lambert’s cosine law (Tregenza and Waters, 1983). 
We can start solving Equation 3.4 by starting with the inner integral with respect to 
θ: 
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𝑠𝑖𝑛𝜃 ∗ 𝑐𝑜𝑠𝜃 𝑑𝜃

1
2

𝑠𝑖𝑛 2𝜃 𝑑𝜃
1
4

𝑐𝑜𝑠 2𝜃
(3.5)

   
We can substitute the result into Equation 3.4 and calculate the outer integral with 
respect to ϕ: 

 1
4

𝑐𝑜𝑠 2𝜃 𝑑𝜙
1
4

𝑐𝑜𝑠 2𝜃 ∗ 1 𝑑𝜙

1
4

𝑐𝑜𝑠 2𝜃 ∗ 𝜙

 

(3.6)

By substituting the bounds according to the Newton–Leibniz axiom we get: 

 
𝐸

1
4

∗ 𝑐𝑜𝑠 2𝜃 𝑐𝑜𝑠 2𝜃 ∗ 𝜙 𝜙
(3.7)

 
If we substitute the left-right azimuths (ϕ , ϕ ) and upper-lower elevations (𝜃 , 𝜃 ) 
with the sky-segment edges of the Tregenza sky discretization we can compare the 
ray-tracing calculated and analytical results (see Figure 3.8). We can observe that the 
match is not perfect between the exact analytical solution and the numerical 
calculation conducted with Radiance. However, the accuracy of the Radiance 
calculation can be increased (at the expense of longer simulation time) by adjusting 
ad and lw parameters. 
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Figure 3.8. Flux-transfer coefficients calculated for an upward-looking sensor 

point in an empty scene with a 145 sky-segment Tregenza sky-division with 
Radiance (ad=10000, lw=0.00001) and with the analytical calculation 

(Equation 3.7). 

The next step is to generalize the calculation to an arbitrarily tilted sensor point. With 
the tilted sensor point, the incidence angles change, thus 𝐸 changes, and the ground 
plane falls in to the field of view of the sensor point, therefore we need to calculate a 
flux-transfer coefficient for a ground segment as well. In the case of an arbitrarily 
tilted sensor point, DC  is the cosine of the β angle between the 𝑛 unit vector of the 

sensor point view angle and the �̅� unit vector with ϕ azimuth and 𝜃 elevation (see 
Figure 3.9), which can be expressed as: 

 𝐷𝐶 𝑐𝑜𝑠𝜃 ∗ 𝑠𝑖𝑛𝜏 ∗ 𝑐𝑜𝑠 𝜉 𝜙 𝑠𝑖𝑛𝜃 ∗ 𝑐𝑜𝑠𝜏 (3.8)
where 
𝜏 is the sensor point unit vector tilt angle  [rad]
𝜉 is the sensor point unit vector orientation angle  [rad]
 



44 

 
Figure 3.9. Sky hemisphere with the arbitrarily tilted sensor point. 

Substituting Equation 3.8 to Equation 3.3 and using that L 1 cd/m , we get: 

 𝐸 𝑐𝑜𝑠𝜃 ∗ 𝑠𝑖𝑛𝜏 ∗ 𝑐𝑜𝑠 𝜉 𝜙 𝑠𝑖𝑛𝜃 ∗ 𝑐𝑜𝑠𝜏 ∗ 𝑐𝑜𝑠𝜃 𝑑𝜃𝑑𝜙 (3.9)

We can start solving Equation 3.9 by starting with the inner integral with respect to 
θ: 

 𝑐𝑜𝑠 𝜃 ∗ 𝑠𝑖𝑛𝜏 ∗ 𝑐𝑜𝑠 𝜉 𝜙 𝑠𝑖𝑛𝜃 ∗ 𝑐𝑜𝑠𝜃 ∗ 𝑐𝑜𝑠𝜏 𝑑𝜃

𝑠𝑖𝑛𝜏 ∗ 𝑐𝑜𝑠 𝜉 𝜙 ∗ 𝑐𝑜𝑠 𝜃 𝑑𝜃 𝑐𝑜𝑠𝜏 ∗ 𝑠𝑖𝑛𝜃 ∗ 𝑐𝑜𝑠𝜃 𝑑𝜃

(3.10)

Using the trigonometric formulas 𝑐𝑜𝑠 𝑎 1/2 ∗ cos 2𝑎 1 and cos𝑎 ∗ 𝑠𝑖𝑛𝑎
1/2 ∗ sin 2𝑎  we can write: 

1
2

∗ 𝑠𝑖𝑛𝜏 ∗ 𝑐𝑜𝑠 𝜉 𝜙 ∗ 𝑐𝑜𝑠 2𝜃 𝑑𝜃 1 𝑑𝜃 𝑐𝑜𝑠𝜏 ∗ 𝑠𝑖𝑛 2𝜃 𝑑𝜃  

1
4

∗ 𝑠𝑖𝑛𝜏 ∗ 𝑐𝑜𝑠 𝜉 𝜙 ∗ 𝑠𝑖𝑛 2𝜃 2𝜃 𝑐𝑜𝑠𝜏 ∗ 𝑐𝑜𝑠 2𝜃

(3.11) 

We can substitute the bounds according to the Newton–Leibniz axiom and calculate 
the outer integral with respect to ϕ: 



45 
 

(3.12)

1
4

𝑠𝑖𝑛𝜏 ∗ 𝑐𝑜𝑠 𝜉 𝜙 ∗ 𝑠𝑖𝑛 2𝜃 2𝜃 𝑐𝑜𝑠𝜏 ∗ 𝑐𝑜𝑠 2𝜃

𝑠𝑖𝑛𝜏 ∗ 𝑐𝑜𝑠 𝜉 𝜙 ∗ 𝑠𝑖𝑛 2𝜃 2𝜃 𝑐𝑜𝑠𝜏 ∗ 𝑐𝑜𝑠 2𝜃 𝑑𝜙  

1
4

∗ 𝑠𝑖𝑛τ ∗ 𝑠𝑖𝑛 ϕ 𝜉 ∗ 𝑠𝑖𝑛 2𝜃 2𝜃 𝑠𝑖𝑛 2𝜃 2𝜃 𝑐𝑜𝑠τ ∗ ϕ ∗ 𝑐𝑜𝑠 2𝜃

𝑐𝑜𝑠 2𝜃  

After substituting the bounds we get: 
 (3.13)

𝐸
1
4

∗ 𝑠𝑖𝑛𝜏 ∗ 𝑠𝑖𝑛 𝜙𝐿 𝜉 ∗ 𝑠𝑖𝑛 2𝜃𝑈 2𝜃𝑈 𝑠𝑖𝑛 2𝜃𝐿 2𝜃𝐿 𝑐𝑜𝑠𝜏 ∗ 𝜙𝐿

∗ 𝑐𝑜𝑠 2𝜃𝑈 𝑐𝑜𝑠 2𝜃𝐿   
1
4

∗ 𝑠𝑖𝑛𝜏 ∗ 𝑠𝑖𝑛 𝜙𝑅 𝜉 ∗ 𝑠𝑖𝑛 2𝜃𝑈 2𝜃𝑈 𝑠𝑖𝑛 2𝜃𝐿 2𝜃𝐿 𝑐𝑜𝑠𝜏 ∗ 𝜙𝑅

∗ 𝑐𝑜𝑠 2𝜃𝑈 𝑐𝑜𝑠 2𝜃𝐿  

Equation 3.13 gives negative results for parts of the sky hemisphere, which are 
“behind” the sensor point’s field of view. In those cases, E  should be interpreted 

as 0. The flux-transfer coefficient for the ground segment (marked with 𝐺 in Figure 
3.9) can be derived from the view factor (Duffie and Beckman, 2013) of the ground 
segment: 

 𝐸
𝜋
2

∗ 1 𝑐𝑜𝑠𝜏 (3.14)

 

We can compare the Radiance ray-tracing, and the analytically calculated 𝐸  for a 
south facing sensor point with a 45° tilt in Figure 3.10 and Figure 3.11 with a sky-
discretization of 2305 sky-segments. 
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Figure 3.10. Flux-transfer coefficients calculated for a south-facing sensor point 

with 45° tilt for a 2305-segment sky-division with Radiance (ad=100000, 
lw=0.000001) and with the analytical calculation (Equation 3.13). The accuracy 
of the Radiance calculation can be increased (at the expense of longer simulation 

time) by adjusting ad and lw parameters. 
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Figure 3.11. Magnified detail of Figure 3.10. 

3.4.2 Sky segment cover ratio calculation from a LiDAR point cloud 

With the 𝐸 flux-transfer coefficients for an empty scene (from now on we call this 
𝐸 ) we can express the flux-transfer relationship between the sensor point and the 
sky segments determined by Lambert’s cosine law. Now we introduce taking into 
account the shading effect of the surrounding geometry with the Cover Ratios (𝐶𝑅) 
of the sky segments calculated from a LiDAR point cloud of the surroundings. 𝐶𝑅 is 
the angular size of a sky segment apparently covered by an obstruction, divided by 
the angular size of the sky segment:  

 
𝐶𝑅

𝑆
𝑆

(3.15)

where 
𝑆  is the covered angular size of the sky segment  [sr]
𝑆  is the angular size of the sky segment  [sr]
 

The angular size of a sky segment can be calculated similarly to Equation 3.4 just 
with 1 instead of 𝐷𝐶 : 
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 𝑆 1 ∗ 𝑐𝑜𝑠𝜃 𝑑𝜃𝑑𝜙

𝜙 ∗ 𝑠𝑖𝑛𝜃

(3.16)

 

We can get the angular size of the sky segments by substituting the left, right azimuth 
limits (ϕ , ϕ ) and upper, lower elevation limits (θ , θ ) of the sky segments: 
 
 𝑆 𝜙 𝜙 ∗ 𝑠𝑖𝑛𝜃 𝑠𝑖𝑛𝜃 (3.17)
 
Calculating SC on the other hand is not straightforward without a 3D surface 
geometry of the surroundings as we only have the x, y, z coordinates of the 
surroundings’ LiDAR point cloud. Calculating the CR values for a discretized sky is 
therefore a multi-step process: 

The first step is pre-processing the LiDAR point cloud input. This means selecting 
an appropriate radius around the sensor point where we want to simulate the 
irradiance. Only the LiDAR points within this radius will be included in the 
simulation. The suitable radius depends on the urban environment (usually between 
200-500 meters), the selected subset should include the objects (buildings, 
vegetation) that can potentially shade the sensor point. 

The second step is projecting the LiDAR point cloud on a unit-sphere around the 
sensor point. In this step, we transform the LiDAR point cloud representing the 
geometry of the surroundings from the Cartesian coordinate system (x, y, z 
coordinates) to a spherical coordinate system where each LiDAR point is defined by 
its azimuth, elevation angle, and distance from the center of the sphere (ϕ, θ, r). Then 
we can project the points on the unit-sphere, by making the r 1 for all points. Figure 
3.12 shows the outcome of such projection. Here we use the same geometry as in the 
case of the 2 phase method case study with artificially generated (1 point per m2) 
LiDAR point sampling in order to be able to compare the results for the two methods. 

 
Figure 3.12. (left) Geometry of the scene with artificially generated LiDAR 

points on it. (right) LiDAR points of the scene projected to the surface of a unit-
sphere around the sensor point.
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Projecting the LiDAR points on the unit sphere can be regarded as a form of 
parameter reduction, since the distance of an object from the sensor point does not 
influence whether it shades the sensor point, only its apparent position on the sky 
hemisphere and angular size. Now, that the LiDAR point cloud on the unit sphere is 
two-dimensional (can be described by merely 𝜙 and 𝜃), it can be examined together 
with the discretized sky, in the same coordinate system (see Figure 3.13). 
 

Figure 3.13. LiDAR point cloud representation of test-geometry projected to the 
discretized sky-hemisphere with 2305 segments. 

The last step is classifying the sky hemisphere to covered and uncovered areas (by 
the projected LiDAR point cloud) and determining the 𝐶𝑅 of the sky segments. If we 
regard Figure 3.13, we can see that by human intuition, we could draw a line around 
the projected sensor points, indicating the edge of the projected geometry on the sky 
hemisphere. On one side of the line would be the covered side of the sky hemisphere, 
and the other is uncovered sky. Moreover, we can admit to classifying some sky 
segments with 0 projected LiDAR points in them as covered, because all the other 
segments around them are shaded, and we would probably intuitively determine some 
segments around the edges as partially covered by the LiDAR point clouds. To 
calculate the 𝐶𝑅 of the sky segments we would need some similar “intuitive” 
classification of the sky hemisphere to covered and uncovered areas executed by the 
computer. Since the number and distribution of the projected LiDAR points is rather 
unpredictable (determined by the quality of the LiDAR measurement, shape and 
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reflectance of the surfaces and many other factors) we need a generalization method, 
to determine the 𝐶𝑅 of the sky segments. To do this we use Support Vector Machine 
(SVM) classification (see Appendix B:) of the sky hemisphere to covered and 
uncovered areas. Since SVM is a supervised machine learning method, we need a 
labeled training dataset: we already have the projected LiDAR points (with ϕ, θ 
features) labeled as covered sky-points. For uncovered training data we can generate 
a uniform grid of sky-points (see Figure 3.14). 

Figure 3.14. The training dataset of the SVM model. Black points are the 
training points labeled as covered (these are the projected LiDAR points), and 

the blue points are the uncovered sky points (these are generated by us). 

Together these points on the sky hemisphere represent the training data for the SVM 
model. Once the model is trained, we can test the sky at any arbitrary position, to 
determine whether it is in the covered or uncovered area of the sky (see Figure 3.15). 
This way we can “multiply” the LiDAR points on the sky hemisphere and the covered 
fraction of the sky segments becomes quantifiable. 
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Figure 3.15. Tested points with the trained SVM model. Red points are classified 
as covered and the yellow points are classified as uncovered. Black points are 

the projected LiDAR points. 

 
One can choose the locations of the testing of the sky with the trained SVM in such 
a way that the quantification of 𝐶𝑅 is convenient. Figure 3.16 shows a magnified 
section of the discretized sky with the projected LiDAR points and the tested points 
with the SVM model. There are 4x4 tested points in each sky segment, therefore 𝐶𝑅 
for a given sky segment can be calculated as: 

 

 𝐶𝑅
𝑛
𝑛

(3.18)

where 
𝑛  is the number of test points classified as covered in the segment  [-]
𝑛  is the number of test points in the segment  [-]
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Figure 3.16. (left) Magnified section of Figure 3.15: Tested points with the 

trained SVM model. Red points are classified as covered and the yellow points 
are classified as uncovered. Black points are the projected LiDAR points. (right) 

CR values visualized on the sky hemisphere. Black indicates a CR of 1, white 
indicates 0. 

3.4.3 Approximating reflected solar irradiance 

With 𝐸  and 𝐶𝑅 we can take into account the cosine-effect and the shading from 
the surroundings. A last component that we add to the model is the contribution of 
the reflected component 𝐸  to the flux-transfer coefficients. As our geometry input is 
merely a LiDAR point cloud without surfaces, the surface normals are not available, 
and therefore it cannot be determined at which angle a light ray would bounce off the 
geometry. As a consequence of this the PCB 2 phase method is not suitable for 
calculating the reflected irradiance from specular surfaces, as in those cases the 
surface normals are a necessary input. Instead, we assume that the surrounding 
geometry is diffusely reflective (which is a commonly used assumption in practice), 
and propose two methods to approximate the re-distribution of 𝐸  over the sky 
hemisphere using a uniform ε albedo for the surroundings. 

Figure 3.17a and b show simplified diagrams of determining the change in the flux-
transfer coefficient of the sky segments with specular and diffuse reflections using 
the 2 phase method. This is done by finding the source sky-segment of the reflected 
light with ray-tracing. In the specular case, the sampling ray is reflected from the 
surface according to the law of reflection, and hits a sky segment. As a result the 𝐸 
of the sky segment increases. In the diffusely reflective case, when a sampling ray 
hits a diffuse surface, new sampling rays are generated in all directions in front of the 
plane of the surface. Where these new sampling rays hit the sky segments, the 𝐸 
increases. This can also be observed with 2 phase method simulation results in Figure 
3.18a and b which show the change in 𝐸 due to reflections compared to 𝐸 . Blue 
indicates a decrease and red an increase in 𝐸, while white indicates no change (no 
reflected sampling rays hit those sky segments). 
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Figure 3.17. Schematic diagram of the workings of identifying the source of the 
reflected light with a) Ray-tracing for specular surfaces, b) Ray-tracing for 
diffusely reflective surfaces, c) PCB 2 phase method with the Uniform re-
distribution reflection approximation and d) PCB 2 phase method with the 

Opposite side re-distribution reflection approximation. Blue arrows on the sky 
hemisphere represent 𝐸 , yellow ones represent 𝐸 . 

In the case of the PCB 2 phase method, the geometry input is a LiDAR point cloud 
instead of surfaces, and since the surface normals are not available, we have to 
assume the direction of the “reflections” from the point cloud representation of the 
surrounding geometry. The two proposed methods differ in this assumption: 

- Uniform re-distribution method. In this case, it is assumed, that the 
obstructions with a given ε albedo reflect the light in all directions (at a 4π 
steradian angle) equally. For each sky segment, first it is calculated what is 
the part of 𝐸 that gets reflected (𝐸 ∗ 𝐶𝐹 ∗ ε) and then this gets 
redistributed to all the other sky-segments in an area-weighted way. 
Schematic representation of the workings of this method is shown on Figure 
3.17c and simulation results in Figure 3.18c. 

- Opposite side re-distribution method. This method differs from the Uniform 
re-distribution method in the way of redistributing the reflected 𝐸. In this 
case it is assumed that each sky segment only reflects to the opposite half of 
the sky hemisphere (at a 2π steradian angle). For each sky segment with an 
azimuth angle of ϕ, after calculating the what is the part of 𝐸 that gets 
reflected from it (𝐸 ∗ 𝐶𝐹 ∗ ε), it is identified, which sky segments are 
between the ϕ 90˚ and ϕ 90˚ azimuth bounds, and the reflected 𝐸 gets 
distributed among those, in an area-weighted way. A schematic 

a) b)

c) d)
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representation of the workings of this method is shown on Figure 3.17d and 
simulation results on Figure 3.18d. 

 
Figure 3.18. Diagrams showing the change in E for each sky segment of a 2305-
discretized sky due to reflected light compared to 𝐸 , for an upwards-looking 

sensor point. Blue indicates decrease, red increase in 𝐸, while white indicates no 
change. a) and b) cases were simulated with the 2 phase method (with ray-

tracing) using the 3D geometry shown on Figure 3.3 with a specular and diffuse 
albedo of 0.5. c) and d) shows the same output generated with the PCB 2 phase 

method with the Uniform and the Opposite side re-distribution reflection 
approximation, where the geometry input was the artificially generated LiDAR 

point cloud (seen on Figure 3.12). 

