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Abstract

The increasing penetration of photovoltaic (PV) power plants highlights the importance of the
optimal design and the most accurate power forecasting of PV systems. This thesis presents an
extensive verification and comparison of different model chains for physical irradiance to
power conversion in PV forecasting and a general framework for design optimization of
ground-mounted PV plants. Both topics rely on the theoretical modeling of PV plants; therefore,
an extensive overview of the technical, economic, and environmental modeling methods is
presented based on a comprehensive literature review.

The physical PV model chains required to calculate the expected power output from weather
forecasts are composed of seven main modeling steps. The power forecasts created by the
151200 different combinations of ten beam and diffuse irradiance separation, fourteen tilted
irradiance transposition, four reflection, five cell temperature, six PV module power, three
shading, and three inverter models are verified for 16 PV plants in Hungary. The verification
follows the latest recommendations of the scientific literature. The results reveal that the
selection of the physical models has a high impact on the power forecast accuracy, especially
in the transposition and separation modeling steps. The forecast errors are smaller in the flatland
compared to the hilly areas due to the less variable weather conditions. The absolute and
squared errors are conflicting error metrics, and the model chains with the lowest mean absolute
error are better in capturing the variability of the power production. Using a constant long-term
average wind speed instead of wind forecasts for power modeling has no significant effect on
the accuracy.

The PV design optimization problem aims to find the optimal value of ten main design
parameters of ground-mounted PV plants for various objectives. The most suitable tool for
finding the global optimum is identified by the comparison and meta-optimization of three
metaheuristic algorithms, where differential evolution is found as the most effective and
consistent method. The NSGA-II multi-objective optimization algorithm is also demonstrated
and optimized to reveal all possible compromises between different objectives, like
environmental impacts and economic profitability. The uncertainties resulting from the
resolution of the meteorological database, the transposition model selection, and the changing
costs of the PV modules are discovered by sensitivity analyses for four geographical locations
with different climates. The low-resolution averaged datasets cause misleading results in design
optimization compared to the best available minute-resolution datasets. This effect can be
almost eliminated using sampling instead of averaging as the data aggregation method. The
transposition model selection affects not only the optimal tilt angle but also other design
parameters; therefore, finding the best model for the given region is essential for reliable design
optimization. The decreasing cost of PV modules has only a limited effect on the total cost of
electricity production, which highlights the importance of the optimization of the other system
components.

The presented results are significant both in research and practical applications, as they

contribute to a better understanding of the challenges of PV design and forecasting topics, and
they can be directly used to improve the profitability of PV plants.

Keywords: Photovoltaic plants, power forecasting, design optimization, radiation modeling,
evolutionary algorithm, solar resource
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1 Objectives and outline

The increasing threat of climate change, resulting from the ever-increasing anthropogenic
emission of greenhouse gases, emphasize the benefits of carbon-free renewable energy sources
over conventional fossil-based energy production. Solar energy became one of the most
important renewable energy sources due to the abundant solar resource and the technological
advancements of the previous decades. Photovoltaics (PV) is the most dynamically expanding
renewable electricity production technology with an average annual growth rate of 39% in the
last decade [1]. The worldwide cumulative installed capacity of PV systems has reached
627 GW by the beginning of 2020, with 115 GW new installations in 2019. In parallel, the cost
of electricity produced by utility-scale PV plants decreased by 82% from 2010 to 2019, and
now PV is not only the cheapest option for new electricity generation capacity but also
undercuts the marginal operating costs of many existing coal-fired power plants around the
world even without financial incentives [2]. Based on these tendencies, the expansion of PV
capacity is expected to continue with an increasing pace in the next decade, which puts the
design and grid integration of PV systems among the most important research topics in the field
of renewables.

Photovoltaic plants are weather-dependent, non-dispatchable power generators, i.e., their
maximum power output is determined by the solar irradiance and other meteorological
parameters, and it can not be adjusted freely to meet the power demand. Among its deterministic
yearly and diurnal cycles, the solar resource also has an intermittent tendency due to clouds and
atmospheric conditions, which pose difficulties for the accurate prediction of PV output and the
scheduling of other power plants. The inaccuracies of the PV power forecasts threaten the
stability of the grid and increase of cost of power reserves; therefore, improving the power
forecast accuracy is essential for the effective and low-cost integration of the increasing PV
penetration into the power grid. Accurate forecasts are also valuable for the PV plant owners,
who have to pay imbalance penalties for the difference of the scheduled and actual power
production [3]. PV power forecasts are mostly based on irradiance forecasts created by
numerical weather prediction (NWP) models or satellite imagery. The expected power output
is calculated by modeling the PV plant using a physical, statistical, or hybrid approach. This
thesis focuses on the physical power forecasting method as it does not require historical
production data, which is a huge benefit in the case of new PV installations.

The cost and performance of a PV plant depend on several technical design parameters that
should be optimized to ensure the best profitability of the plant. Several commercial software
tools are available to simulate the technical performance of PV plants in their design phase;
however, no method has yet been created to perform the optimization of the main design
parameters easily. A comprehensive and effective PV optimization method could facilitate the
decision-making process, reduce the design and installation costs, and improve the technical
standard of the installed PV plants. Moreover, the current design practice only accounts for the
installation costs and the expected energy production and revenues of the plants to maximize
the financial return on the investment. Integrating other factors, like environmental impacts and
the expected predictability, into the design process would ensure that not only the private but
the total social benefits are maximized. This thesis presents a general ground-mounted PV plant
optimization framework that can be applied both for supporting the design of commercial PV
projects and for research purposes, e.g., identifying the future trends in the PV industry and
quantify the effect of different design objectives.



Physical power forecasting and design optimization of PV plants are two different topics
from the application point of view; however, their methodology is similar as they both rely on
the modeling of the performance of PV plants based on either a forecasted or a representative
historical weather dataset. Chapter 2 introduces a complete review of the relevant PV
forecasting and design optimization literature and identifies the state-of-the-art and current
research gaps. Chapter 3 presents a general overview of the technical, economic, and
environmental modeling methods of ground-mounted PV power plants. The power output of
the plant is calculated as a function of the main meteorological variables as the irradiance,
ambient temperature, and wind speed by a model chain of seven main calculation steps. As
there are no universally accurate modeling methods in neither of these calculation steps, many
different models are collected from the literature and presented with a uniform nomenclature.
The economic and environmental models are based on the number of components, the amount
of materials, and the area of land required to install the PV plant, which are estimated using
basic assumptions derived from the literature and real projects. The installation costs are then
calculated using basic cost functions, and the different financial metrics are derived by an
economic model. The environmental impact calculation method is only presented briefly, as it
was developed by my colleague, Artar Szilagyi using a life-cycle assessment (LCA).

The research related to the PV power forecasting is summarized in Chapter 4. First, the
weather forecast and PV production data are introduced, which is followed by the description
of the verification framework constructed according to the novel recommendations of the
international research community. Even though physical PV power forecasting methods are
widely used in the literature, no study has been prepared yet to evaluate the effect and
significance of the model chain selection. The results of a detailed comparison of different
model chains revealed that the physical model selection has a significant effect on the forecast
error. The identification of the most critical modeling steps, the effect of the geographical
location and the wind speed forecast, and the conflicting nature of the different error metrics
are also described based on the evaluation of the individual verification results.

The proposed design optimization framework of ground-mounted PV plants and the related
results are detailed in Chapter 5. Ten important design parameters are selected as decision
variables and a wide range of different objective functions, including technical, economic,
environmental, and forecast-related ones, for the general optimization problem formulation.
The most effective algorithm and parametrization for the solution of this optimization problem
are selected based on the meta-optimization of three single-objective and one multi-objective
metaheuristic global optimization algorithms. The importance of the meteorological data
resolution is evaluated for the techno-economic optimization to quantify the reliability of
different meteorological datasets for real-world applications. The significance of the physical
model selection in plant design applications is presented through the comparison of the
optimization results with different transposition models. The effect of the decreasing PV
module costs on the optimal plant design illustrates an important application area of such
optimization methods.

Finally, Chapter 6 summarizes the main conclusions of this thesis and suggest promising
areas for further research.



2 Literature review

This chapter presents a detailed literature review to identify the state-of-the-art in the field of
PV design and forecasting. Despite the similarity of the underlying modeling methodology, PV
power forecasting and design optimization are two different research topics in the literature.
Section 2.1 presents the most important studies related to PV forecasting, while Section 2.2
deals with the recent advances in the field of PV design optimization.

2.1 Photovoltaic power forecasting

The intermittent nature of the solar irradiance calls for accurate forecasting techniques to ensure
the effective grid integration of the PV plants [4]. Solar forecasting emerges as one of the most
popular research areas in the field of renewable energy research with a roughly exponentially
growing number of published research papers in the last two decades [5]. The general “solar
forecasting” term stands for both solar irradiance and solar power forecasting [6]. Solar power
forecasting covers both PV systems, which utilize the global horizontal irradiance (GHI), and the
concentrating solar power (CSP) plants, which can convert only the direct normal irradiance
(DNI) into electricity. However, as CSP plants have two orders of magnitude lower worldwide
installed capacity than PV systems, and their power output can be dispatched to some extent due
to the commonly used thermal energy storage [7], the focus of the solar power forecasting
research is on the PV plants.

Except for very short term forecasting, where direct time series models or machine learning
(ML) techniques are also used, the PV power predictions are mostly calculated from irradiance
forecasts [8]. The irradiance forecasts can be produced based on sky imagery for less than 30
minutes time horizon, satellite-derived cloud motion vectors (CMV) for three to six hours ahead,
and numerical weather prediction (NWP) for longer forecast horizons [8]. Forecasting solar
irradiance is strongly linked to the field of meteorology, while the second step of the power
forecasts, which is the conversion of the irradiance into PV power output, is more connected to
the field of solar and photovoltaic engineering [9]. The power calculation methods are generally
classified into three main categories, physical, statistical, and hybrid approaches [10]. The
physical methods use a theoretical simulation model to calculate the output power of a PV system
based on its main design parameters. The statistical term, in this context, includes all data-driven
methods, covering both the classical statistical modeling and the novel machine learning
algorithms. The hybrid method is a combination of two different methods, either a physical and
a statistical, or two or more statistical models [11].