 
With the above described method reflected light can be taken into account when using 
raw LiDAR point clouds as geometry input for simulating solar irradiance with the 
PCB 2 phase method. The two proposed (Uniform and Opposite side) methods for 
re-distributing the reflected 𝐸 differ in their assumptions about the surroundings and 
simulation speed. 
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3.4.4 Combining the phases 

The illuminance at the sensor point (E ) can be calculated by adding up the 
illuminance contributions of the sky segments: 

 
𝐸 𝐸 , ∗ 1 𝐶𝑅 𝐸 , ∗ 𝐿

(3.19)

where 
𝐸  is the illuminance at the sensor point [cd*sr/m2]
𝑛 is the number of sky segments (the 0th segment is the ground) [-]
𝐸 ,  is the flux-transfer coefficient of α sky segment for an empty scene [sr]
𝐶𝑅  is the cover ratio of α sky segment [-]
𝐸 ,  is the reflected component of the flux-transfer coefficient for α sky 

segment
[sr]

𝐿  is the luminance of the α sky segment [cd/m2]
 

Then the illuminance can be converted to solar irradiance (in W/m2) as discussed in 
Section 3.3.3. Figure 3.19 shows the Ecos,α, C𝑅α, Er,α and Lα values plotted on the 
discretized sky hemisphere for the geometry shown on Figure 3.3.   
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Figure 3.19. Values of a) 𝐸 , b) 𝐶𝑅, c) 𝐸  plotted on the discretized sky 

hemisphere for an upward-looking sensor point with the geometry shown on 
Figure 3.3, and d) 𝐿 sky segment luminance values (at 16:00 on the 26th of May 

in Amsterdam based on an IWEC weather file). 

 

3.4.5 Case study – comparing 2 phase and PCB 2 phase solar 
irradiance simulations 

To compare the 2 phase and the PCB 2 phase method simulated solar irradiance we 
use the model geometry shown in Figure 3.3 and the artificially generated LiDAR 
point cloud shown in Figure 3.12. We conduct the simulations with four sensor 
points, with different azimuths and tilts 90-90, 180-0, 180-45 and 270-0 degrees 
respectively. This is to ensure that the two methods are compared under various 
circumstances, as the tested sensor points have different amount of obstruction, 
ground and sky in their field of view. 
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Figure 3.20 shows solar irradiance simulation results with the two methods on a 
sunny day, without taking into account reflected light. This comparison is to assess 
the geometric fidelity of the method, presented in section 3.4.2, to represent the 
geometry of the surroundings with the Cover Ratios, based on a LiDAR point cloud. 
It can be concluded, that the direct and diffuse shading calculated with the PCB 2 
phase method matches very closely to the result of the 2 phase method. 

 
Figure 3.20. Simulated solar irradiance with the 2 phase (solid line) and the 

PCB 2 phase (dashed line) method for the four sensor points, with black ground 
and surroundings, on the 31th of March in Amsterdam based on an IWEC 

weather file. 

Figure 3.21 shows a comparison of simulated solar irradiance with gray diffusely 
reflective ground plane and surroundings with an albedo of ε 0.5. Here three 
methods are compared: the 2 phase method, the PCB 2 phase method considering the 
reflected light with the uniform re-distribution method (UD), and lastly the PCB 2 
phase method with the opposite side re-distribution method (OSD) (see Chapter 
3.4.3). If we compare the results in Figure 3.20 with the ones in Figure 3.21 we can 
see that the simulated irradiance is higher in the latter case as there the reflected 
irradiance is also contributing to the results. Most notably, we can see significant 
difference between the black and the gray models for the sensor point facing west 
(𝑎𝑧𝑖𝑚𝑢𝑡ℎ 270°, 𝑒𝑙𝑒𝑣𝑎𝑡𝑖𝑜𝑛 0° . This sensor point is looking directly at the 
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obstruction and its field of view is almost entirely filled with the buildings and the 
ground plane, therefore most of its irradiance is coming from the reflected 
component. It can be seen that in the morning the 2 phase result matches very closely 
with the PCB 2 phase OSD results. This is because the assumption used for the OSD 
method (reflecting the light diffusely from the opposite of the sky hemisphere) 
matches very closely with reality when the sun is en-face with the vertical façade in 
the simulation model. On the other hand when the sun moves to the south around 
noon, the difference between the 2 phase and the PCB 2 phase OSD results increases 
somewhat. The PCB 2 phase UD method underpredicts the irradiance in the morning, 
by 10 to 20% and provides a better match when the sun is in sight or behind the 
obstruction in the afternoon. In the other - for PV applications more realistic - cases, 
the match between the 2 and PCB 2 phase results is good for both the UD and OSD 
versions. A good match can also be observed on a cloudy day on Figure 3.22 and on 
Figure 3.23, which shows the yearly simulated solar irradiance with the different 
discussed methods. 

Figure 3.21. Simulated solar irradiance with the 2 phase (solid line) and the 
PCB 2 phase-UD (dashed line) and 2 phase-OSD (dotted line) methods for the 
four sensor points, with gray ground and surroundings (𝜀 0.5), on the 31th of 

March in Amsterdam based on an IWEC weather file. 
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Figure 3.22. Simulated solar irradiance with the 2 phase (solid line) and the 
PCB 2 phase-UD (dashed line) and 2 phase-OSD (dotted line) methods for the 
four sensor points, with gray ground and surroundings (𝜀 0.5), on a cloudy 

day of April the 5th in Amsterdam based on an IWEC weather file. 

 

 
Figure 3.23. Yearly simulated solar irradiance with the 2 phase (red), the PCB 2  
phase-UD (green) and the PCB 2 phase-OSD (blue) methods for the four sensor 

points, with gray ground and surroundings (𝜀 0.5), based on an IWEC 
Amsterdam weather file. The 2 phase simulation without reflected component 

(black) simulation output is also provided for reference. 
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3.5 Discussion 

Based on the above described case study it can be concluded that the PCB 2 phase 
method can simulate the solar irradiance within a few percent accuracy compared to 
the 2 phase method. However, in future work, the validity of the PCB 2 phase method 
could be further verified by comparing the simulation results to real-world 
measurements. An advantage of the PCB 2 phase method over the 2 phase is simpler 
model input: the raw LiDAR point cloud directly can be used as shading obstruction 
input without the need for 3D surface geometry. A drawback of the method is the 
incapability of simulating specular reflections, as for simulating those would require 
the surface normals which are not available without a 3D surface model. 

The above described study does not investigate the topic of simulation time 
extensively, but based on experimentation, the simulation times of the PCB 2 phase 
method for simple scenes and with useful accuracy requirements are in the same 
ballpark as the ones of the 2 phase method. However, simulation time for the 2 phase 
method depends on several parameters, such as the number of polygons in the model, 
and many other simulation parameters that affect the accuracy of the simulation, such 
as the ad, lw, ab parameters. Similarly, simulation time of the PCB 2 phase method 
also depends on sky discretization, size of the point cloud, and several other factors. 
Moreover, both methods can be parallelized, certain parts of Radiance could be ran 
on GPU for faster execution (Jones, 2019; Jones and Reinhart, 2017), and the current 
software implementation of the PCB 2 phase method certainly could be further 
optimized for speed. Therefore, at this point, it is hard to draw definitive conclusions 
about comparing the speed of the two methods, but for reference, results of a non-
exhaustive simulation speed comparison are shown in Appendix C:.
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4. Pyrano – software implementation of 
the PCB 2 phase method 
 

 

 

4.1 Introduction 

Note: The content of this chapter is inspired by the conference paper submitted to 
Building Simulation 2021: 17th Conference of IBPSA, under the title: Pyrano – A 
Python package for LiDAR-based solar irradiance simulations. 

If a building is situated in the built environment, its solar access is often influenced 
by reflections, shading by vegetation or other buildings. To be able to take such 
effects into account, the geometry and reflectance properties of the surroundings need 
to be known, however, this input is often hard to acquire (Albert et al., 2017; 
Girindran et al., 2020). Pyrano, the software presented in this chapter utilizes the PCB 
2 phase solar irradiance modeling method (described in Chapter 3) which was 
developed with a focus on the requirements of PV system simulations in an urban 
context. The modeling approach allows for taking into account shading and 
reflections based on the raw LiDAR-based DSM point cloud data of the surroundings 
without the need for generating 3D surfaces nor conducting ray-tracing. 

Simulation workflows for modeling PV together with a building situated in an urban 
environment are fragmented (Gupta et al., 2014). In an attempt to address this issue, 
Pyrano bridges the gap between EnergyPlus (building energy), Radiance (solar 
irradiance) and PVMismatch (PV power) simulations. In this chapter an overview of 
Pyrano’s functionality is presented, while the source code, further documentation and 
tutorials are available on the project’s GitLab page (Bognár and Loonen, 2020). 

Pyrano consists of five modules: 

‐ A LiDAR point cloud pre-processor (pyr.pointcloud) for applying 
geometrical transformations on the LiDAR point cloud to align its 
coordinate system with the EnergyPlus geometry. 

‐ A geometry pre-processor (pyr.geometry) that handles irradiance sensor-
point placement over EnergyPlus surfaces. 

‐ A module for calculating flux-transfer coefficients (pyr.dc) from pre-
processed LiDAR point clouds for efficient matrix-based (sub)hourly 
annual solar irradiance simulations. 
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‐ A Python wrapper to execute certain Radiance sub-programs 
(pyr.radiance), such as epw2wea, gendaymtx and dctimestep. 

‐ An input-output module (pyr.io) for results visualization and connecting 
inputs and outputs between solar irradiance and PV simulation software. 

 

 
Figure 4.1. Flowchart representing the PCB 2 phase solar irradiance and PV 

system simulation process using Pyrano and PVMismatch. The colors represent 
the different modules of Pyrano. Red: pyr.geometry, green: pyr.dc, yellow: 

pyr.pointcloud, gray: pyr.radiance, blue: pyr.io. 

 
Figure 4.1 shows the flowchart representation of using Pyrano to execute irradiance 
and PV simulations with the PCB 2 phase method and PVMismatch. The tree main 
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input files are the EnergyPlus model (*.idf or *.json) defining the sensor points, the 
LiDAR point cloud file (*.tif) defining the surroundings, the weather file (*.epw) 
defining the weather conditions, and the PV system layout file (*.csv) defining the 
PV module stringing. The colors represent the modules of Pyrano. 

The following sub-chapters (4.3- 4.6) give an overview of the modules of Pyrano,  
followed by a summary in Chapter 4.7. 

 

4.2 LiDAR point cloud pre-processor module 

The PCB 2 phase method utilizes the LiDAR-based DSM point cloud of the 
surroundings to take into account shading and reflections from nearby obstructions. 
The point cloud pre-processor module of Pyrano (pyr.pointcloud) contains methods 
and helper functions for three main purposes: 

‐ Reading and cropping LiDAR-based DSM input files 
‐ Executing geometrical transformations on the point cloud 
‐ Aligning the point cloud with the coordinate system of the EnergyPlus 

model 

LiDAR-based DSM data is available in more and more countries in various 
resolutions, e.g. in the United Kingdom (Department for Environment Food & Rural 
Affairs, 2020), or in the United States (USGS, 2020). In the Netherlands, it is 
available in up to 0.5 m resolution .tif files in 5x6 km segments which contain more 
than 120 million lidar points each (Land Registry of the Netherlands, 2020). For 
shadowing calculations, it is sufficient to include only the close proximity of the 
surroundings which allows for smaller file sizes and faster calculations. By 
experimentation with a point cloud from a high-rise neighborhood of Eindhoven, it 
was found that an area with a 300 m radius usually contains the terrain features or 
buildings that can cast a shadow on the investigated surfaces. However, literature 
reports that often a radius of 50 m is already sufficient to include for shadowing 
calculations (Lingfors et al., 2018, 2017). Figure 4.2a shows the heightmap of 
Eindhoven and Figure 4.2b shows the area of interest with a 300 m apothem. 
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Figure 4.2. a) Heightmap of Eindhoven, the Netherlands. b) 300x300 m subset of 

the heightmap showing part of the TU/e campus in Eindhoven. 

 
As described in Chapter 3, in order to calculate the flux-transfer coefficients, the 
LiDAR point cloud is projected to a unit-sphere around the sensor point to provide 
training data to the SVM classification. After the cartesian-spherical coordinate 
transformation each LiDAR point can be described with two parameters (azimuth and 
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elevation) instead of three (x, y, and z). This leads to a situation where in a typical 
case, hundreds of thousands of LiDAR points are projected to the unit-sphere. The 
LiDAR points that were seen as behind each-other from the view-point of the sensor 
point, are now overlapping or are very closely projected to each-other onto the unit 
sphere. To provide a more balanced training data for the SVM classification after the 
spherical projection a culling process is applied (Tavenier, 2020), by omitting LiDAR 
points that are close to each other, resulting in fewer projected LiDAR points with a 
more uniform distribution in the azimuth elevation domain (see Figure 4.3). This 
process results in significantly less training points which reduces training time and 
computer memory demand. 

Figure 4.3. LiDAR points projected to the unit-sphere at a location near a tall 
building in the city center of Eindhoven a) without culling (433000 points), and 

b) with culling (1100 points). 

 
To ensure that the relative position of the shadow-casting LiDAR point cloud and the 
EnergyPlus model (that defines the location, tilt and orientation of the irradiance 
sensor points) is in order, the pyr.pointcloud module offers functions to match the 
coordinate system of the EnergyPlus model and the LiDAR point cloud. This can be 
done by selecting the coordinates of the same feature (e.g. a corner of a building) in 
the EnergyPlus model and the LiDAR height map and use these coordinates as 
reference points to translate the LiDAR point cloud into the coordinate system of the 
EnergyPlus model. Figure 4.4 shows the EnergyPlus model geometry of a building 
in Eindhoven, matched with the corresponding LiDAR point cloud. 
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Figure 4.4. a) EnergyPlus model geometry of a building placed in the 

corresponding LiDAR point cloud. b) Aerial view of the same building and 
surroundings. 

In some cases the modeler might be aware of recent changes in the surroundings, 
which is not yet present in the LiDAR data. In such cases a LiDAR point suppressor 
function of pyr.pointcloud can be used to limit the height of the LiDAR points to a 
maximum value within the perimeters of a polygon defined on the heightmap (see 
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Figure 4.5). This way clutter caused by roof obstructions, demolished buildings or 
cut trees can be removed from the LiDAR data. 

Figure 4.5. LiDAR points suppressed to street level within a polygon (shown in 
red) drawn around the perimeter of an existing building in the city center of 

Eindhoven, the Netherlands. 

 

4.3 Geometry pre-processor module 

With the aim of streamlining the current way of modeling of PV system and building 
energy performance, Pyrano uses the EnergyPlus model geometry convention to 
define the position, tilt and orientation of the solar irradiance sensor points. When 
building the EnergyPlus model geometry we can label certain surfaces as active 
surfaces. These are the surfaces that we want to calculate solar irradiance on. The 
labeling can be done by making an EnergyPlus construction object with a unique 
name (e.g. “PV_Construction”) that is exclusively used for the active surfaces. Then, 
the surfaces with the unique EnergyPlus construction names can be filtered for, using 
GeomEppy (Bull, 2020), and used to define the location, tilt and orientation of the 
solar irradiance sensor points. The pyr.geometry module has two methods to define a 
sensor point grid over labeled surfaces The “point-grid over PV module and the 
“point-grid over surface” methods. 

The “point-grid over PV module” method is developed to generate sensor points over 
a rectangular surface, with predefined numbers of sensor point rows and columns. 
This method can be used for defining sensor points for each cell of a crystalline 
silicon PV module with regular rows of columns of PV cells to provide solar 
irradiance input for cell-level PV system simulations. An overview of the sensor point 
generation process is the following: (i) the identified 3D active surfaces are translated 
to the 2D x-y plane using the GeomEppy library. Then, (ii) a rectangular grid of 
sensor points is placed on the 2D surface with the pre-defined row and column 
numbers. As a last step, (iii) the generated sensor points are translated back into the 
original 3D plane of the active surface. After the sensor-points are created, their 
position and view angle is saved to a file in .pts format. A .pts file is a text file, with 
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6 columns and as many rows as sensor points we have. The first three columns define 
the x, y, z position of a sensor point in the scene. The second three coordinates with 
the vx, vy and vz coordinates of a unit vector define the orientation (view-angle) of a 
sensor point. Apart from the .pts file, an additional .json file is saved as well, which 
contains information about the sensor points’ relative position (row and column) 
within a module. This information is later used for the electrical simulations of the 
PV system. Figure 4.6 shows a sensor-point layout generated with the “point-grid 
over PV module” method over a PV system consisting of 12 modules with 10x6 cells. 

Figure 4.6. a) and b) Sensor points generated over the cells of PV modules with 
the “point-grid over PV module” method. 

The “point-grid over surface” method is developed for generating sensor points over 
any surface (rectangular or not) with a predefined “points per square meter” density. 
This method can be used for irradiance simulations investigating the solar irradiance 
on external built surfaces. The steps of the process can be summarized as follows: 
firstly, (i) the identified 3D active surfaces are translated into a polygon on the 2D x-
y plane. Then, (ii) a rectangular grid of sensor points is placed on the rectangular 
bounding box of the 2D polygon with the predefined points per square meter density. 
In the next step, (iii) the sensor points that fall outside of the 2D polygon are identified 
with an even-odd rule algorithm (Shimrat, 1962) and deleted. As a last step, (iv) the 
remaining sensor points are translated back into the original 3D plane of the active 
surface. Alongside the .pts file with the position and view-angle of the sensor points, 
a .json file is saved which contains information about which sensor-point corresponds 
to which EnergyPlus surface. Since the connection between the simulated solar 
irradiance and the surfaces is maintained, the results can be used not just for 
visualizing the solar irradiance on the surfaces but also as an external shaded fraction 
or irradiance input for EnergyPlus simulations. Figure 4.7a and b show sensor points 
generated over non-convex and non-rectangular EnergyPlus surfaces. 



69 
 

 
Figure 4.7. a) Solar irradiance sensor points generated over the roof with a 
complicated geometry. b) Sensor points generated over a non-convex façade 

surface. c) Sensor points generated for every cell of a 10x6 cell PV module. The 
a and b cases are made using the “point-grid over surface” method. Case c is 

made with the “point-grid over PV module” method. 

 

4.4 Flux-transfer coefficient module 

The pyr.dc module contains methods and helper functions for calculating flux-
transfer coefficients with the PCB 2 phase method. The module includes functions 
for: 

‐ Defining sky discretization. The sky discretization method uses the same 
conventions and geometry as used in Radiance and DAYSIM as described 
in Chapter 3.3.2. 

‐ Analytical calculation of the flux-transfer coefficients of each sky segment 
for an empty scene, as described in Chapter 3.4.1.  

‐ Calculating cover ratio for each sky segment, including the execution of 
SVM training and prediction as described in Chapter 3.4.2. 

‐ Calculating the reflected component of the flux-transfer coefficients for 
each sky segment. 3.4.3. 
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‐ Writing the combined flux-transfer coefficients to a .mtx file that is 
compatible with Radiance. 