The statistical is the most commonly used approach for PV power forecasting in terms of the
number of published studies [8]. These data-driven methods are based on historical irradiance
and power production datasets, and they do not require any information regarding the design
parameters of the PV system. This approach is ideal for the transmission system operators (TSO),
who do not have detailed information about the PV plants to make a physical forecast but can
access the historical production data of the bigger plants. Leva et al. [12] calculated the day-ahead
PV output power from weather forecast data by an artificial neural network (ANN) and found
that the accuracy and pre-processing of the historical data used for the training has a strong
influence on the forecast accuracy. Wang et al. [13] compared two deep learning models, the
convolutional neural networks (CNN), long-short term memory network (LSTM), and their
combination for day-ahead PV forecasting from meteorological data. Their results have shown
that the hybrid model has the best performance, and the accuracy of the forecast highly improves
with the length of training data for up to 3 years. Theocharides et al. [14] demonstrated the
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application of artificial neural networks, weather clustering, and statistical post-processing for
day-ahead PV production forecasting based on NWP data for hot and cold semi-arid climatic
regions. Antonanzas et al. [15] used the support vector machine (SVM) and random forest (RF)
machine learning techniques for NWP-based day-ahead PV power forecasting and analyzed the
market value provided by the forecast. The results highlighted that each 1 kWh RMSE decrease
results in a 22.32 € annual increase in the forecast value for a 1.86 MW PV plant, which
underlines the high importance of the accurate PV forecasting. Many other studies demonstrate
the effectiveness of different machine learning methods for day-ahead PV power forecasting
based on radiation forecasts [16]. However, the accuracy of the data-driven forecasts largely
depends on the length of the training dataset, and the accuracy of even the most novel deep
learning methods is limited if only less than 1-3 years of historical data is available [13].

The physical power calculation approach is based only on the main design parameters of the
PV system, and it does not require any historical data. This approach is useful for PV plant
owners, who have all the necessary information available in the design documentation of the plant
but can not access any relevant historical production data for newly installed plants. Regarding
its accuracy, evidence can be found for both lower [17] and higher [18] performance of the
physical modeling compared to machine learning methods. However, most studies agree that
hybrid models, e.g., by adding physically-calculated properties [19] or even just the clear sky
irradiance [20] to the inputs of a neural network, overperform either the purely physical or
statistical approach. Physical PV power forecasting models have a high significance in two main
applications, 1) power prediction of new PV installations where no historical production data is
available, and 2) hybrid physical and data-driven modeling, which is the most accurate PV power
forecasting technique.

The theoretical modeling of the PV power output requires a series of calculation steps, ranging
from the calculation of the irradiance on the module surface through the modeling of the PV
module to the system losses. The set of successive modeling steps used for PV power estimation
is commonly referred to as a model chain [21-24]. There is no standardized or even generally
accepted way of constructing a model chain; therefore, even the calculation steps included in the
chain varies for different authors. Yang et al. [25] identified only three main steps, namely the
separation of the beam and diffuse irradiance, the transposition of horizontal irradiance to the
tilted surface, and the PV performance modeling. Lorenz et al. [26] used a physical model
including four calculation steps for the day-ahead hourly regional prediction of the German PV
production based on the forecasts of the global model of the European Centre for Medium-Range
Forecasts (ECMWEF). The four steps are the irradiance transposition (PEREZ), cell temperature
(LINEAR), PV performance (BEYER), and inverter (QUADRATIC) models. Wolff et al. [18]
compared support vector regression (SVR) with physical modeling for power forecasting based
on a satellite-derived cloud motion vector (CMV) and NWP irradiance forecasts. The physical
PV simulation is constructed from five steps, namely the SKARTVEIT-OLSETH separation and the
KLUCHER transposition, the LINEAR temperature, the BEYER PV performance, and the QUADRATIC
inverter models. Results show that the physical models enhanced by a simple linear regression
overperformed the SVR, especially based on the NWP irradiance data. Saint-Drenan et al. [27]
proposed a method for estimating the main parameters of a PV system from historical production
and irradiance forecast data using a physical PV model. In addition to the calculation steps
mentioned above, this model also includes the MARTIN-RuIz angular loss model to account for
the reflection losses from the module surface. Holland et al. [28] applied a physical model,
consisting of the DIRINT separation, PEREZ transposition, and an in-house PV performance
simulation models, to forecast PV power from NWP and local irradiance measurement data. The
results show that combining NWP with the persistence method, which takes the last measured
value as the forecast for the whole horizon, is beneficial up to five hours ahead. Amaro e Silva
and Brito [29] used physical modeling, including the ENGERER separation, PEREZ transposition,
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and MARTIN-RuUIZ angular loss model for spatio-temporal very short-term forecasting of PV
power based on the production of neighboring PV systems, which show the significance of the
physical approach not only in medium but also is very short-range power forecasts. Almeida et
al. [17] compared a detailed physical model with nonparametric Quantile Regression Forests for
hourly day-ahead forecasting of 6 PV systems. The physical model chain is one of the most
detailed that was found in the literature, consisting of the ERBS separation, PEREZ transposition,
MARTIN-RuIz angular loss, FAIMAN temperature, EVANS PV, and QUADRATIC inverter model,
and also considering the shading, spectral, and inverter losses. A comparison with local irradiance
and temperature measurements shows that in cloudy weather, most of the power forecast error
comes from the irradiance forecast. In contrast, under clear sky conditions, when the
meteorological forecast is quite accurate, the physical model is the main source of error.

Physical modeling is commonly used in the forecasting literature; however, the selection of
model chains is arbitrary in all the above-presented papers. Only three papers were found to
present a comparison of different model chains. Pelland et al. [30] performed an hourly day-ahead
power forecasting for three Canadian PV system based on the Global Environmental Multiscale
NWP forecast model. The physical power calculation model was selected as best from the
possible combinations of three separation (ORGILL-HOLLANDS, REINDL, ERBS), four transposition
(Liu-JORDAN, HAY-DAVIES, PEREZ, REINDL), and two PV (LINEAR, PVSAT) models, but their
differences are not discussed in detail. Dolara et al. [31] compared three PV (SINGLE DIODE with
3, 4, and 5 parameters) and two cell temperature (NOCT, SANDIA) models using measured
weather and power data. The irradiance on the PV modules is calculated by the Liu-JORDAN
transposition and MARTIN-Ruiz angular loss model, but their effect and selection are not
examined. The results show that the simpler models often overperform the more complex ones.
Hofmann and Seckmeyer [21] presented an inter-comparison of 90 physical model chains,
consisting of two Sun position, nine separation, and five transposition models for different
tracking modes and input data for the design simulation of PV systems. The results only include
the annual deviations, i.e., the mean bias errors of the model, as this is the one most relevant
metric for design simulation. The Sun position calculation algorithm has no significant effect on
the results, but the transposition and separation model highly influence the outcome of the
simulation. No study has yet been prepared that evaluated the effect of the model selection in all
steps of the physical modeling chain.

Despite the importance of physical irradiance to power calculation methods, no answers can
be found in the literature to such relevant questions as 1) how the selection of the physical models
influences the power forecast accuracy, 2) what are the most critical modeling steps, and 3) which
model chain should be chosen for an operational PV forecasting? Answering these questions not
only contributes to a deeper understanding of the physical modeling process but also crucial in
many applications. In practice, the identification of the most accurate model chain can directly
decrease the forecast error and enhance the grid integration of the PV plants. In research,
quantifying the uncertainty due to the model chain selection increases the reliability of the results.
E.g., a conclusion claiming that some machine learning method overperforms physical modeling
has questionable value as long it is not known whether or not the same improvement could be
achieved with a differently configured and optimized physical model chain. However, the main
obstacle of power forecast verification studies is the lack of reliable production data of operational
PV plants with known design parameters, which is also the main reason for the
underrepresentation of the power forecast papers in the solar forecasting literature [32].

The research presented in Chapter 4 aims to fill this gap by an extensive comparison and
verification of a wide range of different physical models for PV forecasting. A general schematic
of a physical model chain consisting of seven main calculation steps is proposed, and a large
number of models popular in the literature are selected for comparison in all of these main steps.
The verification is based on the production data of 16 Hungarian PV plants and the operational
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NWP of the Hungarian Meteorological Service for intraday and day-ahead time horizons. 151200
different model chains are verified for 32 cases, each based on about 17000 valid data points
covering one year with 15 minutes resolution, which is an unprecedented level of analysis in the
solar forecasting literature.

2.2 Design optimization of photovoltaic plants

Calculating the expected energy production of a PV plant during its lifetime is an essential
part of the design process. The annual energy yield is typically estimated from a representative
meteorological dataset using a detailed physical model chain [21]. The model chains used for
design simulations are generally more detailed than the ones used for power forecasting, as they
must account for all different losses of the plants to provide reliable results. There are several PV
design simulator software tools, like PVsyst and PVSOL, that are commonly used and well-
recognized for the energy yield estimations [33]. As none of these software offers a
comprehensive optimization functionality, the best design parameters are typically found in an
iterative trial and error manner by the plant designers. However, this method is time-consuming
and not effective, especially if a large number of plants have to be designed in a short time due to
the growing interest in PV technology. The increasing number of new PV installations calls for
easy-to-use optimization methodologies to enhance the optimal design of these plants.

The estimation of the expected energy production is based on radiation measurement data
representative for the location is interest. The solar radiation databases used for design
calculations are mostly based on satellite-derived irradiance due to the low number and spatial
coverage of ground measurement stations [34]. Due to the high interannual variability of the solar
resource, the simulations based on the measurements of only one year can deviate from the real
expectations [35]. A common solution is to use Typical Meteorological Year (TMY) datasets
generated from at least ten years of measurement data by using the most representative weather
data for each month [36]. Even though TMY is a simple but effective concept, the expected
variability and uncertainty of the annual energy production can be best quantified based on longer
datasets, preferably covering 15-45 years. The temporal resolution is also important due to the
cloud enhancement phenomenon, i.e., the higher global irradiance than the expected clear sky
value due to the reflection of irradiance from the clouds [37]. The cloud enhancement events have
a typical duration of less than a minute [38]; therefore, they are visible in minute-resolution
datasets, but they do not appear in hourly-averaged data. The lack of extremely high irradiance
values in an hourly dataset leads to the underestimation of the inverter clipping losses, especially
with increasing DC/AC power ratios [21,39]. However, due to the limited availability and longer
calculation time of minute-resolution data, hourly datasets are still dominant in PV simulations.

The optimization is a popular topic in the literature; however, most of the related papers deal
with stand-alone PV systems [40], which are not common in regions with general accessibility of
the power grid. The optimal design of stand-alone PV systems depends on the load profile, the
storage system, the hybridization with other renewable and the backup generator, which are not
relevant in the case of grid-connected systems. The optimization of grid-connected PV plants is
only covered in a handful of papers, which indicates the need for further studies in this field.
Gomez et al. [41] presented the optimization of the location and size of grid-connected PV
systems in a large geographical region considering the differences of the meteorological
conditions and the possible grid connection points. The objective function is the profitability ratio
(PR), while the energy production of the plant is estimated by a simple linear model and four
location-dependent loss factors. The comparison of different metaheuristic optimization
algorithms, including standard and binary particle swarm optimization (PSO) and genetic



algorithm (GA), reveal binary PSO and GA as the best performers in terms of accuracy and
computation cost.

Kornelakis and Marinakis [42] performed an optimization of the number, tilt angle, placement
on the mounting structures, and distribution among the inverters of the PV modules in a ground-
mounted PV plant. The objective function is the net present value (NPV) over the lifetime of the
plant calculated from the installation and maintenance costs and the revenues from the energy
production. The generated electricity is calculated by a simple model neglecting several important
factors like shading and cable losses, while the installation cost is derived from a detailed model
that even accounts for the mounting structure geometry. The comparison of two optimization
algorithms shows the supremacy of PSO over GA. In the following year, Kornelakis [43]
extended the previously described work into a multi-objective optimization (MOOQO) by adding the
avoided CO:2 emission calculated using life-cycle assessment (LCA) as a second objective
function. This study is among the first to include any type of environmental consideration into
the design optimization of a PV plant. The results derived by a multi-objective PSO quantify the
tradeoff between the environmental and economic factors, but the discussion is only related to
the optimization technique.

Notton et al. [44] optimized the inverter sizing ratio by maximizing the total produced energy
for four PV technologies (m-Si, p-Si, a-Si, CIS). This work is among the first to use a complex
model chain, including the CLIMED?2 separation, KLUCHER transposition, LINEAR temperature,
EVANS PV, and QUADRATIC inverter efficiency models, for PV system optimization. The sizing
ratio is mostly affected by the efficiency curve of the inverter, but it is also slightly affected by
the tilt angle, location, and module technology. Gomez-Lorente et al. [45] compared four
evolutionary algorithms to minimize the cable losses in solar tracking PV plants. The modeling
is limited to the length and losses on the DC cables without any detailed modeling of costs or
energy production. Regarding the optimization method, differential evolution (DE) has
outperformed the two types of GA and a CHC evolutionary algorithm. Later in [46], the
maximization of the installed capacity has been added as the second objective to form a MOO
problem. The comparison of two multi-objective evolutionary algorithms shows a better
performance of the non-dominated sorting genetic algorithm (NSGA-II) than the strength Pareto
evolutionary algorithm (SPEA-2). Sulaiman et al. [47] presented the optimal selection of modules
and inverters and the number of series modules and parallel strings for rooftop PV systems. The
optimization with evolutionary programming (EP) outperformed the traditional analytic sizing
methods, artificial immune systems (AIS), and genetic algorithm. The results also highlighted
that optimizing for the annual energy yield as a technical, and the NPV as an economic cost
function leads to significantly different results.

Chen et al. [48] presented an optimization of the inverter sizing with an objective function of
the total cost savings compared to a sizing factor of 100%. The power output is calculated by a
LINEAR temperature and EVANS PV model, while the inverter model includes different efficiency
functions and overload protection schemes. The modules are assumed to have a horizontal tilt to
avoid the need for transposition modeling, which is far from the common practice and thus
undermines the practical relevance of the results. The comparison of two locations with different
weather found that the higher irradiance in Las Vegas is compensated by the lower temperature
in Eugene, which results in a similar optimal inverter sizing. The increase in electricity rates and
incentives proportional to the DC power encourage the undersizing of the inverter, while
incentives proportional to AC power have an opposite effect. The minimal startup power, the
part-load efficiency, and the overload protection scheme of the inverter all influence the optimal
sizing.

Perez-Gallardo et al. [33] dealt with the ecodesign of ground-mounted PV plants with five
different PV technologies (m-Si, p-Si, a-Si, CdTe, CIS). The energy production is estimated by a



model chain consisting of CLIMED?2 separation, HAY-DAVIES transposition, DIRECT shading,
LINEAR cell temperature, and EVANS PV models, while the reflection and inverter losses are
neglected. The tilt angle, row spacing, and the number of modules are optimized for the maximum
energy production, while the results are evaluated in terms of payback time (PBT), energy
payback time (EPBT), and twelve other environmental impact categories. Later in [49], the
authors extended their work to a multi-objective optimization using NSGA-I11 for two technical,
one economic, and 15 environmental objectives. The redundant objectives were filtered by
principal component analysis, and the best compromise is selected using an M-TOPSIS decision-
making tool.

Paravalos et al. [50] used GA for the optimization of the number of the series and parallel
connected modules and the module rows on a mounting structure line to minimize the levelized
cost of electricity (LCOE). The comparison of 1-min and 1-h data resolution resulted in different
optimal configurations for inverters with a narrow input voltage range. Bakhshi et al. [51]
proposed an optimization method for the layout and connection of PV modules and inverters in
large-scale rooftop PV systems using GA. The annual energy production is calculated by the
LINEAR temperature, EVANS PV power, and QUADRATIC inverter efficiency models, while the
radiation on the modules is not modeled but taken from a dataset. The decision variables are the
number of the inverters, the used inputs per inverter, the parallel strings per input, and the series
modules per string, while the objective is the NPV. Bakhshi and Sadeh [52] optimized and
compared fixed, horizontal and vertical single-axis and dual-axis tracking systems for the
maximum profitability, described by expressed by the NPV, PBT, and IRR (internal rate of
return). The radiation on the modules is only roughly estimated using the incidence angle instead
of proper transposition modeling. The results found the single vertical axis tracker as the most
profitable for the examined location and conditions. Later in [53], the authors used binary linear
programming for the same optimization problem as described in [51], which has proved to be
faster and more accurate than evolutionary algorithms in finding the global optimum.

Aronescu and Appelbaum [54] optimized the solar field of ground-mounted PV plants with
the decision variables of the inclination angle, the distance between the rows, the height and
number of the rows, the number of modules connected in series and parallel, and the length and
width of the total field area. The shading of the beam and diffuse components are modeled in
detail, but other steps of the performance modeling are not described in detail. The objective
functions are the maximum annual incident energy, minimum field area, minimum plant cost, and
minimum cost of unit energy, of which only the last one can cover all the trade-offs and provide
realistic results. Vokony et al. [55] emphasized the importance of considering all relevant factors,
like shading, dust, wind load, and construction cost, during the optimization of the tilt angle in
ground-mounted PV plants. Martins Deschamps and Riither [56] optimized the inverter sizing
based on minute-resolution measured production data of 5 PV technologies (a-Si/uc-Si, a-Si,
CIGS, p-Si, m-Si) for different DC cost ratios. The results show that both the technology and the
DC costs have a large effect on the optimal sizing ratio.

Most of the optimization studies published in the literature focus on only one or several
aspects of the PV plant design, like inverter sizing, module layout, tilt angle, row spacing, cable
losses. Moreover, the PV simulation is mostly based on overly simplified model chains, while
even the few studies with detailed technical modeling used only five calculation steps. The
research described in Chapter 5 of this thesis introduces a general optimization framework for the
simultaneous optimization of all the important design parameters of ground-mounted PV plants
based on detailed technical, economic, and environmental modeling. The most important issues
of this topic are the selection of the calculation models, decision variables and objective functions,
the identification of the most suitable algorithms for single and multi-objective optimization, the
assessment of the effect of temporal resolution of the input data and the sensitivity analysis of the
optimal design.
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3 Modeling methods

This chapter presents a detailed description of all the modeling methods used for PV design
optimization and power forecasting. Section 3.1 introduces the technical performance modeling
of PV plants, i.e., the process of estimating the power output of a PV plant as a function of the
meteorological data. Section 3.2 describes the models and assumptions used for the calculation
of the economic profitability and environmental impact of the PV plants. The presented models
are explicitly described for ground-mounted, grid-connected PV power plants, as this type
accounts for the majority of new installations [1]. However, with minor modifications, the
modeling concept can also be applied to other types of PV systems.

3.1 Technical performance modeling

The PV plant performance model calculates the output power of the PV plant as a function of
the essential weather parameters. The inputs are the date and time, the global horizontal
irradiance (GHI), the ambient temperature, and the wind speed, as these parameters have the
strongest influence on the operating conditions of a PV plant [57]. The performance modeling
consists of several consecutive calculation steps; therefore, the whole modeling process is often
referred to as a model chain [24]. The general concept of a detailed performance modeling chain
is shown in Fig. 3-1, where most of the implementation found in the literature can be treated as
a special case of this general framework.