Figure 4.8a shows the calculated mean flux-transfer coefficients for the sensor points 
generated over the PV system shown in Figure 4.6. Note as the features of the 
surroundings (marked in Figure 4.8b and c.) can be recognized on the calculated flux-
transfer coefficient values plotted to their corresponding sky segment. It can be also 
observed as the segments of the sky that is outside of the 180˚ field of view of the PV 
modules do not contribute to the POA irradiance of the sensor points. 

 
Figure 4.8. a) Flux transfer coefficient values visualized on the sky hemisphere. 
The darker-lighter colors showing lower-higher values respectively. b) Aerial 

view of the surroundings. The location of the PV system is indicated with a 
turquoise rectangle. c) DSM-based height map of the surroundings. 
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4.5 Python wrapper module for Radiance 

The pyr.radiance module of Pyrano contains Python wrapper functions for certain 
Radiance sub-programs. Including the ability to execute Radiance sub-programs 
using Pyrano serves two purposes. Firstly, Pyrano was made to be compatible with 
Radiance, that is, the input files it uses and the output files it generates can be directly 
used with Radiance. In this way, some of the steps of the simulation process (weather 
file conversion, creating discretized hourly annual sky matrix and matrix 
multiplication of the sky with the flux-transfer coefficients) can be outsourced to 
Radiance, eliminating the need for re-implementing already existing, validated 
software components. Secondly, the compatibility with Radiance makes it easy to use 
the 2 phase method to validate the PCB 2 phase method. Therefore, while the primary 
use of Pyrano is to simulate solar irradiance on external built surfaces with the PCB 
2 phase method using LiDAR point clouds as shading input, it is also capable of 
simulating solar irradiance based on 3D geometry with the 2 phase method using 
Radiance ray-tracing. Figure 4.9 shows the result of hourly 2 phase Radiance solar 
irradiance simulations visualized with the input-output module of Pyrano. 

 
Figure 4.9. Simulated solar irradiance with the 2 phase method on a clear day in 
May, showing the passing shadow casted by the tower of the building on the roof.  
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4.6 Input-output module 

The pyr.io module of Pyrano contains methods and helper functions for two main 
purposes. Firstly, to read and visualize results files made with Pyrano or Radiance, 
such as flux-transfer coefficient (.mtx), sky matrix (.smx) and irradiance (.irr) files 
and convert them into pandas (The pandas development team, 2020)  DataFrame 
Python objects. Once the data is in a DataFrame format, the extensive plotting and 
data analysis library of Matplotlib (Hunter, 2007) can be conveniently used to analyze 
and visualize the simulation results. The visualization functions in the pyr.io module 
take advantage of the 3D plotting capabilities of GeomEppy to show a 3D view of 
the EnergyPlus model geometry and the simulated solar irradiance of the sensor 
points on one plot (see Figure 4.10). 

 
Figure 4.10. Visualization of the solar irradiance (at 11:00, 12:00 and 13:00  on 

the 26th of May in Amsterdam based on an IWEC weather file). The shading is 
caused by nearby trees (see Figure 4.8). 

 
The other main purpose of the pyr.io module is to ensure interoperability between the 
solar irradiance and PV power simulations with PVMismatch. The output of the solar 
irradiance simulations is an .irr file, which is a text file with rows and columns of 
irradiance values. Each row represents a timestep and each column corresponds to a 
given sensor point. PVMismatch (Mikofski et al., 2018) is a PV system I-V curve 
simulator, which for every timestep requires solar irradiance as input for every cell 
of a PV system (which is one row in the .irr file). A crucial task of the functions in 
pyr.io is to map the right irradiance values from the .irr file to the right PV modules 
and within that PV cells in the PVMismatch model. 

The mapping of the right sensor points with the right PV cells happens in two steps. 
In the first step, the active surfaces in the EnergyPlus model (which are labeled with 
a specific construction and a unique name, see Chapter 4.3) are matched with the PV 
modules in the PVMismatch PV system model. This can be done if the position 
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(string and module number) of the PV module is coded into the name of the active 
EnergyPlus surface, e.g. the following way: “m2_5” where the first number indicates 
the string number and the second indicates the module number (numbering of the 
modules and strings starts from 0). In the second step, the irradiance sensor points 
corresponding to a given module are matched with the cells of the same module in 
the PVMismatch model. This is done by utilizing the information previously saved 
in the sensor point .json file during geometry pre-processing (see Chapter 4.3) where 
the relative cell-row and cell-column position within the PV module of each sensor 
point is saved alongside with the unique name of the module. 

Figure 4.11 shows the simulated I-V curves of the PV system shown on Figure 4.6, 
affected by different shading patterns, shown on Figure 4.10. The PV system is a 
single string of 12 modules, with 310 W nominal power each. 

 
Figure 4.11. Simulated I-V and PV curve of the PV system with different shading 

patterns (see Figure 4.10). The maximum power points are marked with “+”. 

4.7 Summary 

In this chapter, an overview of the functionality of Pyrano was presented. Pyrano is 
an open-source Python package made for simulating solar irradiance on external built 
surfaces with the 2 and the PCB 2 phase methods and to bridge the software-gap 
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between building energy, solar irradiance and PV power simulations. Most of the 
simulations and visualizations in this thesis were conducted using Pyrano. The chosen 
language for Pyrano was the general purpose programming language Python, because 
of the following reasons: 

‐ Some of the components of Pyrano (pyr.geometry, pyr.pointcloud, pyr.dc 
were already implemented in its predecessor, Daypym6 (Bognár and 
Loonen, 2018) using Python. 

‐ The chosen PV simulation tool, PVMismatch is also written in Python. 
‐ Python is a suitable “common ground” between software components 

written in other languages (EnergyPlus, Radiance) and the Python 
components. 

‐ Python is a programming language that is gaining popularity and currently 
(in the year 2021) is one of the most used programming languages. 
Therefore, it is expected that support for the language is secured for the 
foreseeable future. 

It is expected that Pyrano will be extended in the future with new features. See also 
the online documentation of Pyrano (https://gitlab.tue.nl/bp-tue/pyrano) for the 
current state of the project. 

 

  

 
6 Daypym is a Python wrapper and geometry preprocessor for DAYSIM (Reinhart and 
Walkenhorst, 2001) 
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5. A risk-aware PV modeling strategy 
for early-stage decision-support 
considering the shading effect of the 
urban environment 
 

 

 

5.1 Introduction 

Finding a good balance between consumption, generation and storage of on-site 
renewable energy is an increasingly important task of building designers. Moreover, 
this important task becomes unavoidable in the Netherlands once the new BENG 
(Nearly Net-Zero Energy Buildings) regulations come into force in 2021, setting a 
mandatory minimum (between 30 and 50%) share of renewables in the energy use of 
new buildings (Willem-Alexander Koning der Nederlanden, 2019). Designing 
efficient buildings requires predictions in the design phase regarding the energy 
demand of the building and its ability to generate on-site renewable energy. There is 
a continuous effort focused on developing more and more detailed BPS component 
models (Trčka and Hensen, 2010), which makes them a very valuable post-design 
evaluation, detailed design-optimization and research tool. On the other hand, the 
highest potential benefit of using BPS is in the earliest stages of the building design 
(Paulson, 1976; Picco and Marengo, 2011), when detailed models are often not 
applicable due to lack of input information, input uncertainty, vast design space, long 
modeling time, and rapid change of design (Østergård et al., 2016; Purup and 
Petersen, 2020). The role of early-phase BPS is to make go/no-go decisions, prioritize 
between different performance aspects and to provide ballpark figures. Tools like 
IDA ESBO, HoneyBee and Sefaira are developed to tackle such challenges. With a 
right methodology and modeling approach, state of the art BPS software, such as 
EnergyPlus, IDA ICE, IES, TRNSYS also can be used for early stage design support. 
These efforts already cover the demand side of the investigation. What is still missing, 
however, is a methodology and tools for assessing the performance of PV 
applications in an urban setting in the early stages of the design.  

The PV-specific challenges of giving early performance estimates arise mainly from 
the lack of input, because generally at this point, the PV system is not designed yet. 
These inputs include the shading from the surroundings, the electrical parameters and 
layout of the PV system. It was already investigated how shading from the 
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surroundings can be taken into account in Chapters 2, 3 and 4. However, there are 
additional factors to consider, when the detailed parameters of a PV system are not 
yet known. The performance losses of a PV system can show significant variation 
depending on the shape, location of the shading, the system layout and module 
characteristics. Thus, the shading losses are often not linearly proportional to the 
shaded fraction (Dallapiccola et al., 2018). This can cause uncertainties in early-phase 
PV performance predictions. The aim of this chapter is to provide a modeling strategy 
to aid early-stage decision support, regarding performance of PV systems operating 
in an urban setting where PV surfaces are often shaded. 

Early-stage PV system design support can benefit from fit-for-purpose modeling 
which is characterized by the lowest model complexity, while preserving its validity 
with respect to the aim of the specific simulation experiment (Gaetani et al., 2016). 
Fit-for-purpose modeling ensures a good balance between model complexity and 
available inputs, and that the result of the simulation answers a well formulated 
question, that supports building design decisions. In in other words, early stage design 
support with BPS should be  

- Practical: it is quick to execute, does not require multiple software and can 
be done with reasonable modeler effort.  

- Feasible: it does not rely on model input which is not available at the given 
design stage or very hard to acquire. 

- Informative: provides answers to a relevant design question which can be 
directly used by the building designers to improve the design. 

Several of the currently available building energy software tools have the capability 
to model PV yield, however, the power output of the PV models tend to be modeled 
in a lumped way in these tools (see Chapter 2.4.2), not considering that the 
components of the system affect each-other’s performance during operation. Most 
PV modules include built-in bypass diodes that prevent damage of shaded cells 
caused by hotspots. When a PV module is partially shaded, the shaded cells act as a 
resistance, and dissipate energy by heating up. To protect the cells from overheating, 
the bypass diodes activate and bypass the shaded cells (Silvestre et al., 2009). As a 
result, module-level mismatch losses occur in the PV system, and the irradiance 
incident on the shaded cells is not utilized, which leads to power output that is not 
linearly proportional to the mean incident irradiance on the PV system. Similar losses 
can occur on the system level, where the interconnected modules affect each other’s 
performance in case of a non-uniform irradiance distribution. Such system and 
module level electrical interconnections cannot be modeled in building performance 
simulation tools such as EnergyPlus. As a result, the effect of partial shading is taken 
into account in a simplified way. When simple models are used in a complex case of 
partial shading, significant overprediction of PV performance is likely to occur, 
possibly leading to wrong building design decisions or too optimistic return-on-
investment estimates (Bognár et al., 2019). On the other hand, in the early phase of 
the building design, the lack of model input does not allow for the use of detailed 
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models without making a lot of possibly wrong input parameter assumptions. 
Therefore, there is a need for a methodology to assess the risk of overprediction when 
making yearly PV yield estimates with simple BES PV models under partially shaded 
conditions. 

 
Figure 5.1. Schematic example of possible simulation outcomes for three 

different building design variants (variant 1, 2 and 3). On the left, the outcome 
of an EnergyPlus PV simulation is shown (marked with A), which provides only 
an upper bracket. On the right, simulated outcome with an upper and a lower 
bracket is shown (marked with B). The green cases are considered informative 
simulation studies as they provide an assertive input for an immediate design 

decision. 

Due to the above mentioned reasons the simulated PV yield with EnergyPlus (and 
other lumped modeling methods) can be considered as an upper bracket for the 
produced electricity (EnergyPlus Development Team, 2019b), which is a good 
starting point for early-stage design support, but not always sufficient to make 
informed decisions. As an example, we can consider the simulated annual PV yield 
of three design variants of a building with a given design requirement for annual PV 
yield  schematically shown in Figure 5.1. In the case when we use the EnergyPlus PV 
model (cases A1, A2 and A3), one out of the three design variant simulations lead to 
an immediate design decision: the PV yield must be increased in the case of Design 
variant 1A in order to fulfill the design requirement. The simulations for the other 
two variants (A2 and A3) are not decisive, as nothing is known about their uncertainty 
range. Contrary to this, the bracketed PV output cases are more informative: two out 
of the three simulations lead to an assertive design decision. In the case of Design 
variant 1B the PV yield needs to be increased while Design variant 3B certainly 
fulfills the design requirement. In the case of Design variant 2B the building energy 
modeler would need to gather more input and increase the model complexity to 
generate more certain simulation output, otherwise there is a high risk of giving a 
wrong design recommendation. 
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In the following sections we describe a proposed method to add a lower bracket to 
the PV yield estimations, we demonstrate it on case studies, point out, in which cases 
the method should work well and in which cases not. Moreover, with a data-driven 
approach we put the usability of the bracketing method in context and provide some 
background about the certainty of the predictions. 

 

5.2 Description of the risk-aware PV modeling strategy 

In this sub-chapter, the proposed method to bracket the predicted PV performance for 
early-stage building design is described. The modeling strategy was developed with 
the following scope and requirements in mind: 

- The modeling strategy should rely on input that is already used for 
calculating the “upper bracket” in EnergyPlus, that is: location; climate; 
geometry of the designed building and the PV surface on it; geometry and 
solar reflectivity of the surroundings; basic information about the PV 
system, such as, module and inverter efficiency, and cell cover factor. 

- The proposed method only deals with the uncertainty arising from the non-
uniform irradiance distribution on the surface of the PV array. It does not 
account for other uncertainties such as, decreased performance due to 
imperfect MPP tracking, soiling or high cell temperature. However, the 
effects of these other factors can be taken into account separately in addition 
to the presented method. 

- EnergyPlus has several different PV module models for simulating PV 
performance such as, the Simple, the Equivalent one-diode and the Sandia  
models (see Chapter 2.4.2). These models were developed to simulate the 
power output of individual, uniformly lit PV modules and EnergyPlus and 
most BPS software have no models to simulate system level 
interconnections. Therefore for our investigation it is not important, which 
PV module model we choose because the uncertainties we try to capture 
arise from the system-level interaction between the PV modules. 

- The proposed bracketing method is applicable for cumulative yearly or 
monthly PV yield estimations, rather than for timestep-level simulations. 
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Figure 5.2. a) tree and b) dormer window case study building and PV 

system geometry.
 

To demonstrate the method, we model a case study building with two different PV 
models. The first one is an EnergyPlus model of the PV system. This is considered 
as the upper bracket of the PV performance. Our aim is to add a lower bracket to the 
investigation by post-processing the EnergyPlus results. The second model is a 
detailed PV system model simulated with PVMismatch (PVMM) and Pyrano. The 
geometry and weather inputs are the same for both models. The purpose of the second 
model is to emulate reality, that is to simulate a possible outcome of the finished 
design project. Figure 5.2a shows the modeled building with the PV array on its 
South-facing roof and a tree as shading object. 

Many of the inputs, especially the stringing and bypass diode parameters (see Table 
5.1) in the PVMM model are impossible to estimate without a detailed PV system 
design and information about the exact PV modules used. However, these inputs have 
a large effect on the PV systems response to partial shading. The parameters used for 
the PVMM model in this comparison are defined as such, that the unshaded 
performance of the EnergyPlus and PVMM models match closely. 

Figure 5.3 shows the simulation results for PVMM and the EnergyPlus models on a 
cloudy and sunny day in March. From this we can observe that the simulated power 
output matches closely if the PV array is not shaded (sunlit fraction (slf) is close to 
1) or the sky is overcast (diffuse fraction (df) is close to 1). Note that when EnergyPlus 
calculates the sunlit fraction, it does not consider whether the sky is clear or overcast. 
Therefore, it is often the case that the slf is not zero even when the sky is overcast. Slf 
is an EnergyPlus output merely to report the amount of shade cast by other surfaces 
in the model and not the shading from clouds.   
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Table 5.1. Input parameters for the EnergyPlus and PVMM models
* Nominal power of the site is not an input that is directly used by the models. It 
is shown in the table for reference. 
** PV cell efficiency is not a direct model input but an extracted parameter from 
the PVMM model for reference. 
*** Inverter efficiency and cell temperature are kept at ideal values during the 
simulation as our investigation focuses on the losses due to partial shading not 
temperature and inverter efficiency.
Model input Building model 
Roof tilt (⁰) 45
Roof orientation (⁰) 180 (South)
Location Amsterdam, the Netherlands
Weather input NLD_Amsterdam.062400_IWEC.epw 
Shading object 13.5 m tall tree with a crown diameter of 

6.5 m and a 5 m distance from the 
building’s south wall

 PV system model 
EnergyPlus PVMM 

PV system nominal power (kW) 3.7* 3.7*
PV array area (m2) 19.58 -
Fraction of array area with active PV 
cells (-) 

0.9064 - 

PV cell efficiency (-) 0.2088 0.2089**
Inverter efficiency  (-) 1*** 1***
PV cell temperature (⁰C) 25*** 25***
No. of cells in a PV module (-) - 60
No. of cell substrings in a PV module 
(in parallel with a bypass diode) (-)

- 3 

Bypass diode trigger voltage (V) - -0.5
PV cell area (m2) - 0.024649
Reference cell short circuit current 
(A) 

- 9.68 

Cell series resistance (Ω) - 0.004267
Cell shunt resistance (Ω) - 10.01226
Band gap of c-Si cells (eV) - 1.1
No. of PV strings (-) - 2
No. of PV modules in a string (-) - 6
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Figure 5.3. Time series plot of the simulated PV power with EnergyPlus and 
PVMM, and the sunlit fraction (slf) - calculated by EnergyPlus, and diffuse 

fraction (df) - calculated from the weather input. The results are shown for a 
cloudy and a clear day in March. Timestamp is in month-day hour format. 

A similar trend can be observed in Figure 5.4 where the ratio of the simulated PV 
power of the EnergyPlus and PVMM models is shown as a function of df and slf 
marked with colors. Based on these results, it can be concluded that the EnergyPlus 
model rarely predicts lower power output than the PVMM model and that the 
EnergyPlus model significantly overpredicts when the PV array is partially shaded.  
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Figure 5.4. Yearly scatter plot of the error of the EnergyPlus model compared to 

the PVMM model as a function of diffuse fraction (df) with the sunlit fraction 
(slf) marked with colors, in hourly resolution. 