The first step of the modeling is the calculation of the Sun’s position for the date and time
of interest. Afterward, the global horizontal irradiance is decomposed into the beam and diffuse
components by a separation model. These components may be directly available from some of
the meteorological datasets, and the separation model can be skipped in such cases. The
horizontal irradiance components are then transposed to the tilted plane of the PV modules. The
reflection from the module surface and the soiling losses are taken into account to calculate the
effective irradiance on the modules. The temperature of the cells is determined from the ambient
temperature, the absorbed radiation, and the wind speed. The power of the PV modules is
modeled as a function of the irradiance and cell temperature. The further losses of the system
include the degradation, the shading effects, and the cable, inverter, and transformer losses.

Sun position Shading DC cable
losses losses

?

e\_ epara‘uon Transposmon Reflection Inverter <_®
model model model model

Transformer,
5 —_—
medium voltage

Cell temperature @ Soiling loss

model T ?
0 PV module . AC cable é

Fig. 3-1 Concept of the physical PV performance modeling based on weather data. Red boxes
indicate the seven main modeling steps where multiple model variants are presented.

The seven main calculation steps are identified as the 1) separation, 2) transposition, 3)
reflection, 4) cell temperature, 5) PV power, 6) shading, and 7) inverter models, as they have
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The precise calculation of the shading losses can be performed by calculating and summing
the I-V curves of all connected cells; however, this method is computation-intensive and not
practical is such applications where a fast calculation is important [171]. Given that the current
of the series cells are limited by the current of the cell with the lowest irradiance, and the voltage
of a cell only increases slightly with the decreasing current, considering the power of all series
cells the same as the lowest cell power is a fair but simple approximation. In case of the three

(unshaded, partially shaded and fully shaded) irradiance levels, the P-V characteristic of a string
has three local maxima [172]:

1) no bypass diodes activated, all cells produce energy with the power limited by the shaded
cells

2) bypass diodes activated for shaded and partially shaded cells, only the unshaded cells
produce electricity with their possible maximum power

3) bypass diodes activated for totally shaded cell, the unshaded and partially shaded cells
produce energy with the power enabled by the partially shaded cells

The A4Vwpd voltage drop of the activated bypass diodes is also considered in the latter two
cases. A perfect maximum power point tracking (MPPT) is assumed, which can always adjust
the string voltage to find a global maximum of the three presented cases [173]. The same
shading conditions are assumed for all strings at the same MPPT, and no other losses are
considered due to the voltage mismatch of strings. The Ish electric shading loss factor, derived
by the presented method, is shown as a function of the wsh relative shaded area in Fig. 3-7. for
Gpv = 800 W/m?, Gpvsh =200 W/m? and Nmpi=2. Fig. 3-7 a) applies for modules with
landscape orientation (Ncg = 6), while Fig. 3-7 b) refers to portrait orientation (Ncg = 2). The
diagrams clearly show the benefit of landscape orientation in reducing shading losses.
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Fig. 3-7 Shading loss factor as a function of the shaded area for landscape (a) and portrait (b)
module orientations

3.1.6.2 DiFruse shading

The adjacent PV rows not only occasionally shade the modules from the direct sunlight, but
also obscures the lower part of the sky globe, which results in a decrease of the sky-diffuse
irradiance component. The diffuse shading, visualized by the arrows in Fig. 3-4, is responsible
for 50-80% of the shading losses in typical PV plants [174]. This effect can be accounted for

by the modification of the isotropic diffuse transposition factor to reflect the actual view factor
from the modules to the sky [54,175]:

1+d-—./sin? B+ (d — cosB)?
Td,iso = \/ [; p (3.120)
This view factor is an average for the whole surface of the modules, while the actual diffuse
irradiance is continuously increasing from the bottom to the top cells [159]. Even though the
diffuse irradiance is not uniform, it varies in a relatively narrow range and a small deviation

from the MPP current results in only a marginal decrease of the power output due to the shape
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Ppe = Np (Nspmp - Imszc,DC) (3.129)

where Rc,pc is the average cable resistance of a string. The total P« power on the low voltage
side of the transformers is calculated as follows, taking into account the losses on the low
voltage AC cabling when no reactive power is assumed (cos¢ = 1):
PAC 2

Py = NinyPac — (Tl) Re ac (3.130)
where Rcac is the average resistance of a cable connecting an inverter to a transformer, Ninv iS
the number of inverters in the PV plant, and Vi is the line voltage on the low-voltage side of the
inverter. The DC and AC cable resistances can be calculated either from the length and cross-
section of the cables or from the dvpc and Advpc relative design voltage drop at nominal
conditions, which are often available from the design documentation of the plant:

Nstp,STC

Repc = Avpc I (3.131)
mp,

175

Reac = Avye (3.132)

Pinv,max
The losses medium-voltage AC cables are not considered as they depend on many local
factors, and they are much smaller compared to the low-voltage cables.

3.1.8.2 Soiling

The soiling of the PV modules results in losses due to the reduction of the absorbed irradiance.
The soiling loss is changing over time due to the continuous dust accumulation and the effect
of rain or cleaning. There are several complex models to describe the dust accumulation
[180,181], which are useful for cleaning optimization but typically not suitable for the power
calculation, as they require many location-dependent and mostly unknown parameters. A
simple correlation for the lsoii soiling loss factor can be fitted to the experimental results
presented in [182] as a function of the Ztilt angle of the modules:

lsoi = 0.01385 — 0.0001558 (3.133)

This soiling loss factor is considered constant over time, and it should be applied to the
global tilted irradiance by multiplying it by (1 — I5,;;).

3.1.8.3 Degradation

The efficiency of the PV modules decreases over their lifetime due to the degradation effects.
One type of degradation is the light-induced degradation (LID), which occurs in the first hours
of the exposure to the solar radiation [183], while the other type is a continuous degradation
over the whole lifetime. Power of the modules in the tth year of the lifetime is estimated as:

t—0.5

Prp,e = Pmpo(1 — lLID)(1 - ldeg) (3.134)
where Iuip is the light-induced degradation loss factor, and laeg is a yearly degradation rate.

The long-term measurement results of 12 crystalline silicon PV modules revealed that
degradation mainly reduces the current of the modules while their voltage is almost unaffected
[184]. The reduction of the MPP current is calculated similarly as the MPP power, while the
MPP voltage is considered the same for each year. As each PV module degrades differently,
the losses caused by the mismatch of the modules also increases [184,185], which results in a
higher degradation rate for an array than for a single module.
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where psteel IS the density of steel, Lseg is the length of one segment, and Asp,v and Asph are the
cross-section of the vertical and tilted, and the horizontal spars, respectively (the horizontal
spars are typically thinner than the vertical and tilted ones).

The length of the DC and AC cables depend on the type of inverters used in the PV plant.
The string inverters are typically placed close to the modules, which results in shorter DC but
longer AC cables. The central inverters are closer to the transformers, which leads to longer DC
but shorter AC cables. The assumptions presented below apply for string inverters, as this is the
most commonly used inverter type in Hungary. In this case, the strings connecting to the same
inverter are typically placed in the same mounting structure line to avoid underground cable
ducts. In our detailed shading analysis study presented in [174], we concluded that the modules
at the same vertical position should be connected to the same string to minimize the shading
losses. This string arrangement is visualized in Fig. 3-9.

Inverter

Fig. 3-9 String layout for DC cable length calculation

The adjacent modules are connected by their own cables (blue cables in Fig. 3-9); therefore,
the DC cables should only cover the distance between the inverters and the first and last module
of each string (red cables in Fig. 3-9). The Lcpc average length of the DC string cables are
calculated as:

NsLpoa Np l . ( l ) l
L =L + E 2 ceil -1 3.145
c,DC c0,DC Np i=0 ZNmpl ( )

where Lcopc is the basic length of the cables, accounting for vertical height differences and
margins.

The Acpc cross-section of the cable is calculated using its average length and resistance
[46]:

A _ TeuLlepe
c¢,DC —

3.146
Rc,DC ( )

where rcu is the resistivity of copper, and the average Rcpc resistance can be calculated from
the desired nominal voltage drop by (3.131).

The low-voltage (LV) AC cables connect the inverters to the transformer. Their length is
estimated using two assumptions: the cables run only parallel or perpendicular to the mounting
structure lines, and the inverters are placed in a square around the transformer according to Fig.
3-10 [54]. The Lcac average length of a low-voltage AC cable is calculated as:

_ 1 Py
Leac = Leoac + > Aimoa . (3.147)

where Pay is the nominal power of one LV/MV transformer and Pinstac is the total installed AC
power.
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Fig. 3-10 Inverter layout for AC cable length calculation
The Acac cross-section of one conductor of the three-phase AC cable is calculated from its
length and resistance:

_ Teuleac
cAC —

3.148
Rc,AC ( )

where the average Rcac resistance, similarly to the DC cables, can be calculated from the
nominal AC voltage drop by (3.132). The length of the medium-voltage (MV) cables is not
modeled in detail as it is typically significantly lower compared to the low-voltage cables, and
it depends on many local factors that are hard to generalize.

The mcu total mass of copper in the DC and the four-wire low-voltage AC cables are
calculated by:

Mey = pCu(Nch,DCAc,DC + 4LC,DCAC,DC)Ninv (3.149)

where pcu is the density of copper.

The transformers and medium-voltage switchgears are simply characterized by the Pinstac
nominal AC power, and not modeled in detail as they depend more on local factors than the
design parameters of the plant.

3.2.2 Installation costs

The upfront installation cost of the PV plant can be estimated from the main quantities described
in the previous subsection. This part of the calculation has the highest customization potential
for real projects, as the investors can use any arbitrary cost function, which can reflect their real
purchase prices, installation costs, discounts, etc. A general but simple cost calculation method
is presented below.

The Cpyv total cost of the PV modules is calculated from the cmoed UNit cost of one module,
and the total number of modules [47]:

Crv = CmodaNmoa (3.150)
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The Cinv total cost of the inverters is computed from the cinv unit cost of one inverter and the
total number of inverters:

Cinvy = CinyNiny (3-151)

The Ciand cost of the occupied land area, including the land leveling works, the lighting and
lightning protection is proportional to the Aiand land area and the Ciand Unit cost [54]:

Ciana = ClanaAiand (3.152)

The Cst cost of the mounting structures is considered proportional to the raw material, i.e.,
the ms: total mass of the steel spars by a cst unit cost [42]:

Cs¢ = CseMgt (3.153)

The Ccpc cost of DC cabling is the product of the total length of DC cables and the
ce,oc(Ac,pc) cross-section dependent unit cost of the cables:

Cenc = Cc,DC(Ac,DC)NinvaLc,DC (3.154)

Similarly, the Ccac cost of low-voltage AC cables is the product of their total length and
their ccac(Acac) cross-section dependent unit cost:

Ceac = Ceac (AC,AC)NinvLC,AC (3.155)

The Cur cost of the AC components, including the transformers and medium voltage cables
and switchgears, is considered proportional to the Pnomac total nominal AC power:
Ctr = CtrPromac = CtrNinyPiny (3.156)

The Cmod, Cinv, Cland, Cstruct, Cc,DC, Cc,ac @nd Cir unit cost factors include not only the purchase
costs of the devices but also all additional costs like planning, transportation, installation labor,
and taxes. They can be either constant or any arbitrary function of any of the design or
calculated parameters, which provides great flexibility in refining the economic model.

The Cinst total installation cost is the sum of the described components:

Cinst = Cpv + Ciny + Ciana + Cseruce + Cepe + Ceac + Cor (3.157)

The upfront incentives granted for the PV plant are proportional to either the total
installation cost or the nominal DC or AC power of the plant [48]. These S subsidies can be
calculated as an arbitrary function of these parameters:

S = f(Cinst' Pnom,DCJ Pnom,AC) (3.158)

3.2.3 Revenues and costs during the operation

The revenues of a PV plant are coming from the sale of the produced electricity. The Rt annual
revenues of the in the tth year is calculated as the sum of the product of the pel unit rate of
electricity, the Pgria,i power fed into the grid in each timestep of the given year and the 4t length
of a timestep:

R, = Z pelpgrid,t,iAt (3,159)
i
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The electricity rate includes all subsidies, and this general formula is not only valid for
constant or yearly changing feed-in tariffs, but also for real market prices with hourly or sub-
hourly variability.

The Coawm,t Yearly operation and maintenance (O&M) cost are assumed proportional to the
installation costs with an aoewm cost factor:

Cosmt = AoamCinst (3.160)

The probability of failure of the inverters is considered uniform over time, thus the Creplyt
inverter replacement cost is the same in each year:
C — Cinv
ePLt ™ MTBF,,,
where MTBFinv is the mean time between failures of the inverter [52]. The failure and
replacement of modules are not considered separately but included in the general O&M costs.

(3.161)

3.2.4 Financial profitability metrics

The dynamic economic model used in this thesis considers the time value of money by
calculating the discounted present value of the cash flows over the lifetime of the plant. The net
present value (NPV) of the investment is calculated as [41]:

tie
R — Cogmr — C
NPV = ) O IR (4 ) = (Gt = S) (3.162)
e (1+7)

where ti is the design lifetime of the plant, rtax is the taxation rate on the net incomes, and r is
the discount rate. The NPV is an absolute metric, which means that a larger project has higher
NPV even if their payback time is similar. This drawback can be overcome by using the PI
profitability index, which is the sum of the discounted future cash flows normalized to the
upfront costs, and calculated as:
Pl =1+ NPV
Cri—S (3.163)
The internal rate of return (IRR) is the discount rate where the NPV is zero, which can be
derived by a numerical root-finding method:

NPV(r=1IRR) =0 (3.164)
The payback time (PBT) is the time when the NPV of the investment turns positive:

NPV (t;, = PBT) =0 (3.165)
The levelized cost of electricity (LCOE) express the average net present cost of a unit of the

generated electricity [188,189]:

C +C
t 0&M,t repl,t
Cinst + Ztl=t1 (1 + T)t

tie E;
Ze=1 T+ 1)t
where Et is the total produced electricity in year t.

LCOE =

(3.166)

3.2.5 Environmental impacts

Szilagyi and Grof found that 90% of the environmental impacts of a ground-mounted PV
plant results from the modules, inverters, and steel, aluminum, and copper use [190]. Aluminum
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can substitute some of the steel in the mounting structure and the copper in the cables, but it is
not essential in either application; therefore, it can be neglected to further simplify the model
[191]. The Elwt total environmental impact in a given impact category can be estimated from
the Nmod total number of modules, Pinstac total AC inverter power, mst mass of the steel
mounting structure and mcu mass of copper in the cables, which are all calculated in the
component and material needs calculation model of Section 3.2.1:

tie
nst,AC MTBFan

where Elwot is the total environmental impact in the category of interest, while Elpv, Elinv, Elsteel,
and Elcu are the specific impacts for the PV modules, inverters, steel, and copper, respectively.
The specific environmental impacts of each category are collected from the ecoinvent 3.5 life-
cycle impact database [192] as described in [191]. The specific environmental impact for a unit
of produced energy is calculated as:

Eliot = ElpyNipoa + Eliny Py + Elgteemge + Elcymey (3.167)

(3.168)

where Ewt is the total energy production of the plant over its lifetime.

The EI environmental impact is used as a general term in the above equations, which can
cover any of the 16 individual impact categories of the Product Environmental Footprint (PEF)
methodology summarized in Table 3-7 [193]. The aggregated impacts of the four main damage
types and the total environmental footprint (PEF) is calculated as the weighted sum of the
normalized impact scores of each category. A more detailed description of the environmental
modeling of PV systems can be found in [190,191].

Table 3-7
List of damage types and environmental impact categories of the Product Environmental Footprint
(PEF) methodology [190]

Damage type Midpoint impact category Abbr. Unit
climate change (CC) global warming 100a GWP kg CO2 eq.
freshwater and terrestrial acid. AP mol H+-eq
] freshwater ecotoxicity FETP CTUe
ecosyszgrg)quallty freshwater eutrophication FEP kg P-eq
marine eutrophication MEP kg N-eq
terrestrial eutrophication TEP mol N-eq
carcinogenic effects HHC CTUh
ionising radiation IR kBq U235-eq
non-carcinogenic effects HHNC CTUh
human health (HH) ozone layer depletion ODP kg CFC-11-eq
photochemical ozone creation POCP kg NMVOC-Eq
respiratory effects, inorganics RE kg PM2.5-Eq
fossil fuels depletion FFD MJ
resources land use LU kg Soil Organic C
(RD) minerals and metals depletion MMD kg Sb-Eq
water depletion WDP m3 water eq.
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4 Photovoltaic power forecasting

This chapter summarizes the results of the research performed on the deterministic physical
power forecasting of PV plants, focusing on the model chains used to calculate the power output
of a PV plant from weather prediction data. The literature review presented in Section 2.1
highlighted that despite the practical importance of the topic, no studies have yet been
performed to evaluate the effect of the model selection on the forecast accuracy. This chapter
presents the detailed verification, comparison, and assessment of all possible physical model
chains that can be constructed from the models introduced in Section 3.1. First, the verification
framework, including the sources and the quality control of the required data and the error and
performance metrics, are presented in detail. This is followed by a thorough description and
evaluation of the results from several different points of view, while the chapter ends with a
summary of the main finding.

4.1 Forecast verification framework

The most crucial part of the preparation of a forecast verification study is the collection of the
required data. In the case of intraday (ID) and day-ahead (DA) physical power forecasting, the
verification can only be performed based on the production of several PV plants and weather
forecasts for the same locations. Both types of datasets should have a 15-minute resolution to
fit the current market structure and cover at least a whole year to ensure that seasonal factors
do not bias the results. Depending on the source and reliability of the data, a quality control
procedure is required to eliminate the erroneous data points. The selection of error and
performance metrics used for the verification largely affect whether or not the proper and
reliable conclusions can be drawn from the results [194]. Lastly, the large number of the
compared model chains call for a simple identification scheme. All relevant information about
the verification process is summarized in the next subsections.

4.1.1 Photovoltaic plant production and design data

The PV plant production data used for the verification is provided by the MVM Green
Generation Ltd. from all their 16 ground-mounted, grid-connected PV plants that started
operating before 2019. The name, location, installed DC and AC power, and the annual energy
yield of these 16 plants are listed in Table 3-4. The plants were commissioned in the second
half of 2018 except for Pécs, which was installed in 2016. Gy6rvar 1 and 2, and Kajarpéc 1 and
2 are pairwisely located in the same village close to each other. The 14 individual plant locations
are shown in Fig. 4-1, and they are well distributed among the different parts of Hungary.
Considering that the expected annual energy production is around 1200 kWh/kW for Hungary,
most of the examined PV plants produced well above the expectations in 2019.