Apart from partial shading, which is in the focus of our investigation, the following 
other factors can contribute to the difference between the EnergyPlus and PVMM 
simulation results: (i) difference between the simulated irradiance of the EnergyPlus 
and PVMM model. While the weather input is the same, the EnergyPlus model uses 
the built-in irradiance calculations of EnergyPlus, which provides plane of array 
mean diffuse and direct components and the value of the sunlit fraction for the surface 
of the PV array. In case of the PVMM model, Pyrano was used to calculate the 
irradiance for every cell of the PV system. Therefore, there might be slight differences 
in the simulated overall irradiance input for the two models, which would show up in 
the calculated PV power results as well: the yearly cumulative solar irradiance was 
986.9 kWh/m2 for the PVMM model and 985.4 kWh/m2 for the EnergyPlus 
simulation, which is a less than 0.2% difference. (ii) An other source of non-shading 
related difference between the two models is the non-linear low-light behavior of PV 
modules. This effect is captured in the PVMM model but not in the EnergyPlus model 
which has a power output linearly proportional to the plane of array irradiance. Figure 
5.5 shows the power output of the EnergyPlus and PVMM models as a function of 
(uniform) irradiance ranging from 0 to 1000 W/m2. The nonlinearity of the PVMM 
model, which is the behavior closer to reality, can be observed for irradiances lower 
than 400 W/m2. While the relative difference between the EnergyPlus and the PVMM 
model predictions on a timestep basis becomes significant under low light conditions, 
the overall contribution of these moments to the yearly or monthly yield due to the 
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low irradiance is small (see Figure 5.6), therefore on a yearly or monthly level, the 
EnergyPlus model can be accepted as an absolute upper limit for the predicted PV 
power (in terms of considering the effect of partial shading). 

 

 
Figure 5.5. Comparison of the power output of a linear PV model (equivalent to 

EnergyPlus) and the PVMM model as a function of uniform plane of array 
irradiance. 

To provide an reliable lower limit, one can apply the methodology shown in Figure 
5.7. The methodology helps identifying the lower PV power limit by rendering the 
results of the EnergyPlus model invalid, if the PV system is partially shaded. In every 
timestep, the validity of the EnergyPlus model is evaluated, and if not valid, the 
calculated PV power is replaced with 0 W, the lowest possible output for the given 
timestep. To apply the method, based on the above observations, one can define two 
thresholds for slf and for df. In the current investigation, the slf threshold is set to 0.99 
and the df to 0.9, which means that the PV system is regarded partially shaded, if 
more than 1% of its surface area is shaded and the direct component of the plane of 
array irradiance on the PV system is more than 10%. 
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Figure 5.6. Yearly scatter plot of the error of the EnergyPlus model compared to 

the PVMM model as a function of diffuse fraction (df). The black datapoints 
represent the cases when the EnergyPlus model is valid. On the right the 

histogram shows the distribution of the EnergyPlus/PVMM value, when the 
EnergyPlus model is valid. The histogram is weighted with the simulated power 
of the PVMM model, thus showing the yield content of the EnergyPlus/PVMM 

bins. 
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Figure 5.7. Flowchart of the method to determine the lower PV yield bracket. 

5.3 Case study comparison 

This sub-chapter demonstrates the use of the risk-aware modeling strategy on two 
model geometries, a tree shading (“T”) and a dormer window (“D”) shading case 
shown earlier in Figure 5.2a and b. The geometry and PV system characteristics of 
the T-case was already described in Section 5.2. The physical arrangement of the PV 
modules for the D-case is different and there are different shading obstructions (the 
dormer windows) compared to the T-case, but the rest of the model parameters such 
as the ones shown in Table 5.1 are the same. 

It can be anticipated that a model geometry which often casts a small shadow on the 
PV surface (slf is often in the 0.8-0.99 range) will result in a small lower bracket. The 
T case study with the dormer windows was added to the investigation with the 
intention of demonstrating the limits of the applicability of the proposed modeling 
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strategy and to see if even in such an extreme case when the dormer windows very 
often cast a small shadow on the PV surface the lower bracket calculation gives a 
usable result. 

5.3.1 Annual comparison 

Figure 5.8 shows the result of the yearly PV yield bracketing for the two cases. The 
graph shows the result of the high-detail PVMM yearly PV yield simulation with the 
gray bars, the upper (standard EnergyPlus PV output) and lower (postprocessed with 
the proposed bracketing method). The whiskers indicate the lower and upper bracket, 
and for reference, the EnergyPlus simulation result without the shading obstructions 
is indicated with a horizontal line. From the graph it can be determined that neglecting 
the shading in the model would cause 23% modeling error for the T-case and 28% 
for the D-case. Considering the shading using the EnergyPlus model would lead to 
10% overprediction in the T-case and 23% in the D-case. 

 
Figure 5.8. Yearly bracketing of PV yield for the tree (T) and dormer window 

(D) cases. EP_ns: shade free EnergyPlus PV simulation, EP_ub and EP_lb: the 
upper and lower brackets for PV yield, and PVMM is the yearly PV yield 

simulated with PVMismatch. 

This result shows well that based on solely the mean POA irradiance, it is often 
impossible to make accurate predictions. Despite the D-case having higher overall 
yearly insolation (see Figure 5.9) the yearly PV yield calculated with the detailed 
model is lower than for the T-case. This is due to PV system level mismatch effects 
and non-linear losses caused by partial shading, leading to a two-folds difference in 
modeling error between the T and D-cases when using the EnergyPlus model. 
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Moreover, from the fact that the result of the PVMM simulation is in between the 
predicted upper and lower limits, it can anticipated that on a yearly level, the proposed 
modeling strategy can provide a reliable lower and upper estimate. However, this 
anticipation needs further backing, which is provided in the following section. 

 
Figure 5.9. Ordered irradiance curves of the T-case (irrad_tr), D-case 

(irrad_dw) and shade free case (irrad_ns). 

 
Based on the results shown on Figure 5.8, it can be concluded that for the T-case, the 
bracketing method can provide an error margin of +10 and -15% to consider 
uncertainties due to the nonlinear effect of partial shading, which seems to be a usable 
range in practical applications of building performance simulation. It is arguable, 
however, that the +23 and –35% error margin in the D-case is useful in practice to 
support design decisions, but here we have to add that the D-case was specifically 
made to test the applicability range of the proposed modeling strategy. Moreover, 
providing the lower bracket does not require additional model input compared to the 
EnergyPlus model, while the PVMM simulation can only be done if detailed input 
such as the one provided in Table 5.1 is available, making it inapplicable in the early 
stages of the building design. 

5.3.2 Monthly comparison 

Provided that for the yearly yield estimations the risk-aware modeling strategy can 
be applied, it can be tested on monthly estimates as well, to see, if it provides reliable 
insight about the modeling uncertainties due to partial shading on a shorter time 
interval. To test this assumption, the D- and T-cases are used as before, but with an 
addition of a 4x5 set of randomized simulation cases to the investigation, in order to 
provide more certainty about the bracketing method being reliable on a monthly level 
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as well. The randomized cases are calculated with artificial shade patterns generated 
with K-mean clustering as follows. At every timestep, based on the shaded fraction 
and the plane of array irradiance of the shaded and unshaded cells 5 randomized 
variations are generated for 4 types of shade patterns: “Corner”, “Side”, “Top”, and 
“Random” (see Figure 5.10). Each variation has the same overall mean irradiance 
over the surface of the PV system and the same shaded fraction. The only difference 
is the shape and location of the shaded area on the system. The “Corner”, “Side” and 
“Top” types of shading are generated to represent different scenarios about where 
shading can occur on the system, e.g. at the side of the system or diagonally, starting 
from a corner. The “Random” case was generated to simulate a rather unrealistic 
scenario, when the shaded cells are randomly scattered over the surface of the PV 
system. It is expected that the “Random” case causes the most mismatch losses from 
the four types, thus can be used to test the robustness of the determination of the lower 
bracket. 

 
Figure 5.10. Randomized shade patterns on the surface of the PV system. 

Figure 5.11 and Figure 5.12 show the monthly simulated yield with PVMismatch 
(gray bars) the estimated minimum maximum monthly yields with the proposed 
modeling strategy (whisker plot), the randomized shade cases (colored crosses) and 
the shade-free simulation for reference for the T- and D-case studies. It can be 
observed that for all months, the simulated variations of the shading patters fall 
between the estimated minimum-maximum limits. This implies that the proposed 
modeling strategy is robust and can provide a reliable minimum-maximum estimate 
about the PV yield on a monthly level based on limited input information that is 
generally available in the early stages of the building design. Furthermore, it can also 



89 
 

be observed that, as expected, the “Random” type of shading causes the most 
mismatch losses as this is the type of shading that activates the most bypass-diodes, 
causing the switching off of the most cell substrings.  

The observations regarding the comparison of the T and D case studies are similar to 
the ones made with the yearly investigation. The minimum-maximum brackets for 
the D-case are wider than in the T-case because the dormer windows more often cast 
a shadow on the PV surface than the tree. It can also be observed that the relative size 
of the brackets is smaller in winter months. This is due to the fact that in the winter 
months the sky at the location of the case study (Amsterdam, the Netherlands) is often 
overcast, thus hard shadows rarely occur, because the main source of the POA 
irradiance is the diffuse sky and not the sun. 

 
Figure 5.11. Monthly simulated DC yield of the T-case indicated with bars. The 

minimum-maximum estimates are indicated with whiskers, the yield of the 
randomized cases is indicated with colored crosses, and the shade-free 
EnergyPlus results are indicated with a horizontal line, for reference. 
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Figure 5.12. Monthly simulated DC yield of the D-case indicated with bars. The 
minimum-maximum estimates are indicated with whiskers, the yield of the 

randomized cases is indicated with colored crosses, and the shade-free 
EnergyPlus results are indicated with a horizontal line, for reference. 

 

5.4 Summary 

This chapter described a risk-aware PV modeling strategy that is aimed at the early 
stages of the building design, when there is little available input about the electrical 
layout of the to be designed PV system. In order to take into account the uncertainties 
in the predicted performance caused by the lack of input and shading, a bracketing 
method is proposed to delimit these uncertainties. The method is implemented for 
and demonstrated with EnergyPlus, but the methodology is applicable for other BPS 
software provided that it can produce timestep-level shaded fraction output of the 
designed PV array. Furthermore, as it will be demonstrated in Chapter 7, the shaded 
fraction calculation can also be executed using the PCB 2 phase method. 

The modeling strategy was demonstrated on two case studies where the PV system is 
shaded by a tree and dormer windows on the roof. It was shown that both for yearly 
and monthly yield estimations, the proposed method could successfully delimit the 
uncertainties caused by shading. The proposed modeling strategy on a yearly level 
can provide valuable input for early stage go/no-go decisions about PV design and 
about meeting on-site energy generation criteria when the building is situated in an 
urban environment. The monthly risk-aware minimum-maximum estimates can be 
used for deciding about battery storage and on-site energy matching investigations. 
Moreover, the method can be used to preliminarily evaluate the option of installing 
module-level power electronics such as microinverters or power optimizers. When 
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the modeling strategy shows a large gap between the minimum and maximum 
estimate, it indicates that the system design could benefit from the application of 
distributed maximum power point tracking. It is expected that system designs with 
microinverters or power optimizers would end up yielding close to the upper bracket, 
while the more cost-effective, but less shade tolerant string inverter options would 
yield close to the middle of the minimum-maximum bracket. For example, the 
previously discussed dormer window case study certainly would benefit from the 
application of power optimizers and microinverters, as the difference between the 
minimum and maximum estimates is large due to frequent small-area shading, 
especially in the most energy-dense summer months. On the other hand, the tree case 
study would benefit little from the application of module level power point tracking 
as the difference between the minimum and maximum estimate is less significant. 

Regarding the limitations of the proposed modeling strategy it should be mentioned 
that it is mostly applicable in cases, when the PV modules are mounted on the 
surfaces of buildings (e.g. roof-mounted BAPV or BIPV applications) and not placed 
on racks on a flat roofs. This is due to the fact that in an early massing model of the 
building the tilt and orientation of the modules can be determined from the tilt and 
orientation of the surfaces where the PV will be applied to (e.g. roof or façade). In 
the case of PV racks on a flat roof, the additional freedom in choosing different tilt, 
orientation and row-spacing of the PV modules would make the uncertainties of the 
early yield estimates considerably larger. As an other limitation it can be mentioned 
that the current implementation of the modeling strategy employs a rather 
conservative approach to calculate the lower bracket, by assuming no PV generation 
in case of significant partial shading on the PV surface. Thus, as a future 
improvement, the lower bracket could be increased by employing a different, more 
realistic assumption about the shaded performance of the PV system. For example 
the shaded performance could be based on the irradiance level of the shaded part of 
the PV system or a data-driven approach could be developed based on the results 
generated with the “Random” shade variation, which was investigated as a 
conservative case, but still yielding more than the current lower bracket. 
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6. Data-driven shade detection for 
performance monitoring of PV systems 
situated in the built environment 
 

 

 

6.1 Introduction 

Note: The content of this chapter is inspired by the paper published in Solar Energy 
under the title An unsupervised method for identifying local PV shading based on AC 
power and regional irradiance data (Bognár et al., 2018). 

In the previous chapter we investigated a modeling strategy for early-stage design of 
buildings with PV (see Chapter 5). It can be regarded as prospective approach, as it 
uses measured inputs (weather and geometry of the surroundings) to make risk-aware 
PV performance predictions. In this chapter we present a retrospective method that 
can be used to evaluate the performance of in-operation, monitored PV sites. Thus 
the situation is the reverse compared to the prospective approach: the PV power is 
known from monitoring, but we need to evaluate, whether the PV performance is 
adequate. 

Cloud-based monitoring services are routinely used to record the power output of 
distributed PV systems (Solórzano and Egido, 2013). In addition to providing 
feedback to the owners of these systems, there is a substantial potential to exploit 
such recorded power measurements, both in research and for quality assurance of 
commercially installed systems. The value of this data can be increased by creating a 
computational representation of the same PV site, allowing for side-by-side 
comparisons between the measured and expected performance of the system. 
However, because plane-of-array solar irradiance measurements at small or medium-
sized PV plants are seldom performed (Nespoli and Medici, 2017), it is difficult to 
correlate PV output with actual site-specific irradiance conditions due to shading 
caused by the urban surroundings, which diminishes the value of these datasets. 

PV monitoring systems usually record output in terms of the installation’s AC power. 
This means that the influence of power systems such as inverters and converters needs 
to be taken into account in subsequent analyses. Lack of information about the 
characteristics of these power systems can be a significant source of uncertainty in 
PV performance analyses. An additional challenge is that, depending on the 
architecture of the power systems of a PV installation, the reduction in output due to 
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(partial) shading is not linearly related to the shaded fraction. Uncertainty in the 
knowledge of the shading conditions of a specific PV site can therefore cause 
disproportionally large prediction errors especially if the power system of the PV site 
is unknown, or not modeled explicitly. To determine if a PV system is operating as 
expected, it is therefore of high importance to have an accurate estimate of when and 
to what extent a site is shaded. This need for detecting locally shaded periods of PV 
installations has been recognized in three different areas: 

Researchers commonly face the task of analyzing the performance of a large number 
of PV sites (Killinger et al., 2017b, 2017a; Saint-Drenan et al., 2015) to gain insight 
into the performance of the systems in real life conditions. This requires irradiance 
data for the investigated period which can come from either satellite measurements, 
or nearby meteorological stations. In either case, the measured irradiance is 
unobstructed, therefore the effect of local shading is not separable from other factors 
during the performance assessment of the system. 

Real-time fault detection has the potential to increase the reliability of PV systems by 
reducing losses due to downtime or other defects (Mallor et al., 2017). To correctly 
diagnose malfunctioning PV systems while avoiding false maintenance alerts, 
reliable detection of site-specific shading conditions is a necessity (Ghasempourabadi 
et al., 2016; Tsafarakis et al., 2018). 

In cases when demand-side energy management is available or on-site battery storage 
is utilized, accurate forecasts of PV electricity production and consumption are 
essential for devising strategies that can reduce curtailment losses (Almeida et al., 
2015; Litjens et al., 2018). If the PV site is located in an urban setting, predicting 
electric output requires information about the recurring shading caused by the 
environment, which can be tied to time or solar position.  

A promising method to identify local shading is using the LiDAR point cloud 
representation of the surroundings. One option is to create a 3D model of the 
environment of the PV site for calculating the shadows cast on active surfaces 
(Jakubiec and Reinhart, 2012; Lingfors et al., 2018). An other option is, as discussed 
in Chapter 3, to use the LiDAR point cloud directly to calculate the solar irradiance 
with the PCB 2 phase method. A main advantage of the LiDAR approach is that it 
does not require measured power data, which makes it applicable to analyze the 
shading conditions of not-yet built PV sites, as well as existing ones. However, 
despite the rapid increase in openly available LiDAR datasets in many countries, up-
to-date high resolution LiDAR data may not always be available, and even though 
they may have a large impact on PV performance, short or thin roof-mounted shading 
obstructions (e.g. chimneys or poles) can be difficult to detect (Gooding et al., 2015). 
Therefore for the method presented in this chapter we are not using the LiDAR point 
clouds as shading input. Instead, we rely only on measured PV power and solar 
irradiance data for detecting shading. 
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In recent work, the potential of using calibrated data-driven models for shading 
analysis of residential PV systems was successfully demonstrated (Killinger et al., 
2017b, 2017a; Lingfors et al., 2018). Considering the growing importance of 
continuous performance analysis of PV systems in complex urban environments, 
there is a need for continued development of methodologies that can support this task 
in a scalable way. In this context, it is of particular relevance to explore and develop 
unsupervised approaches that require a minimum amount of manual intervention. 
Moreover, to be able to analyze PV shading in a predictive way, it is worthwhile to 
explore the possibility of describing shading obstructions as a function of sun position 
instead time. 

The method presented in this chapter aims to identify and predict local shading by 
comparing the measured performance of PV sites to the simulated performance of 
their computational counterpart and generalizing the results of the comparison with 
machine learning. This simulation-assisted approach allows for better utilization of 
the collected data for monitored PV systems, aiding fault-detection and the 
preparation of power generation forecasts. The approach is scalable, since it only 
requires commonly available information of PV sites with no further need for human 
intervention. 

6.2 Overview of the data-driven shade detection method 

A step-wise procedure is proposed (see Figure 6.1), as demonstrated in detail in 
Chapter 6.6.1, consisting of: 

1) Gray-box PV system model fitting. To calculate the AC power output from the 
measured weather data, a gray-box model of the PV site is generated, described in 
Chapter 6.4. The model is fitted to a subset of the measured AC power data. The 
fitting dataset is sampled from the available data with the intention of fitting the 
model under undisturbed, high performing operating conditions only. This is 
described in Chapter 6.3.1. The fitting results in a gray-box model of the PV system 
that is accurate under unshaded operating conditions, but does not cope with direct 
shading. 

2) Training the SVM shading model. For this step, a different subset of data is chosen 
first, with the intention of including only data points when the sky is clear. These are 
the moments when direct shading might occur. The selection of the data for training 
the SVM is described in Chapter 6.3.2. The gray-box model generated in the previous 
step is used to evaluate whether a given point represented by the solar azimuth and 
zenith is shaded or not, by comparing the output of the gray-box model to the 
measured AC power. This provides the labeling of the training data for the SVM 
shading model. A description of using SVMs for classification is provided in 
Appendix B:Appendix A:. 

3) Predicting local shading with the trained SVM shading model. The only input 
necessary in this step is the measured or calculated solar azimuth and zenith. The 
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previously trained SVM shading model is used to classify a given moment based on 
these two features.  