The power production data are available in 15-minute temporal resolution for the whole
year of 2019. Additionally, the design data required for physical modeling are also provided for
all 16 plants. These data include the tilt and azimuth of the modules, mounting structure
geometry, row distance, number and type of modules and inverters, and the number of series
modules in each string and parallel strings for each inverter. Moreover, three loss factors were
extracted from the documentation of the plants, which describe the cable, transformer, and other
losses. As no detailed information is available about the topography of the area, all plants are
considered to be on a flat land area, and the shading due to the horizon is not considered.
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Table 4-1 Main data of the 16 PV power plants used for the forecast model testing. Ppc: DC installed
capacity, Pac: AC nominal power, Y2mng: specific energy production for unit DC power in 2019

. Poc Pac Y2019
Name Coordinates KW KW KWh/KW
Bodajk 47.33°N, 18.22° E 590 498 1311
Cegléd 47.19°N, 19.80° E 590 498 1336
Felsozsolca 48.12° N, 20.89° E 20038 16776 1262
Fert6széplak 47.61°N, 16.84° E 590 498 1281
Gyorvar 1 46.99° N, 16.83° E 590 498 1256
GyOrvar 2 46.99° N, 16.83° E 590 498 1273
Kajarpéc 1 47.51° N, 17.62° E 590 498 1287
Kajarpéc 2 47.49° N, 17.62° E 590 498 1291
Kecel 46.53° N, 19.22° E 590 498 1337
Kotegyan 46.74° N, 21.48° E 590 498 1333
Mezbkovacshaza  46.40° N, 20.90° E 590 498 1355
Nagyvazsony 46.98° N, 17.69° E 590 498 1323
Paks 46.57° N, 18.82° E 20680 17244 1323
Pécs 46.06° N, 18.26° E 10044 10097 1211
Veszprém 47.10° N, 17.87° E 590 498 1324
Ujkigyos 46.60° N, 20.99° E 590 498 1354

Fig. 4-1 Map of the photovoltaic power plant locations

4.1.2 Meteorological forecast data

The numerical weather prediction (NWP) data required for the power forecasting is provided
by the Hungarian Meteorological Service in the frames of the research collaboration I initiated
in 2018. The NWP data are calculated by the operational AROME limited-area, high-resolution,
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non-hydrostatic, mesoscale weather forecast model. The boundary conditions of the model are
supported by the global forecast model of the European Centre for Medium-Range Forecasts
(ECMWEF). The AROME model generates forecasts for 48 hours time horizon with 15 minutes
temporal and 2.5 km horizontal spatial resolution for a domain covering the whole Carpathian
Basin. The global horizontal irradiance is calculated by the radiative transfer model of the
ECMWEF. A detailed overview of the model, including its parametrization and operational
aspects, can be found in [195]. The verification of the GHI forecasts versus high-quality ground
irradiance measurement is described in [196].

The NWP data used in this study are the 1) global horizontal irradiance, 2) temperature at 2
m, 3) wind speed at 10 m forecasts of the 00 UTC model run. The 48 hours time horizon is
ranging to the midnight of the next day and can be separated to a 0-24 hours intraday (ID), and
a 24-48 hours day-ahead (DA) parts. The PV plant operators can utilize the DA part of each
daily NWP to operators for creating the production schedule for the day-ahead market, while
the ID part of the same forecast is suitable for a one-time schedule refinement on the intraday
market without any additional costs. The 15 minute time resolution of the forecast is the same
as the required resolution of the forecasted production schedule; therefore, no interpolation or
resampling is required during power calculation.

4.1.3 Data quality control

In general, the quality control of the data used for a forecast verification is important to reduce
the risk of misleading conclusions resulting from the erroneous data points. The PV plant
production data are retrieved from the official energy metering that is serving as a basis of the
financial settlement and the imbalance calculation. The NWP data are coming from a reliable
operational weather forecasting service with no missing or invalid data points. Accordingly,
both datasets are of high quality, and no advanced quality control routine has to be performed
to track any erroneous data [197].

The only applied quality control step is the exclusion of all daytime data entries when the
power production of the plant is zero, as suggested in [57]. These zero values indicate the
shutdown of the plant due to malfunctions or maintenances and appear only in 1.0-3.4% of the
year, which is normal for PV plants in their first year of operation. The number of valid data
points per plant is between 16921 and 17517, and it is listed for all plants in Table 4-2.

A common practice in the radiation model validation [61] and forecast verification [194]
studies is to exclude the data when the solar zenith angle is >85° due to the higher measurement
and model errors and the limited energy production during this period. This approach is not
adopted in this study as an operational PV forecast must provide a production schedule even
for these early and late hours of the day; therefore, they cannot be just simply neglected in any
practical applications. Nevertheless, the effect of this filter is marginal, as only 0.23-0.33% of
the total annual energy was produced for >85° zenith angles in the 16 PV plants.

4.1.4 Error and performance metrics

There is still no standardized method for the verification of photovoltaic power forecasts, which
results in the lack of reliable comparability and undermines the value of many verification
studies, as it became a common practice to use only such error metrics that are favorable for
the proposed forecast method [194]. However, a recent paper authored by many prominent
researchers of the solar forecasting field shows a forming consensus about the best evaluation
method [194]. The main recommendations are the use of a distribution-oriented verification
according to the Murphy-Winkler framework [198], and the root mean square error (RMSE)
skill score as an indicator of the overall skillfulness of the forecast. Even though the joint
distribution of the forecasts and measurements contains all time-independent information about
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the forecast performance, it is not suitable for the effective comparison of the 151200 different
forecast results. Instead, the three most commonly used statistical error metrics are calculated
for the evaluation [6]:

e Mean absolute error (MAE):
1 N
MAE = Nzwﬂ — Preas (4.1)
i=1
e Mean bias error (MBE):

1 N
MBE = NE(PJ:C — Preas) (4.2)
i=1

e Root mean square error (RMSE):

1 d 2
RMSE = NZ(P]:C — Preas) (4.3)
i=1

where Pic and Pmeas are the forecasted and measured power values, respectively, and N is the
number of the valid daytime data entries. The nighttime values, as identified by a >90° zenith
angle, are excluded from the verification [194].

The electricity market structure influences whether the RMSE or the MAE is the better
indicator of the value of the forecast. In most European markets, including Hungary, the PV
plant owners have to pay imbalance penalties proportional to their forecast error, which is best
described by the MAE [3]. However, the RMSE penalizes the larger errors more heavily, which
makes it the most suitable indicator for the system operators as larger imbalances require the
intervention of more costly reserves [10].

The installed capacity and total energy production are different for all PV plants; therefore,
all three error metrics are normalized to the mean power production following the lastest
recommendations [5,194]. The Pmean average power values used for the nMAE, nMBE, and
NRMSE calculations are listed in Table 4-2 for all PV plants. Normalization to other quantities,
like nominal or maximum power, is also common in the literature, which results in much lower
percentage values as the daytime mean power is only around 28-32% of the installed DC
capacity. This difference is essential to account for when comparing the results presented in
this thesis with other verification studies.

The variance of the forecast is also a relevant indicator as it provides an insight on the spread
and dispersion of the data [199]. For better comparability, the forecast variance can be
normalized to the variance of the measured power of each plant:

_ V(P)
V(Pmeas)
where V(..) is the variance, and F is the variance ratio. F < 1 (or 100%) indicates the under-
dispersion, while F > 1 is a sign of the over-dispersion of the forecasted power compared to
the actual measured values.

The skill score measures the forecast accuracy compared to a reference forecast based on a
naive forecasting method, calculated as the relative improvement of a chosen error metric [200].
The most widely used RMSE skill score is calculated as [194]:

RMSE;,
RMSE,o;

(4.4)

s = (4.5)
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The skill score enables a better comparison of forecast in different time horizons and
locations with different weather variability. The most common naive reference forecast is the
persistence method, which assumes that the forecasted irradiance over the whole time horizon
remains the same as the last measurement [8]. In the case of day-ahead forecasting, the 24-h
and 48-h persistence models are more appropriate benchmarks, as they use the measured power
of the last available day as the forecast for the day of interest [201]. For a given day number t,
the submitted intraday and day-ahead forecast applies for day t and t+1, respectively, while the
last measured data are from day t-1. Accordingly, the 24-h persistence is the appropriate
benchmark for the intraday, and the 48-h persistence is for the day-ahead part of the whole time
horizon. Another well-accepted naive forecast is climatology, which refers to the long-term
average power of the plant [200]. Yang suggests the use of the optimal convex combination of
single-valued internal climatology and 24-48-h ahead persistence as a standard reference for
the skill score calculation, as this forecast has the smallest RMSE among the naive forecast
methods [202]. The verification presented in this thesis follows both the common practice and
the novel recommendations to ensure both the backward and forward comparability with other
verification studies. Therefore, the skill scores are calculated for both the persistence (suffix p)
and the optimal climatology-persistence (suffix cp) reference methods. The nRMSE values of
both reference forecasts are summarized in Table 4-2 for and all PV plants and time horizons.

Table 4-2 Average and variance of daytime power production and the performance of the naive
reference forecasts. The p suffix stands for persistence, while cp denotes the optimal combination of
climatology and persistence

Name Valiql data  Ppmean V(Pmeas) Intraday Day-ahead

points kW KW?  nRMSEp, nRMSEe NRMSEp, NnRMSEcp
Bodajk 17496 176.7 25286 76.8% 69.4% 824% 73.3%
Cegléd 17035 184.7 24523 734% 66.2% 77.0% 68.6%
Fels6zsolca 17300 5841.7 27838740 74.7% 68.0% 83.0% 73.7%
Fertdszéplak 17499 172.6 25457 81.7% 73.3% 87.3% 76.9%
Gyorvar 1 17467 169.4 24585 84.0% 749% 883% 77.6%
Gyorvar 2 17452 171.9 25134 82.1% 735% 86.6% 76.5%
Kajarpéc 1 17339 175.1 25182 80.1% 718% 86.0% 75.7%
Kajarpéc 2 17371 1753 25021 80.6% 72.1% 86.6%  76.0%
Kecel 17056 184.6 24483 71.6% 649% 76.3% 68.1%
Kotegyan 16921 185.5 24794 68.0% 623% 73.1% 66.0%
Mezokovacshaza 17052 187.0 25084 70.3% 63.9% 73.6% 66.3%
Nagyvazsony 17513 178.0 25633 79.9% 71.6% 844% 74.5%
Paks 17179 6363.5 29221138 70.1% 63.9% 76.0% 67.9%
Pécs 16993 2859.5 6084581 74.3% 67.1% 79.1% 70.3%
Veszprém 17517 178.2 25462 778% 701% 83.1% 73.6%
Uijkigyos 17061  186.9 25206  69.4%  63.4% 73.5%  66.3%

4.1.5 Identification of physical model chains

The seven main calculation steps of the PV plant modeling chains are independent, which
means that any possible combination of the presented models in each step leads to a valid and
usable model chain variant.
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The Sandia Array Performance Model (SAPM) is not included in the verification due to the
lack of available parameters of the modules installed in the examined PV plants. Instead, three
different versions of the SINGLE-DIODE (SD) model are compared, a four and a five-parameter
version using the parameter estimation technique described in Section 3.1.5.5, and the five-
parameter model with the measurement-based parameters from the CEC module library. The
ten separation, fourteen transposition, four reflection, five temperature, six PV performance,
three shading, and three inverter models included in the verification are listed in Table 4-3. The
possible combination, i.e., the Cartesian product of these models results in 151200 different
model chains.

This high number of model chains calls for a simple but clear identification scheme to enable
the short referencing of the different variants. The proposed identifier is an alphanumeric code
with seven letters, standing for the modeling steps, and each followed by a number indicating
the model in the given step. The letters and the number are shown in the columns and rows of
Table 4-3, respectively. For example, C8D13R3T4P2S213 stands for the ENGERER separation,
PEREZ transposition, MARTIN-Ruiz reflection, MATTEI cell temperature, HuLD PV
performance, and DRIESSE inverter models, including only the DIRECT shading effect.

Table 4-3 ldentification code and number of physical model chain variants

Separation Transposition Reflection Temperature PV power  Shading  Inverter
C D R T P S I
1 ORGIL-HOLLANDS ISOTROPIC None LINEAR EVANS None  CONSTANT
2 ERBS KORONAKIS ASHRAE KING BEYER DIRECT QUADRATIC
3 SKARTVEIT-OLSETH BADESCU MARTIN-RUIZ FAIMANN HULD  DIR.+DIFF. DRIESSE
4 DISC BUGLER PHYSICAL MATTEI SD 4 par.
5 DIRINT STEVEN SKOPLAKI SD 5 par.
6 DIRINDEX HAY-DAVIES SD CEC par.
7 BRL WILLMOT
8 ENGERER SKARTVEIT-OLSETH
9 STARKE GUEYMARD
10 PAULESCU-BLAGA MUNEER
11 TEMPS-COULSON
12 KLUCHER
13 PEREZ
14 REINDL

4.2 \erification results

The 151200 different model chains are verified for all 16 PV plants and two time horizons,
which results in 4838400 individual verification results, each calculated from around 17000
valid daytime data points covering the whole year of 2019 with 15 minutes resolution. The
runtime of one verification is ranging from 0.01 s to 1 s depending on the plant and model chain
with an average value of 0.16 s, which resulted in a total runtime of 54 hours even with parallel
processing using all four cores of an Intel i5-7500 3.40 GHz processor. Even though the
verification of all possible models chains is time-consuming, it is the only proper way to derive
reliable insights on the performance of all models. The accuracy of a model chain depends on
all involved models; therefore, comparing only the models of one step with arbitrarily chosen
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fixed models in the other six steps could lead to misleading and unreliable results, and it does
not guarantee the finding of the best model chains.

There are effective methods for the performance evaluation of a single forecast or the
comparison of several forecasts, but no previous study is known that compared millions of
individual forecast verification results. The evaluation is based on the average performance of
each component model, the range and distribution of the error metrics for each location, and
the identification of the best performing model chains. Moreover, the methods and benefits of
the optimal model selection and the effect of wind speed data are also assessed.

4.2.1 Average model performance

The averages of the six performance metrics for each model are presented in Table 4-4. These
values are averaged for all locations, time horizons, and model chains that include the given
model, i.e., each value in Table 4-4 is an average of 345600 (for transposition models) to
1612800 (for shading and inverter models) individual metrics. In these highly averaged values,
even a small difference is significant, as a better value reflects that a given model generally
performs better than the others regardless of the location, horizon, and the models used in the
other steps of the model chains. Table 4-5 summarizes the average difference between the best
and worst-performing models in each calculation step for four error metrics. The skill scores
are not included here as they are calculated from the RMSE; therefore, they fully correlate, and
the skill scores do not carry any additional information regarding the relative performance of
the different models.

The highest differences in the average metrics can be seen by the transposition models,
closely followed by the separation models, which indicates that these are the two most critical
calculation steps, i.e., the steps where the model selection has the highest impact on the overall
forecast accuracy. They are followed by the temperature and PV performance models, which
have a lower but still significant effect on the forecast accuracy. The reflection and shading
models are even less determining, however, considering both types of losses in some form
improves the main error metrics. Lastly, inverter modeling is the least critical step, as there is
only a very small difference between the three different models. The fact that the constant
inverter model leads to a similar accuracy as the load and voltage-dependent models presumes
that the simplified modeling of the other less important AC components like the transformers
and medium-voltage devices is also an acceptable approximation. The DIRINDEX and
BADEsScU models are two outliers with a significantly worse performance compared to the
others in most of the error metrics; however, the separation and transposition modeling remain
the two most critical steps even if we exclude these models from the comparison.

The average bias is only -1.7%, even though several unpredictable losses of the PV plants
are not considered in the model chains. This negative bias is possibly coming from an
underestimation in the NWP forecast due to the above-average solar resource of 2019 compared
to the long-term average. The average variance ratio of the forecasts is 89.5%, which indicates
an average 10.5% underdispersion of the power forecasts. The transposition models have the
highest effect on the variance ratio, as the GUEYMARD model ensures the highest variance, while
the BADEScU model leads to the highest, almost 18% underdispersion. In general, the simple
models (like the one-component transposition models, the LINEAR temperature, and the
PAULESCU-BLAGA separation model) lead to lower, while the more detailed models (like the
GUEYMARD, STEVEN, PEREZ transposition, the DIRINDEX separation, and the MATTEI and
SKOPLAKI temperature models) result in a higher variance. In the lack of measured irradiance
data, it can not be determined whether the underdispersion originates from the NWP forecast
or the physical power modeling introduce it.
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Table 4-4 Average error and performance metrics for all plants, time horizons, and model variants

nMAE nMBE nRMSE Sp Scp F
ORGILL-HOLLANDS 29.7% -2.3% 47.3% 39.6% 32.6% 87.9%
ErBs 29.7% -23% 475% 394% 324% 88.8%
SKARTVEIT-OLSETH 29.9% -24% 47.7% 39.2% 32.1% 87.2%
S DISC 29.9% -0.8% 48.1% 38.7% 31.5% 90.0%
g DIRINT 29.8% -13% 48.1% 38.7% 31.5% 90.3%
s DIRINDEX 30.5% 02% 489% 37.6% 30.3% 93.3%
B BRL 295% -24% 472% 39.7% 32.7% 88.1%
ENGERER 29.8% -3.3% 476% 39.2% 32.2% 87.3%
STARKE 29.3% 23% 482% 385% 31.3% 96.9%
PAULESCU-BLAGA 299% -47% 47.3% 39.6% 32.6% 85.4%
ISoTROPIC 30.2% -51% 47.2% 39.7% 32.7% 82.5%
KOROKANIS 30.1% -4.0% 47.1% 399% 329% 83.4%
BADESCU 30.8% -7.9% 478% 39.0% 31.9% 80.5%
BUGLER 30.1% -43% 47.3% 39.6% 32.6% 84.4%
- STEVEN 30.0% 25% 48.8% 37.7% 30.5% 95.3%
2 HAY-DAVIES 29.6% -1.8% 47.7% 39.1% 32.1% 89.8%
2 WILLMOT 29.8% -3.3% 47.9% 388% 31.7% 89.2%
g'f SKARTVEIT-OLSETH 29.6% -20% 478% 39.0% 31.9% 90.0%
E GUEYMARD 29.6% 24% 49.1% 374% 30.1% 100.7%
MUNEER 295% -3.0% 47.7% 39.1% 32.1% 91.0%
TEMPS-COULSON 29.4% 3.8% 47.1% 40.0% 33.0% 90.8%
KLUCHER 295% -03% 47.7% 39.1% 32.1% 91.3%
PEREZ 29.5% 0.6% 48.1% 38.6% 31.5% 94.3%
REINDL 29.6% -15% 47.7% 39.1% 32.0% 90.2%
None 29.9% 0.0% 479% 38.9% 31.8% 89.9%
%' ASHRAE 29.9% -28% 47.7% 39.1% 32.0% 88.6%
x MARTIN-RUIZ 29.8% -27% 478% 39.0% 31.9% 89.2%
PHYSICAL 29.6% -14% 47.7% 39.2% 32.1% 90.4%
@ LINEAR 30.1% -35% 475% 394% 323% 85.0%
% KING 30.0% -2.7% 47.6% 39.2% 32.2% 86.9%
g FAIMAN 29.7% -13% 47.8% 39.0% 31.9% 90.5%
g MATTEI 29.6% -0.6% 48.0% 38.8% 31.7% 92.3%
= SKOPLAKI 29.6% -04% 48.0% 38.7% 31.6% 92.9%
EVANS 29.7% | -0.1% 47.6% 39.3% 32.2% 89.5%
S BEYER 29.6% -14% 47.8% 39.0% 31.9% 91.3%
% HuLD 30.0% -3.4% 48.1% 38.6% 315% 91.7%
;L SINGLE DIODE 4 30.0% -25% 47.7% 39.2% 32.1% 86.8%
o SINGLE DIODE 5 29.8% -1.7% 47.7% 39.1% 32.0% 88.7%
SINGLE DIODE CEC 298% -1.1% 478% 39.1% 32.0% 89.1%
2 None 30.0% -0.8% 47.9% 388% 31.7% 89.4%
S DIRECT 29.6% -15% 47.6% 39.2% 32.2% 90.0%
73 DIRECT + DIFFUSE 29800 -29% 478% 39.0% 31.9% 89.2%
5 CONSTANT 29.8% -1.6% 47.8% 39.0% 32.0% 89.5%
§ QUADRATIC 29.8% -16% 47.8% 39.0% 31.9% 89.9%
= DRIESSE 299% -2.0% 47.8% 39.0% 31.9% 89.2%
Average 298% -1.7% 47.8% 39.0% 31.9% 89.5%
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Table 4-5 The average absolute difference between the best and worst models in each modeling steps
nMAE nMBE nRMSE F

Separation 1.2% 7.0% 1.7% 11.5%
Transposition 1.4% 11.7% 2.0% 20.2%
Reflection 0.3% 2.8% 0.2% 1.8%
Temperature 0.5% 3.1% 0.5% 7.9%
PV power 0.4% 3.3% 0.5% 4.9%
Shading 0.4% 2.1% 0.3% 0.8%
Inverter 0.1% 0.4% 0.0% 0.7%

The correlation between the MAE and RMSE is ambiguous: they correlate well among most
of the separation, reflection, and shading models, while their strong negative correlation can be
observed among most of the transposition and cell temperature models. The BLR separation,
TEMPS-COULSON transposition, PHYSICAL reflection, EVANS PV, and DIRECT shading models
perform equally good in both error metrics. In contrast, the STARKE, GUEYMARD, PEREZ,
MATTEI, and SKOPLAKI models are among the models with the lowest MAE, but they all have
high RMSE. Conversely, the PAULESCU-BLAGA, 1SOTROPIC diffuse, KOROKANIS, LINEAR
temperature, and KING models have low RMSE but high MAE error compared to the other
models. The conflict of the absolute and squared error is further discussed in the following
subsections. The variance and the RMSE has a negative correlation, i.e., the more
underdispersed forecasts are better in terms of RMSE and forecast skill. This finding is
consistent with the known tendency that spatial averaging improves the forecast performance
[32].