Chapter 6.6 demonstrates the application of the method in a case study and Chapter 
6.6.2 provides an empirical validation study that compares shaded periods as 
identified by the model with on-site shading measurements. 

 

 
Figure 6.1. Simplified flowchart of the three steps of the shade detection method. 
The output of step 1 is a fitted gray box PV system model that is used to train the 
SVM in step 2. The output of step 2 is a trained SVM shading model that is used 
to predict local shading in step 3. This flowchart is unfolded in more detail in 

Figure 6.5. 

 

6.3 Pre-processing measured input data 

The proposed method for identifying locally shaded periods requires three different 
types of measured data: AC power, weather data, and basic information about the 
site. Measured AC power can be collected with a monitoring service. The necessary 
weather input consists of solar irradiance (GHI, DNI, DHI), ambient temperature and 
wind speed measurements, which is gathered from a nearby meteorological station 
or satellite observations. The site specific metadata data required is the tilt, orientation 
and nominal power of the PV site, which are commonly measured by the installers. 
Step 1 and 2 of the method uses different subsets of the data from the same training 
period and step 3 uses solar position input from the prediction period. The prediction 
period is always after the training period. In the following subchapters it is described 
how the subsets of data points are selected in the training period for step 1 and 2. 

6.3.1 Selecting dataset for gray-box PV model fitting 

The aim of the data selection for step 1 is to provide a subset of data for the gray-box 
PV model fitting, when the PV system is operating under undisturbed, well defined 
conditions within the range of applicability of the model. This means, that the 
Performance Ratio (𝑃𝑅) is high and the sky is unambiguously clear or overcast. 
Furthermore, a requirement is included for only using time-periods with a power 
output in the range in which inverter losses can be approximated linearly.  

𝑃𝑅 is a commonly used metric to evaluate the performance of a PV site (Dierauf et 
al., 2013), and can be expressed as follows: 

1. FIT GREY‐BOX PV MODEL 2. TRAIN SVM SHADE MODEL 3. PREDICT LOCAL SHADING

Filter for 
clear sky

Filter for 
undisturbed 
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𝑃𝑅

𝑃 _
𝑃

𝐺
𝐺

𝑃 _

𝑃
𝐺 ∗ 𝐺

𝑃 _

𝜂 ∗ 𝐺
 .  (6.1) 

where 𝑃 _  is the measured AC power, 𝑃  is the rated power, 𝐺  is the measured 
POA solar irradiance, 𝐺  is 1000 𝑊/𝑚  and 𝜂  is the rated efficiency of the PV 
modules. Since the 𝑃𝑅 is normalized with the plane-of-array irradiance, it 
compensates for the effect of different irradiance conditions (Marion et al., 2005). 
However, we have to keep in mind that plane-of-array irradiance can decrease due to 
meteorological causes or due to local shading, and 𝑃𝑅 only corrects for the weather-
induced changes in irradiance conditions. The effect of local shading, temperature 
and reflection losses are visible in the value of 𝑃𝑅. Therefore, 𝑃𝑅 is used as a rough 
filter for normal operation of the PV system to select the fitting data for the gray-box 
model. Thresholds of 0.75 𝑃𝑅 1.05 were chosen for filtering normal PV system 
operation. These thresholds were selected after a trial and error investigation that 
aimed at finding a balance between number of accepted data points for model fitting 
and validity of the gray-box model. 

The irradiation measurement and the PV site in question can be located several 
kilometers from each other.  Plainly clear and overcast periods are therefore used for 
the model fitting, because it reduces the noise in the fitting data due to fast moving 
clouds solely casting shadows on either the PV site or the irradiance sensor. Selecting 
the clear sky sample is done using the method developed by Reno and Hansen (2016), 
which is implemented in the pvlib Python library of Sandia National Laboratories 
(Andrews et al., 2014). The iterative algorithm uses the following tunable criteria to 
classify a time period as clear: mean and maximum value of GHI, line length of 
irradiance time-series curve (calculated with irradiance in W/m2 and time in minutes), 
standard deviation in rate of change of GHI, and maximum difference between 
changes in measured and modeled clear sky time-series. For the shade detection 
method described here, the used values are shown in Table 6.1. Figure 6.2 shows an 
example of measured GHI of three consecutive days, with the clear periods marked. 
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Table 6.1. Parameters used in this investigation for the pvlib.clearsky 
detect_clearsky function. See the parameter descriptions in the (“PVLIB-Python 
API reference,” 2018) and (Reno and Hansen, 2016). 

window_length (min) 10 

mean_diff (W/m2) 75 

max_diff (W/m2) 75 

lower_line_length (-) -20 

upper_line_length (-) 50 

var_diff (W/m2) 0.01 

slope_dev ((W/m2)/min) 10 

max_iterations (-) 20 
 

 
Figure 6.2. Measured GHI and detected clear sky 
periods in Eindhoven. 

Selecting the plainly overcast periods is done by using the 𝐺 _ /𝐺 0.99 
criteria. In case of the overcast sky sample, local shading does not occur due to the 
absence of direct light, making it safe to use for fitting the gray-box model. On the 
other hand, overcast periods often result in low power output, therefore the 
𝑃 _ 𝑃 ∗ 0.1 filtering is applied because the gray-box model is not valid for 
very low power outputs, due to the nonlinearity of inverter efficiencies typically 
under 10% of their nominal power (King et al., 2004). If the efficiency curve of the 
inverter that is used at the site in question is known, then the constraint for low power 
can be omitted. Figure 6.3 shows the clear and overcast sky samples selected with the 
criteria described above. 
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Figure 6.3. Clear and overcast sky sample for model 

fitting. 

 

6.3.2 Selecting dataset for SVM shade model training 

The motivation for filtering the input in step 2 is to provide a subset of data for 
training the SVM shade model about when local shading can occur. Clear sky periods 
are selected in the same way as it is described in Section 2.1, with two key differences: 
Firstly, in this case there is no filtering for 𝑃𝑅, since we would like to include the 
shade-affected clear sky moments as well in the training dataset for the shade model. 
Secondly, 𝑃 _  is used instead of 𝑃 _  to exclude the periods when the model 
is not valid due to the nonlinear efficiency of the inverter in the low power operating 
range. 

 

6.4 Description of the applied gray-box PV system model 

The direct shading-free gray-box model for the generated power can be expressed as: 

𝑃 _  𝑃 ∗
𝐺 _ ∗ 𝜀 _ 𝐺 _ ∗ 𝜀 _ ∗ 𝜀 _

𝐺
∗ 𝜀 ∗ 𝜀  ,  (6.2) 

where  𝑃  is the rated power, known from the site metadata and 𝐺 1000 𝑊/𝑚  is 
the irradiance at STC. 𝐺 _  and 𝐺 _  are the direct and diffuse components 
of the plane of array solar irradiance. The diffuse component is the sum of the sky-
diffuse and ground-reflected irradiance transposed from the 𝐺𝐻𝐼, 𝐷𝐻𝐼, 𝐷𝑁𝐼 input, 
where the plane of array sky diffuse component is calculated with the Perez model 
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(Perez et al., 1990) and the ground diffuse component is calculated using the model 
in Ineichen et al. (1987) with an albedo value of 0.22. 𝜀 _  and 𝜀 _  are the 
incidence angle modifiers for the direct and diffuse components, calculated with the 
model described in De Soto et al. (2006): 

𝜀
𝜏 𝜃
𝜏 0

, (6.3) 

where  

𝜏 𝜃 𝑒
∗

∗ 1
1
2

∗
𝑠𝑖𝑛 𝜃 𝜃
𝑠𝑖𝑛 𝜃 𝜃

𝑡𝑎𝑛 𝜃 𝜃
𝑡𝑎𝑛 𝜃 𝜃

. (6.4) 

𝐾 4 𝑚  is the glazing extinction coefficient, 𝐿 0.002 𝑚 is the glazing 
thickness. 𝜃 𝑠𝑖𝑛 1/𝑛 ∗ sin 𝜃 , where 𝑛 1.526 is the effective index of 
refraction. The constants used above are acceptable for most PV installations 
according to De Soto et al. (2006). 𝜃 is the angle of incidence, which is calculated 
from the solar position and site metadata in every timestep, to calculate 𝜀 _ .  𝜃 
for calculating 𝜀 _  is the effective angle of incidence for diffuse irradiance, 
obtainable from the corresponding figure in Brandemuehl and Beckman, 1980. 𝜀  is 
the loss factor for temperature, calculated as: 

𝜀 1
γ

100
∗ 𝑇 _ 𝐺 ∗ 𝑒 ∗ 𝑇

𝐺
1000

∗ 𝑑𝑇 ,  (6.5) 

based on the Sandia module temperature model (King et al., 2004). 𝜀 _  and 𝜀  
are the unknown diffuse shading and combined linear loss factors, respectively. 
𝜀 _  accounts for the losses due to the obstructed diffuse sky hemisphere, 
affecting 𝐺 _ , and 𝜀  accounts for losses such as: inverter efficiency, 
degradation, soiling, spectral effects, which affect the performance of the PV system 
globally. Both of these loss factors are modeled as calibrated constant multipliers. 
We obtain their values by fitting the model to the measured AC power data. 

For the execution of the gray-box model fitting, the clear and overcast samples of 
measured AC power are used (see Chapter 6.3.1), with the Sequential Least Squares 
Programming method of the scipy.optimize.minimize function in Python. The 
objective function to be minimized is the sum of the Root-Mean-Square Error 
(RMSE) of 𝑃  calculated for the clear and the overcast sample. The calibrated 
constants are 𝜀 _  and 𝜀 , with the bounds of [0; 1]. 
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6.5 SVM shading model 

The output of step 1 is a fitted gray-box PV system model, that is used to generate 
labeled training data for the SVM shade model in the second step. The Performance 
Index (𝑃𝐼) is used to facilitate this analysis. 𝑃𝐼 is defined as the ratio of measured and 
simulated AC power of the site (Townsend and Whitaker, 1994). One can think of 
the 𝑃𝐼 as a variant of 𝑃𝑅, calculated with a more detailed model of the power output:  

𝑃𝐼 _

_
.  (6.6) 

The gray-box model does not include direct shading, therefore it can predict only the 
shade-free performance of the PV site correctly. The simulated power of the shade-
free gray-box model under clear sky conditions is compared against the measured 
power of the PV site on the basis of 𝑃𝐼. Periods with low 𝑃𝐼 indicate invalidity of the 
gray-box model, which is interpreted as detection of a local shading event. 

By calculating the 𝑃𝐼 and comparing it to a threshold, clear sky moments can 
retrospectively be labeled as locally shaded or unshaded. However, if we want to 
predict the occurrence of local shading, it should be identified at all possible sun 
positions on the sky hemisphere, regardless of the unpredictable clearness of the sky 
at any given future moment. This is a classification problem and we use SVMs 
(Cortes and Vapnik, 1995)  to tackle it (see Appendix B: for the theoretical 
background of SVMs). Using clear sky training data we can train an SVM model to 
recognize if the site is shaded based on the sun position. Note that this is a similar 
idea to what we already have done in Chapter 3.4.2 where we generalized the 
projected LiDAR point clouds to calculate cover ratio of the sky segments. In that 
case, the training points to represent obstructed areas of the sky were the projected 
LiDAR points, and the training points to represent the unobstructed sky were a set of 
points generated over a uniform grid on the sky hemisphere. Then the trained SVM 
model was used to generalize the distribution of points in each sky segment to the 
cover ratio. In the case presented in this chapter, the training points representing the 
shaded areas are solar positions with low 𝑃𝐼, and the training points representing the 
unobstructed sky are the solar positions with high 𝑃𝐼 calculated during the training 
period. In both cases what we end up with, is a prediction about where (at which 
elevations and azimuths) the sky is obstructed. 

After training the SVM, new solar positions can be classified to two classes (shaded 
and not shaded), based on their features (azimuth and elevation). While it cannot be 
stated with absolute certainty, that a low 𝑃𝐼 training observation is a result of direct 
shading (e.g. temporary difference in irradiance conditions, due to fast moving clouds 
at the location of the irradiance measurement and the PV site can cause low or high 
𝑃𝐼), due to the soft-margin nature of the used SVM classification method, the 
prediction is not sensitive to individual, erroneously introduced training points. It is 
expected, that faulty training points occur in a randomly scattered way on the sun 
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chart, therefore with correctly tuned parameters, they do not influence the shade 
prediction. Only multiple occurrences of low 𝑃𝐼 training points with close proximity 
to each other on the sun chart cause the SVM to classify a given sky-area as shaded. 

 

6.6 Case study and validation with on-site shade 
measurements 

The selected site for the case study is located in Eindhoven, the Netherlands. The 
details of the site is shown in Table 6.2. An aerial image and a wide-angle photograph 
are shown in Figure 6.4a and b. The AC power data was collected with the SolarEdge 
monitoring API, with the maximum available time resolution of 15 minutes. 
Systematic error in the reported values can be up to ±3% (SolarEdge, 2018). 
Temperature and wind measurements were obtained from the database of the 
Koninklijk Nederlands Meteorologisch Instituut (KNMI, 2018) for Eindhoven in 
hourly resolution. The irradiance data was obtained in 15 min resolution from the 
SolarBEAT measurement station (Valckenborg et al., 2015) located at the campus of 
Eindhoven University of Technology. For investigations far from a location with 
detailed solar irradiance measurements, the MSG-CPP service of 
EUMETSAT/KNMI can be used, which uses empirically adjusted physical models 
to calculate the GHI and DHI in 15 minutes temporal resolution from the optical 
properties of the atmosphere (Deneke et al., 2008; Greuell et al., 2013).  

Table 6.2. Model inputs for early stage PV design support 

Nominal power [W] 2600 

Orientation [◦] 241 

Tilt [◦] 32 

Distance to irradiance measurement location [km] 1.3 

Number of modules [-] 10 

Installation date [day-month-year] 09-07-2014 

Module type JAM-60 260 

Power optimizer type SE P300 

String inverter type SE 3000 
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Figure 6.4. a) Aerial image of the PV system, marked with red, and its 

surroundings. b) A wide-angle photograph of the surroundings. The view point 
and angle of the photograph are shown in orange in a). 

 

6.6.1 Case study description 

The detailed flowchart of the proposed method is shown on Figure 6.5, and the step-
by-step application on the case study is demonstrated below. 
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Figure 6.5. Detailed flowchart of the three steps of the shade detection method 
(also presented in Figure 6.1, in simplified form). 

 
1) The first step is fitting the gray-box model to the measured training period data. 
The objective of this step is to learn about the system characteristics of the PV site in 
question. For the training period, collecting the measured input (site specifications, 
solar irradiance and AC power) and preparing the calculated inputs (solar position), 
the minimal required time interval is 6 months, in case the measurement starts at the 
winter or summer solstice. The background of this requirement is that the sun should 
pass through all possible solar positions during the measurement period. The 
necessary length of the data collection period can be up to 1 year, in case the data 
recording starts at one of the solar equinoxes. The recommended time resolution for 
the irradiance and AC power measurements is 15 minutes. For the model fitting, the 
clear sky and overcast sky samples (see Chapter 6.3.1) are used to fit the gray-box 
model described in Chapter 6.4, resulting in 𝜀 _ 1 and 𝜀 _ 0.93 values 
for the fitted parameters. This means that according to the fitted model, the diffuse 
light that is blocked by obstructions is negligible and the overall power loss due to 
spectral effects, soiling, degradation, power system efficiency and other 
miscellaneous causes is 7%. 

2) The second step is to train the SVM shading model. The objective of this step is to 
learn about the local shading environment of the PV site in question. The fitted gray-
box model, generated in the previous step, is used to calculate the 𝑃𝐼 of the PV 
system. In Figure 6.6, the case study site’s 𝑃𝑅 and 𝑃𝐼 calculations and the measured 
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and simulated power is shown for three consecutive days, with clear, overcast and 
semi-overcast sky conditions in March and May of 2016. If the simulation model and 
the input data were perfect, in a shade-free case, the Ideal Performance Index (𝑃𝐼_𝑖𝑑) 
would be 1 when the sun is over the horizon. Deviations from 𝑃𝐼_𝑖𝑑 can occur due to 
imperfect input data e.g. due to the fact that the location of the irradiance 
measurement is 1.3 km from the PV site in this case. On days when the irradiance 
conditions are changing rapidly such as 16th of March and 9th of May (see Figure 6.6), 
the irradiance and power measurements are not in sync perfectly, causing noise in the 
calculated 𝑃𝐼. Moreover, days with very low irradiance, such as 18th of March, are 
excluded from the investigation, since 𝑃𝐼 deviates from 1 due to the nonlinear 
efficiency-curve of the inverter, when the power output is below 10% of the nominal 
power. Local shading events can be observed on clear days, such as 17th of March 
and 8th of May. Drop in the value of 𝑃𝐼 indicates shading on both days in the 
afternoon. Higher sun zenith angles cause more severe shading in March, than in 
April. This effect can clearly be observed in Figure 6.7c, as the sun passes over the 
shading obstruction in May, while passes behind in March. 

 

 
Figure 6.6. Ideal and calculated PI, PR, measured and calculated power in three 

consecutive days in March and May of 2016 for the test site in Eindhoven. Sun paths for 
17th of March and 8th of May are indicated on Figure 6.7c. 

Using 𝑃𝐼 instead of 𝑃𝑅 with a threshold is more suitable for detecting local shading 
for the following reasons: (i) 𝑃𝐼 is not influenced by angle of incidence losses and 
temperature effects (see Figure 6.6, where 𝑃𝑅 drops midday on 8th of May due to 
increased module temperature, but 𝑃𝐼 does not). This ensures, that when the 𝑃𝐼 
decreases under the threshold, it is due to shading, and not due to other causes. (ii) 
When 𝑃𝐼 is calculated with the fitted gray-box model, the baseline 𝑃𝐼 value for 
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normal operation is 1 as a result of the model fitting. This makes it straightforward to 
specify a threshold under which we consider the site to be shaded. On the other hand, 
with 𝑃𝑅, the typical value for normal operation is a range around 0.75 - 0.9. This 
would make it harder to specify a uniform threshold for locally shaded operation of 
the system. 

The calculated 𝑃𝐼 for all occurring solar positions in the training period is plotted in 
Figure 6.7a on a sun chart. Each point represents a solar position on the sky 
hemisphere and the color indicates the 𝑃𝐼. The training dataset is produced by 
labeling the data points of the clear sky sample as shaded or unshaded based on a 
𝑃𝐼 0.8 threshold. It is assumed, that deviation from the normal operation larger 
than 20% is caused by shading, because other significant performance decreasing 
effects are taken into consideration with the model fitting. The result of the 
binarization is shown on a sun chart in Figure 6.7b. The binarized training data is used 
to train the SVM shading model. 

3) In the last step, local shading is predicted using the trained SVM shade model, and 
the time series of solar positions over the prediction period as input. For 
demonstration purposes, in this case a grid of the zenith and azimuth of solar positions 
is classified as shaded or unshaded with the previously trained SVM. Note, that the 
classification was executed on a grid for azimuth [0-360] and zenith [0-90], that 
contains solar positions that never occur in Eindhoven. This is shown in Figure 6.7c. 
The red and blue dots show the clear sky training points and the colored areas show 
the classified sky hemisphere. In Figure 6.7d, the classified sky hemisphere is shown 
with the colored dots indicating the calculated 𝑃𝐼. Non-occurring solar positions were 
removed from the graph.  
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Figure 6.7. (a) PI for all solar positions, (b) Binarized training data points, 
(c) Sky hemisphere classified as shaded/unshaded marked with gray and 

yellow background, and the binarized training data points with red-blue dot 
markers. Cyan and black dotted lines indicate the sun path on 8th of March 

and 17th of May respectively. (d) Sky hemisphere classified as shaded or 
unshaded marked with gray and yellow background (only the valid area 

shown), and PI with colored dot markers. 
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6.6.2 Measurement description 

The case study shown above was used to compare the result of the classification to 
on-site shade measurements. The Solometric SunEye 210 (Solmetric Corporation, 
2011) shade tool was used to measure the shading horizon of the environment of the 
site. The tool uses a fish-eye camera to identify shaded areas on the sky hemisphere. 
The measurement was conducted close to the middle of the PV array. Figure 6.8a 
shows the image of the device with the solar paths and obstructions indicated. The 
shading data recorded with the SunEye 210 was used to prepare Figure 6.9a, which 
indicates the measured local shading on a sun chart. Figure 6.9b shows the result of 
the shade prediction. The shading caused by trees on the west side of the site is 
correctly classified by the shade detection method as shaded. On the east side of the 
sky hemisphere there is an area classified by the algorithm as shaded, while it is 
measured as mostly unobstructed sky area by the SunEye tool. Here it is important to 
note, that the individual modules in the PV array perceive the shadow of a very close 
(within a few meters) obstruction differently. A module closer to the nearby 
obstruction sees it under a larger angle than a module that is several meters away 
from it. Similarly, depending on the exact position of the SunEye tool in the array 
when conducting shade measurements, objects close to the PV array appear at very 
different locations on the fish-eye image of the device.  
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(a) 
(b) 

(b) 

Figure 6.8. (a) Fish-eye image of the PV site used for validation, (b) 
Visualization of a scenario, when a prominent shadow of a close obstruction 

(chimney marked with red) is not detected by a single-point shade measurement 
with a shade tool (marked with green). Single-point on-site measurements are 

not well-suited to detect the shadows cast by obstructions close to the solar 
array. 

On this site, there are two small chimneys on both sides of the solar array within 0.5 
meters to the nearest module, causing partial shading in the morning hours. This 
effect is visible in the shade predictions, because it causes a drop in the performance 
of the PV system, but would be only visible in the shade measurement with the 
SunEye shade tool, if it was conducted several times, at the location of each module 
(see Figure 6.8b). The shade detection method identified local shading from near 
objects, causing a performance drop in the morning hours of the summer, which is 
overlooked by a single-point shade measurement with the SunEye tool. It also 
detected the shading from trees near the test site, which shows a good match with the 
validation measurements conducted with the SunEye tool. 
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Figure 6.9. (a) Measured shading with the SunEye 210, (b) Predicted shading 

with the proposed method. 

 

6.7 Summary 

In this chapter, a data-driven method is proposed to identify local shading of PV sites, 
based on AC power and regional irradiance measurement. The method consists of 
three steps: 1) Gray-box PV system model fitting; 2) Training the SVM shading 
model; 3) Predicting local shading based on the solar position. The method only relies 
on data that is commonly available for most PV sites. AC power data is monitored in 
more and more cases and detailed irradiance is freely available via the 
EUMETSAT/KNMI database across Europe. The process of detecting local shading 
does not require human intervention, thus allowing to be used on a large number of 
sites in an automated way. After a maximum of one year of operation, the shade 
detection can be conducted to aid efforts such as, forecasting the power generation 
and evaluating the performance of the PV site. The method was validated with on-
site shade measurements.  
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In order to facilitate the successful application of the proposed shade detection 
technique, the following limitations and recommendations should be considered: 

(i) The uncertainty in the performance prediction increases, as the generated power 
decreases. While a 200 W difference between the predicted and measured power in 
case of a typical residential rooftop system of about 3 kWp causes the 𝑃𝐼 to drop to 
around 0.93 (still classified as unshaded) in a clear sky afternoon in June, the same 
power difference can cause 𝑃𝐼 to drop to 0.67 in the early morning. Figure 6.10 shows 
that such time periods are likely to occur, when the sun zenith or the angle of 
incidence of direct light is close to 90⁰. This is due to the fact that some sources of 
error in the prediction, such as error in the irradiance data due to the distance between 
the location of the PV site and the irradiance measurement, are not scaling with the 
generated power linearly. The 𝑃𝐼 0.8 threshold to label a training point as shaded 
was determined by trial and error taking these uncertainties into consideration. 

 

 
Figure 6.10. Calculated clear sky plane of array (tilt: 32⁰; orientation: 

241⁰) irradiance as a function of solar position in Eindhoven. 

 
(ii) It is required, that during the training period of the shade detection algorithm, the 
site operates with only brief downtime periods and is well maintained. Circumstances 
that are not included in the gray-box model of the PV site, such as lengthy site 
operation with a faulty module decreasing the overall power output, should not occur 
to ensure that the model is fitted to the normal operation of the site.  

(iii) It is recommended to obtain the tilt and orientation data of the site with a 5⁰ 
accuracy. Since the plane of array irradiance on the PV site is calculated from the 
irradiance components measured at a nearby meteorological station, substantial error 
in the tilt and orientation data of the site causes an error in the calculated irradiance 
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(Meng et al., 2020). The method is more sensitive to this when the direct light 
incidence angle is close to 90⁰ because incorrect assumptions of whether there is 
direct light on the modules would cause large differences between the simulated and 
measured AC power of the PV site. 

(iv) The coefficients (𝐶 and 𝛾) used for the SVM shade model determine the quality 
of the generalization of the training observations to the sky hemisphere. Their values 
(𝐶 5;  𝛾 5) were determined by qualitative evaluation of the classification results 
when experimenting with different combinations of 𝐶 and 𝛾 for 15 PV sites similar 
to the one presented in this chapter. The optimal values for 𝐶 and 𝛾 are sensitive to 
the density of the training observations on the sun chart, therefore re-evaluation of 
the optimal values of these parameters might be necessary in case of using data with 
a time resolution other than 15 minutes. 

(v) The proposed data-driven shaded detection method requires a minimum 6, 
maximum 12 months training period, with the examined PV site in operation. As an 
alternative method, LiDAR-based approaches (such as the one presented in Chapter 
3) are well-suited for predicting the shading conditions from the installation date. 
Therefore, as also indicated by Lingfors et al. (2018), there is high potential in the 
complementary application of the two approaches. During the training period, 
LiDAR-based methods can provide shading information, while the proposed method 
cannot. However, in the prediction period, the method proposed in this chapter can 
be used to detect changes in the urban environment. This combined application will 
be demonstrated in Chapter 7. 

(vi) When the method is used for continuous monitoring of PV systems, it is 
beneficial to repeat the first two steps of the method on a yearly basis. This ensures, 
that the fitted parameters (𝜀 _  and 𝜀 ) in the gray-box model represent the 
current state of the installation, as 𝜀  accounts for slowly changing characteristics of 
the system as well, such as soiling and degradation. In a one year timeframe, we 
assume, that with adequate maintenance and typical degradation rates, such as 0.5 
%/year (Jordan et al., 2010) 𝜀  can be modeled as a time-invariant. Moreover, 
changes in the urban landscape, such as new buildings or cut trees can be accounted 
for with the yearly repetition of the training process. 
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7. Comprehensive case study – PV-
specific aspects of a building renovation 
in the city center of Eindhoven 
 

 

 

7.1 Introduction 

In the previous chapters the following contributions were presented: a LiDAR point 
cloud based solar irradiance modeling method (see Chapter 3), a modeling strategy 
for early-phase building design with PV (see Chapter 5) and a data-driven shade 
detection method for in-operation PV systems (see Chapter 6). In the previous 
chapters, each contribution was demonstrated with focused case studies concentrating 
on a few aspects of the presented methods. The aim of the comprehensive case study 
presented in this chapter is to demonstrate the application of the main contributions 
of the thesis and their software implementation (see Chapter 4) on a single 
hypothetical building renovation in different phases of its design and operation. This 
case study aims to closely resemble how the modeling methods, strategies and 
simulation software developed in this thesis could be used for real-world projects. 
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Figure 7.1. a) The case study building (before reconstruction) and its 

surroundings in the city center of Eindhoven, the Netherlands. b) A closer view of 
the case study site (Google, 2020). 
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Figure 7.2. The case study building (after reconstruction) and its surroundings in 

the city center of Eindhoven, the Netherlands. The new construction is marked 
with green, the existing one with yellow and the surroundings with gray. 

 
The case study building is a restaurant, located in the city center of Eindhoven, the 
Netherlands (see Figure 7.1). The building is slightly lower than its surroundings, 
therefore the renovation plan includes an additional level on the building (see Figure 
7.2) with a slanted roof and a South-East orientation (tilt=44.4˚, azimuth=158.4˚). 
Since the roof is ideally situated in terms of tilt and orientation, the stakeholders are 
considering installing PV on the slanted roof surface. For the PV system, an 
approximate nominal capacity of 17 kWp was determined from the available surface 
area of the tilted roof segment. The annual specific yield of typical PV systems in the 
Netherlands ranges from 838 to 946 kWh/kWp  (Laevens and Bosch, 2020). 
Although, the specific yield of individual PV sites can deviate from this range 
significantly due to shading conditions. Using the specific yield range the design team 
estimated an annual yield between 838*17=14246 and 946*17=16082 kWh, thus the 
design requirement is set to achieve minimum 15000 kWh annual DC PV yield. 
However, more than ususal shading from the surrounding buildings makes it 
uncertain, whether it is feasible to achieve the design requirement, thus further 
investigation is necessary. 
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Figure 7.3. Stages of design and operation of a building with PV. The numbers 
indicate which chapter’s contributions are used at that stage. 

 
The case study that forms the backbone of this chapter follows the “life story” of the 
building renovation from the early design stage to the operation and monitoring phase 
(see Figure 7.3). In each phase, simulations are used with models of different 
complexity in accordance with the available model input at the given stage of the 
renovation. 

- Early stage PV design support: an early-stage minimum-maximum estimate 
is given about the yearly DC PV yield with the early stage design support 
method (presented in Chapter 5), using the PCB 2 phase solar irradiance 
modeling method (presented in Chapter 3), executed with Pyrano (presented 
in Chapter 4). 

- Detailed PV system design: this is a demonstration of a detailed PV system 
design and performance evaluation using the PCB 2 phase method 
(presented in Chapter 3) and Pyrano (presented in Chapter 4) to provide PV-
cell level solar irradiance input for PVMismatch cell-level PV system 
simulations. 

- Shade detection for in-operation PV systems: a demonstration of using the 
data-driven shade detection method (presented in Chapter 6) to aid the 
performance monitoring of PV systems in the built environment. It is also 
demonstrated, how the shade detection method can learn the position of 
newly built shading obstructions that cast shadows on the PV system. 

The investigations in this case study concentrate on the DC performance of PV 
systems, with particular emphasis on net shading losses and mismatch losses caused 
by partial shading. We assume perfect and immediate maximum power point 
tracking, and do not take into account the effects of temperature, inverter, soiling and 
reflection losses. This is to concentrate the investigation, in accordance with the main 
topic of this thesis, on the effects of (partial) shading, free of these other, well known 
factors. 

The next subchapters (7.2-7.4) demonstrate the modeling process and present the 
results for the above mentioned phases of the building design and operation then 
conclusions are drawn in Chapter 7.5. 

 

Early design Detailed PV design Operation and 
monitoring

3 54 3 4

Construction

3 64



116 

7.2 Early-stage PV design support 

As there is significant shading is expected at the planned location of the PV system, 
the aim of this step is to determine, whether the planned PV system will meet the 
design requirements (15000 kWh annual DC yield). We apply the early stage PV 
design support method presented in Chapter 5 for this investigation. As we are in the 
early stages of the building design, model input is limited (see Table 7.1). 

Table 7.1. Model inputs for early stage PV design support. 
* kWp is estimated from the surface area of the PV system
Approximate geometry of PV system (-) Defined in EnergyPlus model
Approximate nominal power* (kWp DC) 17.3
Ground and surroundings albedo (-) 0.5
Weather file (-) NLD_Amsterdam.062400_IWEC.epw 
LiDAR point cloud (-) PDOK LiDAR data (Land Registry of 

the Netherlands, 2020) with 0.5 m grid 
resolution

 

Determination of the minimum and maximum yearly PV yield estimates is done as 
described in Chapter 5, but based on different input. While in the case study in 
Chapter 5 the solar irradiance calculation and determination of the shaded fraction 
was done using the built-is shading model of EnergyPlus based on 3D model 
geometry of the surroundings, in this case they are calculated using the PCB 2 phase 
method (described in Chapter 3) using LiDAR point cloud input. Figure 7.4 shows 
the area around the case study building, with an apothem of 300 m. Obstructions only 
within this area will be taken into account for the shade model. 
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Figure 7.4. a) Aerial view of the case study building surroundings (Google, 

2020). b) 3D plot of the LiDAR point cloud of the same area. c) 3D view 
(towards South) of the LiDAR point cloud from the location of the case-study 

building. The tall building in the middle casts a shadow on the case study 
building in the winter and the equinoctial seasons. 

 
The solar irradiance is calculated for 84 sensor points over the preliminarily modeled 
PV system surface area. Figure 7.5b shows the simulated irradiance of the 84 sensor 
points on a day, where the shadow of a neighboring building passes over the surface. 
While before 09:00 and after 13:00 the solar irradiance on the surface is uniform, in 
the middle of the day there is a large difference in irradiance between the shaded and 
unshaded part of the PV surface. Figure 7.5a shows the irradiance with colors on the 
same day, at 11:00, when the range of solar irradiance is the largest. These irradiance 
conditions could cause an error in the simulated PV power output, when using simple 
models with limited input. 
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Figure 7.5. a) 3D plot of the simulated solar irradiance at the sensor points (with 
a density of 1 sensor point per m2, 84 in total) on the 19th of September at 11:00. 

b) Simulated solar irradiance of the 84 sensor points on the same day. 

 
Apart from the solar irradiance, a necessary input for the early-stage PV design 
support method is the sunlit fraction of the PV system. Conveniently, an intermediate 
step of the PCB 2 phase method is to calculate the cover ratio of each sky segment 
for every sensor point (see Chapter 3.4.2), and the sunlit fraction can be calculated 
from it the following way: firstly we calculate the mean (𝐶𝑅 , ) over the 84 sensor 
points for each sky segment (see Figure 7.6a). Then we determine at every (𝑡) 

NORTH a)

b)
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timestep, in which (𝑠) sky segment the sun is located. The sunlit fraction at the given 
time step is: 1 𝐶𝑅 , , . Figure 7.6b shows the sunlit fraction of the PV system 
surface calculated from the mean cover ratio on the 19th of September. 

 
Figure 7.6. a) Mean cover ratio of the sky segments for the 84 sensor points. The 
yearly solar positions are marked with yellow and the solar positions on the 19th 
of September are marked with red.  b) Sunlit fraction of the PV system surface. 
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Figure 7.7 shows the result of the investigation conducted with the risk-aware early 
stage modeling strategy: the lower (14064 kWh/a) and upper (16999 kWh/a) 
estimates for annual DC yield of the system and for reference, the simulated yield 
without considering any shading (20068 kWh/a). It can be concluded that: 

- After the completion of the project the annual DC PV yield of the system 
will be between 14064 and 16999 kWh/a. 

- From the difference between the shade-free case and the upper/lower 
estimates we can see that ignoring shading overall, would cause 16-30% 
prediction error. Such estimation error would be significant, which 
highlights the importance of taking into account the shading effect of the 
surroundings, even in the very first stages of the investigation. 

- The design requirement (15000 kWh/a) is higher than the lower estimate for 
the annual PV yield (14064 kWh/a), therefore the decision is made to 
include a PV system in the building design. 

 
Figure 7.7. Upper-lower estimate of the yearly DC yield, and the unshaded yield 

for reference. 

 

7.3 Detailed PV system design 

After making the decision of including PV in the building design based on early 
estimates, the aim of the next step is to design and optimize the PV layout. We 
simulate and analyze the DC performance for three different PV stringing schemes 
(A, B, C, see Figure 7.8) and a version of the system with ideal microinverters. The 
ideal microinverter layout was modeled in a simplified way: every cell receives the 
mean solar irradiance of the whole system (note that this modeling approach of the 
microinverter layout is virtually identical to the calculation of the upper estimate in 
the early-stage design support method). The system consists of 56 modules with 309 
Wp nominal power each. The system is organized into 4 parallelly connected 14 
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module long PV strings. A, B and C variations of the system are identical, except for 
the layout of the 4 strings. The detailed input parameters of the simulation are shown 
in Table 7.2. 

 
Figure 7.8. The three investigated PV system layout. The colors indicate the 
strings (modules connected in series). The strings are connected in parallel. 

 
Table 7.2. Input parameters of the PVMismatch system model.
* Nominal power of the site is not an input that is directly used by the model. It is 
shown in the table for reference. 
** PV cell efficiency is not a direct model input but an extracted parameter from 
the PVMM model, shown for reference. 
*** Cell temperatures are kept at STC values during the simulation as our 
investigation focuses on the losses due to partial shading not temperature. 
PV system nominal power (kW) 17.29* 
PV cell efficiency (-) 0.2089** 
PV cell temperature (⁰C) 25*** 
No. of cells in a PV module (-) 60 
No. of cell substrings in a module (in parallel with a bypass diode) (-) 3 
Bypass diode trigger voltage (V) -0.5 
PV cell area (m2) 0.024649 
Reference cell short circuit current (A) 9.68 
Cell series resistance (Ω) 0.004267 
Cell shunt resistance (Ω) 10.01226 
Band gap of c-Si cells (eV) 1.1 
No. of PV strings (-) 4 
No. of PV modules in a string (-) 14 

 
The electric power simulation of the system is conducted with PVMismatch, with a 
cell-level model, which makes it necessary to have solar irradiance input on the cell-
level as well. The solar irradiance is calculated using the PCB 2 phase method with a 
sensor point for each PV cell. The execution of the simulation and the linking of 
irradiance and PV power simulation is done with Pyrano. Figure 7.9a shows the 
simulated solar irradiance on the 19th of September at 11:00. Figure 7.9b shows the 
simulated PV power on the same day with the three different system layouts, the ideal 
microinverter case, and without shading as a reference. It can be observed that at 
times when the solar irradiance is not uniform across the PV system, the different 
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layouts perform differently. In this case the shape and location of the shadow is such 
that the microinverter case performs the best and from the string inverter cases layout 
“C” has the highest performance. The better performance of case “C” can be 
intuitively explained by its layout that has spatially better concentrated module 
strings. By comparing Figure 7.8 and Figure 7.9a it can be observed that the elongated 
module strings of case “A” suffer from higher solar irradiance non-uniformity 
compared to case “C” where the layout of the system allows for better irradiance-
uniformity within a string resulting in better performance. 
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Figure 7.9. a) 3D plot of the simulated solar irradiance at the sensor points (one 
for each PV cell, 3360 in total) on the 19th of September at 11:00. b) Simulated 
DC PV power on the same day with the three different layouts (A, B, C,), the 

ideal microinverter case and a case without shading for reference. 

 
Figure 7.10 shows the annual performance of the investigated system variants. “A”, 
“B”, “C” and the ideal microinverter cases produced 15806, 15991, 16072 and 16363 
kWh respectively. Based on the annual results of the detailed simulations it can be 
concluded, that: 

- Ignoring shading overall would have caused 16-19% estimation error. 
- The ideal microinverter case has the highest yearly performance. 
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- On an annual level the differences between the different stringing cases, 
depending on the shading conditions, are not substantial. However, on the 
timestep level analysis of the performance of different stringing schemes 
can be relevant, when the performance of the system is investigated with a 
broader scope: e.g. calculating On-site Energy Matching (OEM), On-site 
Energy Fraction (OEF) or designing battery storage systems. In these cases 
the interplay between the building energy demand, PV production and 
battery state makes it necessary to conduct a timestep-level investigation. 

- Out of the string inverter cases, layout “C” has the best performance. The 
decision is made to build the “C” system layout, as it is a no-cost better 
option compared to “A” and “B”, and the gains with the microinverter layout 
would not justify the additional investment based on the following back of 
the envelope calculation: Considering a 0.18 €/kWh electricity price (mean 
price in the Netherlands between 2010 and 2020 (Eurostat, 2021)) the 
microinverter case yields 100 €/year  and 52 €/year more than cases “A” and 
“C” respectively. While considering a 0.11 €/Wp and 0.29 €/Wp investment 
cost for the string and microinverters respectively (Fraunhofer ISE, 2020), 
the difference in investment cost for the inverters would be 3113 €. Thus, it 
would take more than 30 years to recover the additional investment for the 
microinverter compared to case “A”, and more than 60 years to recover 
compared to case “C”. 

 

 
Figure 7.10. Simulated annual DC PV power with the three different layouts (A, 

B, C), the ideal microinverter case and a case without shading for reference. 
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7.4 Shade detection for in-operation PV systems 

After optimizing the PV design and finishing the building renovation project, the next 
relevant step regarding PV performance is the monitoring phase. In this sub-chapter 
we demonstrate a simplified version of the shade detection method presented in 
Chapter 6, to aid the performance monitoring of PV systems in the built environment. 
Since this case study is about a hypothetical renovation project, there is no measured 
PV power data for the monitoring. Therefore we are using simulated irradiance and 
simulated PV power (as an emulation of reality) to demonstrate the applicability of 
the shade detection method for in-operation PV systems. Regardless of this, the 
detection of shading still happens based on the limited input that the shade detection 
method was designed for, that is the “measured” (in this case emulated) PV power 
and the transposed plane of array irradiance. No other (previously used) input is used 
(e.g. location of LiDAR points) apart from the ones mentioned below. We conduct 
the case-study this way, because we want to demonstrate the rather common scenario, 
in which the maintainer of the PV system has no access to simulations previously 
conducted in the design phase. The shade detection method demonstrated here should 
work in a self-learning way, with limited input. 

Following the flowchart in Figure 6.1 the first step is to generate a simple, shade-free 
model of the PV system based on basic input, such as tilt (44.4˚), orientation (158.4˚) 
and nominal power (𝑃 17.3 kW) and a weather file. The system is modeled as 
𝑃 𝑃 ∗ 𝐼 /𝐼  where 𝐼 1000 W/m2. The solar irradiance input is transposed 
irradiance of the weather file to the tilt and orientation of the PV surface. The 
transposition is done by using the Klucher-model (Klucher, 1979) implemented in 
the pvlib Python library (Holmgren et al., 2018). 

The next step is to generate training data for the SVM classification. This is done by 
looking for clear moments in the weather input, as shadows only occur when the sky 
is clear. To do this, first we calculate the mean daily diffuse fraction for every day in 
the year and sort the days in an ascending order. Then we select the days with the 30 
lowest daily average diffuse fraction from the weather file, and at each timestep we 
compare the “measured” PV power (this is the PV power emulated using PV 
mismatch with the “C” system layout) to the power output of the simple, shade-free 
model described above. At times when the “measured” power differs from the shade-
free prediction by more than 25%, we identify the solar position of that timestep as 
obstructed. This is shown in Figure 7.11, where red points identify the obstructed 
solar positions, and blue points show where the shade-free model and the “measured” 
PV power were close to each other, while the sky was clear. 
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Figure 7.11. Training solar positions for the SVM shade classification. Red 

points indicate the obstructed solar positions, blue points indicate the shade-free 
ones. 

 
The following step is to train the SVM model using the training data. An important 
input parameter for the sky discretization is the 𝑚-parameter, which defines the 
fineness of the Tregenza-Reinhart sky discretization scheme resulting in 144 ∗ 𝑚
1 sky patches. The 𝑚 4 setting is used for for sky discretization as a good balance 
between simulation time, file sizes and accuracy. The main parameters for the cover 
ratio and the flux-transfer coefficient calculation are 𝐶, 𝛾 and 𝑤𝑒𝑖𝑔ℎ𝑡 parameters, 
which can adjust the SVM classification to the density of the used LiDAR points, and 
the 𝑎𝑙𝑏𝑒𝑑𝑜 parameter, that defines the diffuse reflectance of the surroundings and the 
ground plane. Here, as with most of the case studies in the thesis, we use 𝐶 1, 𝛾
50, 𝑤𝑒𝑖𝑔ℎ𝑡 2 and 𝑎𝑙𝑏𝑒𝑑𝑜 0.5 parameters. Once we have the trained SVM 
model, we can use it to predict, whether a solar position is shaded or not, which can 
be a valuable input for performance monitoring, as with this information we can avoid 
false alarms of PV malfunction during times when the system operates just fine, but 
shading causes a decrease in performance. Figure 7.12 shows the training and 
predicted shade-status of the solar positions. 
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Figure 7.12. Training and predicted shading of solar positions. Red points 

indicate the obstructed training solar positions, blue points indicate the shade-
free training ones. Green points indicate the predicted shade and yellow ones 

indicate the predicted shade-free solar positions. 

 
Since the current case-study is entirely simulation-based, because both the solar 
irradiance and the emulated PV performance is as result of simulation, we can easily 
compare the shade prediction to the ground truth of the irradiance simulation that 
provided the input for the emulated PV performance. As we have seen earlier, plotting 
the cover ratio on the discretized sky gives a good idea about where the shading 
obstructions are located on the sky. Figure 7.13 shows the cover ratio and the training 
and predicted shade-state of the solar positions plotted on the discretized sky 
hemisphere. Qualitatively it can be concluded that the predicted shading matches well 
with the ground truth represented by the cover ratios. 
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Figure 7.13. Training and predicted shading of solar positions, and the cover 
ratio. The cover ratio is indicated with the black-white sky segments. Black 
indicates high cover ratio. Red points indicate the obstructed training solar 

positions, blue points indicate the shade-free training ones. Green points indicate 
the predicted shade and yellow ones indicate the predicted shade-free solar 

positions. 

 
The next step in the “life-story” of the case study building is when there is a change 
in the surroundings, which introduces new shading obstructions. The Eindhoven 
municipality plans to redevelop the Van der Meulen-Ansems (VDMA) site, as a new 
mixed office, living and innovation center. The design consists of two new high-rise 
buildings with the approximate height of 100 m. Figure 7.14 shows the artist’s 
renderings and the surroundings of the new development. As the VDMA site is close 
to the case study building, it will shade the investigated PV system. Since LiDAR 
point clouds are generally updated not more frequently than 3-5 years in the 
Netherlands, it is likely, that for a few year period when the building is already built 
it still will not be included in the LiDAR database. Regardless of this, the shade 
detection method demonstrated in this sub-chapter can “learn” the location of the new 
shading object on the sky within a 0.5-1 year training period. 
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Figure 7.14. a, b) Artist’s visualization of the VDMA building renovation and 
extension plan in Eindhoven (OMA, 2020). c) 3D plot of the LiDAR point cloud 
of the area around the case study building with the addition of the planned new 
VDMA building. d) 3D view (towards South) of the LiDAR point cloud from the 

location of the case-study building. 

 
To emulate the shading effect of the new building, we have added artificially 
generated LiDAR points to the existing point cloud. Simulations conducted with this 
shading input provide the emulated irradiance input for the PVMM model which is 
then used, in conjunction with the simple PV model described earlier to perform the 
re-training of the SVM model and predict the shade-state of the solar positions. The 
result of the training and prediction is shown in Figure 7.15. By comparing it to Figure 
7.12 it can be observed as the new obstruction was learned by the SVM model, which 
can be taken into account during performance monitoring of the PV system: e.g. to 
avoid false system failure alarms and adjust expectations about the PV yield. 
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Figure 7.15. Training and predicted shading of solar positions after the 

introduction of a new shading obstruction. Red points indicate the obstructed 
training solar positions, blue points indicate the shade-free training ones. Green 
points indicate the predicted shade and yellow ones indicate the predicted shade-

free solar positions. 

 

7.5 Summary 

This chapter demonstrated the usability and practical value of the proposed methods 
in the thesis by following the “life story” of a single example of a building renovation 
in the city center of Eindhoven. 

- The early stage PV design support method (presented in Chapter 5) was 
demonstrated by giving a  minimum-maximum estimate about the yearly 
DC PV yield based on limited input. Since the design requirement for yearly 
DC yield was over the minimum estimate, it was decided, that the building 
will be renovated with the addition of a PV system. 

- A detailed PV system design and performance evaluation process was 
demonstrated using the PCB 2 phase method (presented in Chapter 3). 
Moreover, the capabilities of  Pyrano (presented in Chapter 4) were 
demonstrated by providing cell-level solar irradiance input for PVMismatch 
cell-level PV system simulations. Based on the detailed simulation, the 
highest-performing string inverter layout was chosen to be realized. It was 
shown that the predictions based on the detailed (and more input-heavy) 
models fell within the previously predicted minimum-maximum range. The 
investigation also showed that in the present case, the yearly yield would not 
have benefited much from the application of microinverters. It can be 
suspected, that application of microinverters (or power optimizers) can bring 
higher yield improvements when part of the PV system is almost always 
shaded. This is especially true if the shading happens during high-irradiance 
periods. These situations are likely to occur, when the shading object is close 
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to the PV system e.g. part of the same building such as a chimney or an 
overhang. With the increased adaption of BIPV applications, where the 
placement of the PV system is determined by many other factors not just the 
shading conditions these almost always partially shaded situations are more 
likely to occur, increasing the potential benefit of more advanced power 
systems. 

- This chapter demonstrated the shade detection method for in-operation PV 
systems (presented in Chapter 6). Since the case-study is entirely 
simulation-based it was possible to qualitatively validate that the predicted 
shading matches well with the ground truth represented by the cover ratios. 
It was also shown how the shade detection can adapt, and re-learn its 
surroundings in the case of the appearance of a new shading obstruction. 

- On as secondary note, it was also demonstrated how the PCB 2 phase solar 
irradiance modeling method and the Pyrano python package can serve the 
above described investigations. 
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8. Conclusions and future research 
 

 

 

8.1 Conclusions 

As lowering emissions and increasing comfort and energy performance of buildings 
is getting more important, the ability to design high-performance new buildings and 
renovations is increasingly in demand. BPS tools and within that PV simulations are 
an efficient tool to make go/no-go decisions in the early phases of the design and to 
mark out or test design variants. Moreover, conducting simulations is proven to aid 
the monitoring and fault detection of in-operation PV sites. 

The research presented in this thesis started with an explorative phase, where hands-
on experience was gained with measured data analysis, and modeling of BAPV and 
BIPV systems. This hands-on experience and literature review led to the 
identification of the following challenges regarding modeling PV systems situated in 
a built environment: 

‐ To consider the shading effect of the surroundings, its geometry and 
reflectance properties need to be known. However this input is often hard to 
acquire. 

‐ Simulation workflows for modeling together the PV, the building and the 
surroundings are fragmented. There is a need for better software integration. 

‐ The role of early-phase BPS is to make go/no-go decisions, prioritize 
between different performance aspects and to provide ballpark figures. 
When making early estimates, (partial)  shading and lack of model input 
leads to high uncertainties in the simulated PV performance. 

‐ Monitoring and fault detection of PV systems often is done by comparing 
the measured performance of the system to its simulated pair. Such 
simulations are hard to conduct reliably when the system is in a shaded urban 
environment. 

In response to these challenges the aim of this research was to develop modeling 
methods and simulation software to support the application of PV systems’ 
simulations situated in an urban environment. To fulfill the research aim, the 
following objectives were identified: 

‐ To develop a modeling method that can calculate solar irradiance on external 
built surfaces using raw LiDAR point clouds as shading geometry input. 
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‐ To provide a ready to use and open-source software implementation of the 
previous objective which is also an integration-enabling software to 
facilitate the use of detailed solar irradiance and PV simulations in 
conjunction with building energy simulations. 

‐ To develop a risk-aware PV modeling strategy for early-stage design of PV-
equipped buildings in urban context. 

‐ To develop a retrospective data-driven shade detection method for 
enhancing monitoring and fault detection of in-operation PV systems. 

In order to aid the process of taking into account the shading effect of the 
surroundings, the PCB 2 phase solar irradiance modeling method was developed. It 
is a new method that is tailored to the requirements and input availability of POA 
irradiance simulations for PV modeling. The PCB 2 phase method uses LiDAR point 
clouds as shading geometry, combined with a matrix-based approach to model solar 
irradiance. Using the raw DSM format of the LiDAR measurement widens the 
applicability and improves the timeliness of the approach, as provided that the 
LiDAR-based DSM is published, the irradiance simulation can already be conducted 
and there is no reliance on other actors to publish further processed 3D city models. 
The PCB 2 phase method was demonstrated with a focused case study using 
artificially generated LiDAR point clouds. 

Pyrano is the software implementation of the PCB 2 phase method in Python. It was 
used to conduct most of the solar irradiance simulations in this thesis. Moreover, it is 
an integration-enabling software, to tie together the geometry of EnergyPlus building 
energy simulations, solar irradiance simulations using LiDAR point clouds as 
geometry input, and PV performance simulations on a cell-level with PVMismatch. 
As of 2020, there are more than a million buildings with PV in the Netherlands (DNE 
Research, 2020). As buildings with PV are getting more numerous the building 
energy modeling community needs to embrace PV as one of the sub-systems of 
buildings for which software like Pyrano can be a useful tool. 

To aid early-stage design of buildings with PV, a modeling strategy is presented in 
this thesis. The proposed modeling strategy delimits the modeling uncertainties 
caused by (partial) shading and the limited availability of model input in early design 
stages. It is based on the observation (made in this thesis and by many other 
researchers before) that when a PV system is uniformly lit, the PV performance can 
be modeled accurately with a low number of input parameters. On the other hand 
when shading is present on the PV surface, the stringing scheme and the type of PV 
modules have a large effect on the mismatch losses of a PV system which is not 
linearly proportional to the shaded fraction. Finding a good balance between 
consumption, generation and storage of on-site renewable energy becomes 
unavoidable in the Netherlands once the new BENG (Nearly Net-Zero Energy 
Buildings) regulations come into force in 2021, setting a mandatory minimum 
(between 30 and 50%) share of renewables in the energy use of new buildings. The 
modeling strategy is demonstrated with two focused case studies of a typical Dutch 
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family house, investigating the effect of shading by a tree and dormer windows on 
the roof. 

To aid performance monitoring of in-operation PV systems, a data-driven shade 
detection method was developed, which uses measured PV yield to determine the 
shading mask of the surroundings in three steps: 1) gray-box PV system model fitting; 
2) training the SVM shading model; 3) predicting local shading based on the solar 
position. Steps 2 and 3 are analogous to the cover ratio calculation in the PCB 2 phase 
method (see Chapter 3.4.2). While in the case of the PCB 2 phase method, the training 
data for the obstructed solar positions originates from the projected LiDAR point 
cloud representation of the surroundings, the shade detection method derives it from 
comparing the measured performance of the PV system to its unshaded simulated 
pair. The method does not require human intervention. Therefore, after the training 
period, it can be used for continuous monitoring of a large number of PV sites. The 
method was validated by comparing on-site shade measurements to the detected 
shading mask around an in-operation PV site in Eindhoven, the Netherlands. 

Each contribution of this thesis was demonstrated with a case study. The aim of these 
focused case studies was to aid the understanding of the methods, and provide a 
subject on which the methods can be demonstrated. In contrast, the aim of the 
comprehensive case study (Chapter 7) was to demonstrate the usability and practical 
value of the proposed methods on a single example of a building renovation in the 
city center of Eindhoven. The proposed methods were applied on the building in the 
order of their proposed use in real life, following the “life story” of such expected 
building renovation project: Firstly, a minimum-maximum estimate of the yearly DC 
PV yield was given based on the early design of the building’s roof surface geometry 
and the LiDAR model of the surroundings. This was used to decide, whether the 
amount of the generated annual yield meets a pre-defined design requirement. The 
next step was to conduct a detailed design analysis of different PV system 
configurations. It was investigated, which wiring scheme has the least mismatch 
losses due to partial shading and whether the application of distributed maximum 
power point tracking (e.g. by installing microinverters) would lead to significant 
improvement in performance. In a final step, the utilization of the data-driven shade 
detection method was demonstrated. The measured PV power input was emulated 
with cell-level PV simulations and the shade detection method was used to create the 
shading mask of the surroundings based on it. It was also demonstrated, how the 
method can detect the shading cast by a newly built building. 

 

8.2 Limitations 

Each contribution of this thesis was either demonstrated with simulation case studies 
or with on-site measurements in order to demonstrate their applicability. An 
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additional purpose of conducting numerous case studies is that they point out certain 
limitations of the developed approaches. 

The PCB 2 phase method was not validated with real world measurements. Instead, 
the method was validated by comparing it to the state of the are 2 phase method. In 
Chapter 3.4 it was demonstrated that when simulating with black models (ε 0, thus 
no reflections) the simulated shaded plane of array solar irradiance with the 2 phase 
and PCB 2 phase methods matched almost perfectly. On the other hand when 
considering reflected irradiance as well (ε 0.5) the PCB 2 phase results showed a 
few percent deviation compared to the state of the art 2 phase method. The deviation 
can be explained with the difference between the simulated reflected irradiance. The 
2 phase method uses a full-polygon 3D geometry as shading input. On the other hand 
the PCB 2 phase method uses a point cloud as geometry input, thus the tilt and 
orientation of the surrounding surfaces is not known, which does not allow for perfect 
calculation of the reflected component. The PCB 2 phase method can estimate the 
amount of the reflected light from the surfaces, but it cannot calculate its orientation, 
thus it uses the assumption that the shading obstructions diffusely reflect the light in 
all directions (at a 4π steradian angle) or to just one half of the sky hemisphere (at a 
2π steradian angle) depending on which reflection approximation method is used, as 
described in Chapter 3.4.3. As most surfaces of the urban surroundings (e.g. 
plastered, stone or concrete facades, vegetation) are diffusely reflective, this 
assumption results in a good approximation of reflected light. On the other hand, 
since the PCB 2 phase method does not have means to calculate specular reflections, 
in case of surroundings with mostly specular-reflective surfaces (e.g.  fully glazed 
buildings, or polished metal facades) the reflected component of the simulated POA 
irradiance cannot be reliably simulated. 

Most of the solar irradiance simulations in this thesis were conducted using Pyrano. 
A possible limitation of the software was observed regarding taking into account 
shading by facades. To make the raw LiDAR point cloud data more useable, the point 
cloud is usually resampled into a regular DSM grid that can be conveniently stored 
in raster graphic images, such as .tif files (see Chapter 2.3). As a result of this 
conversion, the majority of the points on vertical facades are lost. This is due to the 
fact that in a raster image (e.g. in a .tif file), it is not possible to store more than one 
height value per grid cell. This leads to a low density of points on vertical facades 
(see Figure 8.1b) which can cause the soft-margin SVM classifier (see Chapter 3.4.2) 
to ignore these points during the calculation of the sky segment cover ratio, leading 
to missing the shading effect from facades. While in the case studies presented in this 
thesis this issue did not occur, in cases, when a vertical shading obstruction is very 
close to the irradiance sensor point it might. Therefore a method was developed to 
enhance the point density on vertical facades, by applying edge detection on the DSM 
raster image. The method is described in more detail in Appendix D:. A 3D 
visualization of an enhanced point cloud is shown in Figure 8.1c showing the 
increased point density on the façade of the Vertigo building in the TU/e campus. 
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Figure 8.1. a) Aerial view of the Vertigo building in the campus of TU/e. b) 3D 
visualization of the DSM point cloud. c) 3D visualization of the point cloud with 

enhanced density on vertical facades. 

 
When calculating the shaded POA solar irradiance with the PCB 2 phase method 
using Pyrano, a number of parameters needs to be set. These parameters control the 
sky discretization, and the criteria for the SVM classifications. It is possible that when 
working with different inputs than the ones used in the thesis (e.g. with LiDAR data 
with a  different resolution) these parameters are needed to be retuned. Taking 
advantage of the visualization functions in Pyrano (e.g. visualizing the irradiance 
values (see Figure 7.9a) on the sensor points or the cover factors of the sky segments 
(see Figure 7.13)) can be a useful aid to support setting the parameters. 

The risk-aware PV modeling strategy for early-stage decision-support described in 
Chapter 5 provides an upper and lower bracket for the yearly or monthly shade-
influenced PV yield. The current implementation of the modeling strategy employs a 
rather conservative approach to calculate the lower bracket, by assuming no PV 
generation in case of significant partial shading on the PV surface. It was 
demonstrated with three case studies that this approach can provide a reliable and 
informative lower limit for the yearly and monthly PV yields of systems that are 
shaded by obstructions that are common, such as trees, dormer windows or 
neighboring buildings. On the other hand, the current approach could be overly 
conservative in case of geometries when the PV surface is more often shaded. Such 
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cases can occur frequently with BIPV applications where the placement of the PV 
surfaces is determined by the primary functionality of the BIPV construction (e.g. in 
cases of a shading system or façade elements). 

Regarding the data-driven shade detection method (see Chapter 6), similarly to the 
PCB 2 phase method, the SVM classification parameters might need adjusting 
depending on the time resolution of the measured power and irradiance data. 
Moreover it can be mentioned as limitation of the method that it requires a minimum 
6, maximum 12 months training period, thus the detection period can only start 
minimum half year after the start of the PV site operation. 

 

8.3 Suggestions for future work 

During the development of the methods proposed in this thesis, a number of ideas 
occurred for possible future work either proposing further development of the 
methods or widening the domains of their application. 

The PCB 2 phase method is a point cloud based variation of the 2 phase or daylight 
coefficient method. Researchers have improved upon the 2 phase method, by 
developing different variations of the sun-coefficient method (Bourgeois et al., 2008; 
Subramaniam, 2018). Both of these improvements deal with a more accurate 
representation of the solar position than what the original daylight coefficient method 
employs. As a possible future improvement, the sun-coefficient method could serve 
as a basis for the improved accuracy of the solar position representation in the PCB 
2 phase method. 

In this thesis the PCB 2 phase method was used to calculate the shade-influenced 
solar irradiance on external built surfaces in order to provide input for simulating PV 
yield with detailed PV system models or for providing early design stage yield 
estimates. However, the surroundings also influence the solar heat gains of buildings, 
not only PV performance. By default, EnergyPlus uses its built-in shading module to 
calculate the sunlit fraction of the building surfaces, which is in turn used to calculate 
the solar heat gains through building fenestration. Recent efforts (Hong and Luo, 
2018) made it possible to outsource the sunlit fraction calculation from EnergyPlus 
to external software. As it was discussed in Chapter 7.2, an intermediate step of the 
PCB 2 phase method is to calculate the cover ratio of the sky segments (see Chapter 
3.4.2), and the sunlit fraction of a surface can be calculated from the mean cover ratio 
of the sky segments. This means that the sunlit fraction calculations of an EnergyPlus 
model can be executed with Pyrano and imported into EnergyPlus which makes it a 
convenient tool to calculate the solar heat gain of buildings using LiDAR point clouds 
as geometry input. 

The current implementation of Pyrano relies on EnergyPlus model geometry to define 
the PV surfaces. The easiest way to apply the current workflow is to use the Euclid 
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(Big Ladder Software, 2017) SketchUp extension to create the EnergyPlus geometry 
which facilitates better integration between building energy and PV simulations. 
However, this workflow requires the installation and use of EnergyPlus even in the 
case when the user is not interested in building energy simulations. Therefore 
integration of Pyrano with other, general purpose open-source geometry editing tools 
such as Blender (Blender Online Community, 2020) or FreeCAD (Riegel et al., 2019) 
could widen its applicability. 
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Appendices 

Appendix A: Model input parameters and 
shading scenarios for case study in 
Chapter 1.5 
The illustrative example shown in Chapter 1.5 was simulated with PVMismatch, with 
the model parameters shown in Table A1. The system consists of 10 PV modules, 
connected in series to a single string inverter. The layout of the shading patterns on 
the system is shown in Figure A1. The solar irradiance is 200 W/m2 on the shaded 
cells and 1000 W/m2 on the unshaded ones. In each shading configuration the shaded 
area covers 10% of the surface area of the system, but with a different shape or 
positioning of the shadow. 

Table A1. Input parameters of the PVMismatch system model.
* Nominal power of the site is not an input that is directly used by the model. It is 
shown in the table for reference. 
** PV cell efficiency is not a direct model input but an extracted parameter from 
the PVMM model, shown for reference.
PV system nominal power (kW) 3* 
PV cell efficiency (-) 0.2089** 
PV cell temperature (⁰C) -20, 25, 70 
No. of cells in a PV module (-) 60 
No. of cell substrings in a module (in parallel with a bypass diode) (-) 3
Bypass diode trigger voltage (V) -0.5 
PV cell area (m2) 0.024649 
Reference cell short circuit current (A) 9.68 
Cell series resistance (Ω) 0.004267 
Cell shunt resistance (Ω) 10.01226 
Band gap of c-Si cells (eV) 1.1 
No. of PV strings (-) 1
No. of PV modules in a string (-) 10 
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Figure A1. Shading configurations on the PV system. 
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Appendix B: Support Vector Machines 
Machine learning can be defined as the process of solving a practical problem by 
firstly gathering a dataset, then algorithmically building a statistical model based on 
that dataset. The built statistical model then is used to solve the practical problem in 
question. Machine learning techniques can be divided into four categories: 
supervised, semi-supervised, unsupervised and reinforcement learning. (Burkov, 
2019). In this thesis we use Support Vector Machines (SVM) to solve classification 
problems in Chapters 3.4.2 and 6.5. SVMs are in the group of supervised learning 
techniques. Supervised learning methods take labeled datapoints with known features 
as training data to produce a model. Then when we give the model features as input, 
it will return the corresponding labels as output. 

Figure B1 shows a schematic example of classification with SVMs. Each training 
point is characterized by two features (Feature x and Feature y) and a label (+) or (-
). These points are used to train the SVM, and, as a result, a hyperplane is identified 
that divides the points into two classes, following the widest street approach, that is, 
the dividing line is as far from the divided clusters as possible. 

 
Figure B1. Example of a 2D-separable classification problem. The support 

vectors are marked with yellow, which define the largest separation (d) 
between the red and blue classes Adapted from (Cortes and Vapnik, 1995).  
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In cases, when the training data is not linearly separable, the decision surface has to 
be nonlinear. This can be achieved by transforming the training data to a different n-
dimensional feature space with a kernel function, where the points are linearly 
separable with an n-1 dimension hyperplane. In this thesis the Radial Basis Function 
(RBF) was used, implemented in Python, using the Scikit-learn package (Pedregosa 
et al., 2012). The RBF kernel allows for a non-linear soft-margin classification, where 
𝐶 is a parameter for the soft-margin cost function that allows for adjusting the trade-
off between misclassifying a training point and having an overfitted decision-surface. 
𝛾 determines the radius of a training point, in which it has influence on the SVM 
model. A small 𝛾 allows for more isolated “islands” of classes in the feature space. 

After training the SVM, new data points can be classified to the (+) or (-) class based 
on their features. This is indicated in Figure B2. (In the concrete case of the PCB 2 
phase method and the data driven shade detection method, Feature x is the solar 
azimuth, Feature y is the solar elevation. The labels of the datapoints are either 
“shaded” or “not shaded”.) Due to the soft-margin nature of the used SVM 
classification method, the prediction is not sensitive to individual, erroneously 
introduced training points. It is expected, that faulty training points occur in a 
randomly scattered way in the feature space, therefore with correctly tuned 𝐶 and 𝛾 
parameters, they don’t influence the prediction. 

Figure B2. Training (•) and predicted (+) data points on the x-y feature 
space.
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Below, a Python script is shown that was used to prepare the illustrative example in 
Figure B2. 

import pandas as pd 
import matplotlib.pyplot as plt 
from sklearn import svm 
from sklearn import preprocessing 
import numpy as np 
 
## prepare training data 
# train data for feature "a" 
a = list(range(0, 10)) * 10 
# train data for feature "b" 
b = [] 
for n in range(0, 10): 
    b = b + [n]*10 
# labeled training data 
v = [] 
for n in range(0, 2): 
    v = v + [0, 0, 0, 0, 1, 1, 1, 1, 1, 1] 
v = v + [0, 0, 0, 0, 0, 1, 1, 1, 1, 1] 
v = v + [0, 0, 1, 0, 0, 1, 1, 1, 1, 1] 
for n in range(0, 2): 
    v = v + [0, 0, 0, 0, 0, 0, 1, 1, 1, 1] 
v = v + [0, 0, 0, 0, 0, 0, 0, 1, 1, 1] 
v = v + [0, 1, 0, 0, 0, 0, 0, 1, 1, 1] 
for n in range(0, 2): 
    v = v + [0, 0, 0, 0, 0, 0, 0, 0, 1, 1] 
# putting training data in a DataFrame 
train_data = pd.DataFrame(data={'a':a, 'b':b, 'v':v}) 
 
## train SVM 
# define C and gamma 
gamma=5 
c=20 
clf = svm.SVC(C=c, cache_size=1000, class_weight='balanced', coef0=0.0, 
              decision_function_shape=None, degree=3, gamma=gamma, 
              kernel='rbf', max_iter=‐1, probability=False, 
              random_state=None, shrinking=True, tol=0.001, verbose=True) 
# creating X and y 
X = list(zip(train_data['a'], train_data['b'])) 
y = train_data['v'] 
# creating scaler, and scale X. This way, the same scaling method can be 
# applied for the test points too 
scaler = preprocessing.StandardScaler().fit(X) 
X_scaled = scaler.transform(X) 
# training 
clf.fit(X_scaled, y) 
 
## prepare feature set to predict from and use the scaler to scale it 
ap = [] 
bp = [] 
for i in range(0, 9): 
    ap += [i + 0.5]*9 
    bp += list(np.linspace(0.5, 8.5, 9)) 
Xtst = list(zip(ap, bp)) 
Xtst_scaled = scaler.transform(Xtst) 
# predict value of v 
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vp = [clf.predict(Xtst_scaled[i].reshape(1, ‐1)) for i in range(len(Xtst))] 
 
## put the results in a DataFrame and plot together with the training data 
predicted_values = pd.DataFrame(data={'Feature x':ap, 
                                      'Feature y':bp, 
                                      'vp':vp}) 
ax = train_data.plot.scatter(x='a', y='b', c=train_data['v'], 
                             cmap='coolwarm', marker='o', colorbar=False) 
predicted_values.plot.scatter(ax=ax, x='Feature x', y='Feature y', 
                              c=predicted_values['vp'], cmap='coolwarm', 
                              marker='+', s=60, colorbar=False) 
plt.show(block=False) 
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Appendix C:  Execution times of the 2 
phase and the PCB 2 phase methods 
Figure C1 shows the execution times of the sub-processes of the 2 phase and the PCB 
2 phase methods for a simple scene (see Figure 3.3) with 100 sensor points on a 
horizontal plane. Table C1 shows the system information of the computer used for 
the simulations. 

In case of the 2 phase method, the rfluxmtx Radiance subprogram takes up the 
majority of the time (this is the part running ray-tracing). In the case of the PCB 2 
phase method, the daylight coefficient calculation takes up most of the time (the most 
time-consuming part of this process is the culling and projection of the point cloud 
(see Chapter 4.2)). While at low sky discretizations, the 2 phase method is faster, at 
higher sky discretizations the PCB 2 phase method is faster. However, as it was 
discussed in Chapter 3.5, several factors affect the simulation time (e.g. polygon 
count, size of point cloud, etc.) which are not all considered here. Moreover, the 
different simulation cases in this comparison do not have the same accuracy: on 
Figure C2  it can be observed as the sky discretization decreases, the shadows become 
softer. Also, with “low” settings for lw and ad there is an increased “noise” (random 
fluctuations) in the in sensor point irradiance values for the 2 phase cases. 

 
Figure C1. Simulation times for the 2 phase and the PCB 2 phase method. The 
first 6 columns show simulation times with the 2 phase method, with different 

sky discretizations and simulation settings. m1, m2, m4 indicates the sky 
discretization (see chapter 3.3.2) low/high indicates the setting of the ad and 

lw parameters. 
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Figure C2. Momentary solar irradiance of the 100 sensor points visualized 
with colors (warm colors represent high, while cold colors low irradiance) 

showing the shadow of the shading geometry (in the case of the PCB 2 phase 
method the shadow is cast by an artificially generated point cloud over the 

shading geometry see Figure 3.12).
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Table C.1. System information of the computer used for simulations 
System Type x64-based PC 

OS Name Microsoft Windows 10 Enterprise 

Processor Intel(R) Core(TM) i7-6700HQ CPU @ 2.60GHz 

Installed RAM 8.00 GB 
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Appendix D: DSM-based point cloud 
density enhancement on facades 
As it was discussed in Chapter 8.2, LiDAR-based DSM data is often distributed in 
.tiff files or in other raster image file formats. This is not ideal for the representation 
of vertical surfaces (e.g. facades), because the majority of the points on vertical 
facades are lost due to the resampling of the points and the fact that a 2D image file 
cannot store more than one point at a given location (i.e. points over each other). See 
Figure D1 for the illustration of the effect of resampling the LiDAR point cloud into 
a regular grid on the point density of facades. The points that remain on the vertical 
facades (see Figure D2b) are mostly the result of interpolation between the points on 
the top of the buildings and the ground. In some extreme cases, (e.g. when a vertical 
obstruction is within few meters to the irradiance sensor point) a higher point density 
is desired as it improves the reliability of the SVM classification in the PCB 2 phase 
method. 

 
Figure D1. Schematic representation of the cross-section of a building with 

a) the registered LiDAR points on the surface of the building, and b) the 
resampled DSM.

 

b)a)

DSM raster
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Figure D2. a) Aerial image of the Vertigo building at the TU/e campus in 
Eindhoven, the Netherlands. b) Visualization of the LiDAR-based DSM 

representation of the same building. Note that the point density on the faces 
is significantly lower than on horizontal surfaces.

 

During the execution of PCB 2 phase irradiance simulations with Pyrano, in the early 
steps, the DSM data is transformed into a list of points with x, y, z coordinates, 
therefore the restrictions for storing more than one point at the same x-y location (i.e. 
points over each other) are released. This allows for the enhancing of the point density 
on facades in three steps. Firstly, high-gradient changes are identified in the height 
values of the DSM data using the Canny edge detection (Canny, 1986) function of 
the scikit-image Python library (Van Der Walt et al., 2014). It is shown on Figure 
D3b, how the edge-detection method identified the places in the image where the 
height value changes rapidly, indicating the location of facades. At this point, the 
edges of the building are identified with a one pixel with line. In the next step the 
edge lines are “thickened” with the binary_dilation function of the scikit-image 
library. This increases the chance that the line contains points from the ground and 
the roof as well, next to the façade. In a final step new points are generated between 
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the maximum and minimum height value of the edge-lines, then these points are 
added to the original DSM-based point cloud. Figure D4 shows the increased density 
of points on the facades using this method. 

Figure D3. a) Raster image of the DSM of the Vertigo building and its 
surroundings. b) The detected edges of the top-view of the building, 

indicating the location of the facades.
 

 
Figure D4. Visualization of the LiDAR-based DSM representation of the 

Vertigo building. Note the increased point density on the facades compared 
to Figure D2b.
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As lowering carbon emissions and increasing comfort levels in 
buildings is getting higher priority, the ability to design high-
performance buildings with on-site renewable energy 
generation is increasingly in demand. Combined application of 
building and PV performance simulations is an efficient method 
to make go/no-go decisions in the early phases of the design 
and to mark out or optimize design variants. Moreover, the use 
of simulations has potential to improve the monitoring and fault 
detection of in-operation PV sites.

The contributions of this thesis revolve around the peculiarities 
of PV modeling caused by shading and reflections from the 
surroundings. Novel methods are investigated to simulate solar 
irradiance in complex environments, and the simulated 
irradiance is used as input for PV system models of different 
complexity to support the design of new PV systems and the 
performance monitoring of existing ones. The usability and 
practical value of the contributions of the thesis are 
demonstrated with a comprehensive case study of a building 
renovation project in the city center of Eindhoven. The 
application of the developed methods in this thesis can aid the 
adoption of building-integrated and building-applied PV 
systems located in environments where shading is common.
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