4.2.2 Model chain accuracy range and distribution

The averaged metrics provided valuable insight into the importance and relative performance
of the different models, but they did not show how the model selection influence the overall
forecast accuracy, i.e., the differences between the best and worst-performing model chains.
The range of the six error metrics is summarized in Table 4-6 for each PV plant and time
horizon.

On average of all plants and horizons, the nMAE ranges from 28.2% to 34.1%, which means
that the best model chains have 17% less absolute error compared to the worst-performing ones.
The average range of nRMSE is 45.5% to 52.3%, with a 13% relative difference between the
two extremes. The skill scores over persistence (sp) and climatology-persistence (Scp) are
between 33.2-41.9% and 25.5-35.2%, respectively. The best models, on average, have 23%
higher sp and 34% higher scp skill scores, which is a significant improvement, especially
considering that most of the errors are coming from the irradiance forecast [201]. A persistence
skill score higher than 40% indicates a good forecast compared to other results published in the
scientific literature [8]. The range of the error metrics is close to the average values in most
plants. However, in Pécs, the difference is almost twice above the average, e.g., the day-ahead
NMAE and scp are ranging from 27.9-36.6% and 20.7-36.1%, which means a 24% error
reduction and a 75% skill improvement of the best model chain over the worst one, respectively.
The design parameters of the Pécs PV plants are similar to the others, but its specific energy
production is the lowest among all 16 systems (see Table 3-4), which results in a high
overestimation of the forecasts with an average nMBE of 7.8%. The higher sensitivity of the
forecast accuracy to the model selection in Pécs originates either from this high bias error or
from the special local traits of the meteorology or the NWP forecast.

The bias varies in a wide range between -17.8% and 11.6% on average. A previous
comparison of nine separation and five transposition models resulted in a bias ranging from -5%
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to 8% for yearly PV plant simulation [21]. The higher range observed in this thesis can be
attributed to the significantly higher number of models and modeling steps. The bias of physical
modeling is especially important in design simulations of the PV plants, where even several
percent difference in the expected energy production can cause a large deviation from the
projected financial return. In PV forecasting, bias has only secondary importance, and it can be
effectively corrected if some historical data is available. The average variance ratio of the
forecasts is between 66.3% and 111.3%; therefore, the under- or overdispersion of the power
forecast largely depends on the physical model selection.

Table 4-6 Minimum, average and maximum values of different metrics for all PV plants and time

horizons
. nMAE nMBE NRMSE Sp Sep F
Plant Horizon—— _ - - - -
Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max
Bodajk DA  30.4% 31.7% 35.0% -17.4% -1.4% 11.7% 48.8% 51.0% 55.2% 33.0% 38.1% 40.8% 24.6% 30.4% 33.4% 66.4% 89.4% 110.9%
ID  27.7% 29.0% 33.2% -19.6% -3.8% 9.2% 45.1% 47.1% 50.8% 33.8% 38.6% 41.3% 26.8% 32.1% 35.0% 65.8% 88.7% 109.7%
Cegléd DA  27.7% 29.4% 33.8% -20.4% -4.7% 8.6% 44.4% 46.6% 50.4% 34.5% 39.4% 42.4% 26.5% 32.0% 35.4% 65.0% 87.8% 109.4%
ID  26.4% 28.1% 33.0% -21.0% -5.3% 7.9% 42.5% 44.8% 48.5% 34.0% 38.9% 42.1% 26.7% 32.2% 35.8% 65.0% 87.6% 109.0%
Felstzsolca DA  30.6% 31.9% 35.9% -17.1% -0.1% 13.7% 49.4% 52.1% 57.6% 30.6% 37.2% 40.6% 21.9% 29.3% 33.1% 68.5% 92.4% 113.4%
ID  27.7% 29.1% 33.1% -16.8% 0.1% 14.0% 45.7% 48.2% 53.8% 28.0% 35.4% 38.8% 20.9% 29.0% 32.7% 69.0% 93.1% 114.4%
Fertészéplak DA 31.6% 33.1% 36.6% -17.8% -0.5% 13.7% 50.0% 52.5% 57.8% 33.8% 39.8% 42.7% 24.9% 31.7% 35.0% 63.4% 87.1% 109.4%
ID  28.8% 30.4% 34.9% -19.3% -2.3% 11.7% 46.7% 48.8% 53.4% 34.7% 40.3% 42.8% 27.2% 33.4% 36.3% 63.5% 87.2% 109.4%
Gybrvir 1 DA  32.2% 33.5% 36.3% -13.8% 3.4% 17.1% 51.2% 53.5% 59.0% 33.2% 39.4% 42.1% 24.0% 31.0% 34.1% 67.3% 91.4% 113.7%
ID  30.0% 31.4% 34.9% -15.6% 1.5% 15.2% 47.9% 49.9% 54.9% 34.7% 40.6% 43.0% 26.7% 33.4% 36.0% 66.5% 90.1% 112.2%
Gybrvir 2 DA  31.2% 32.6% 35.6% -15.5% 1.5% 15.1% 49.6% 51.8% 56.9% 34.3% 40.2% 42.7% 25.6% 32.3% 35.1% 65.8% 89.3% 111.0%
ID  29.2% 30.8% 34.8% -17.4% -0.5% 13.1% 46.9% 48.8% 53.5% 34.9% 40.6% 42.9% 27.3% 33.6% 36.2% 64.8% 87.9% 109.5%
Kajérpéc 1 DA  31.3% 32.8% 36.0% -16.9% 0.0% 13.8% 49.5% 51.6% 56.5% 34.3% 40.0% 42.4% 25.4% 31.9% 34.6% 64.1% 86.9% 108.6%
ID  28.1% 29.7% 33.8% -19.0% -2.5% 11.1% 45.2% 47.1% 51.4% 35.8% 41.2% 43.5% 28.4% 34.5% 37.1% 65.0% 87.7% 109.2%
Kajérpéc 2 DA 31.4% 32.9% 36.6% -18.4% -1.5% 12.4% 49.6% 51.6% 56.0% 35.3% 40.4% 42.7% 26.2% 32.1% 34.7% 63.4% 86.3% 108.2%
ID  28.3% 29.9% 34.5% -20.3% -3.9% 9.7% 45.5% 47.3% 51.2% 36.5% 41.3% 43.6% 29.0% 34.4% 36.9% 64.4% 87.3% 108.9%
Kecel DA 27.9% 29.4% 33.4% -18.6% -2.9% 10.2% 44.8% 47.0% 51.2% 32.9% 38.4% 41.3% 24.9% 31.1% 34.3% 66.6% 89.2% 110.9%
ID  26.2% 27.7% 32.1% -20.0% -4.3% 8.8% 42.1% 44.2% 48.0% 33.0% 38.3% 41.2% 26.1% 31.9% 35.1% 66.4% 88.6% 110.1%
Kotegyén DA 27.0% 28.7% 33.5% -21.8% -6.5% 6.4% 43.6% 46.0% 49.5% 32.2% 37.0% 40.3% 24.9% 30.2% 33.9% 64.6% 87.4% 109.8%
ID  25.2% 27.1% 32.1% -21.2% -5.9% 6.9% 41.5% 43.9% 47.6% 30.1% 35.5% 39.1% 23.7% 29.6% 33.5% 65.4% 88.2% 110.5%
MezBkovécshizs DA  26.7% 28.5% 33.5% -21.6% -6.4% 6.4% 43.6% 46.0% 49.6% 32.6% 37.6% 40.8% 25.2% 30.7% 34.3% 63.2% 85.1% 106.7%
ID  25.0% 27.0% 32.3% -21.7% -6.5% 6.2% 40.9% 43.2% 47.5% 32.5% 38.5% 41.8% 25.8% 32.4% 36.0% 63.6% 85.9% 107.8%
Nagyvizsony DA 29.9% 31.2% 34.4% -15.1% 1.5% 14.6% 47.4% 49.3% 54.0% 36.1% 41.6% 43.8% 27.6% 33.8% 36.4% 66.9% 89.9% 111.4%
ID  27.3% 28.7% 32.8% -17.1% -0.9% 12.1% 44.2% 45.9% 49.9% 37.5% 42.6% 44.8% 30.2% 36.0% 38.3% 66.5% 89.2% 110.4%
Paks DA  26.6% 27.9% 32.0% -17.1% -1.0% 13.4% 43.6% 45.9% 51.1% 32.8% 39.6% 42.6% 24.9% 32.5% 35.8% 67.9% 93.3% 114.8%
ID  25.5% 26.9% 31.0% -18.3% -2.3% 12.0% 41.7% 44.1% 49.1% 29.9% 37.2% 40.6% 23.1% 31.0% 34.8% 68.2% 93.6% 115.0%
Pécs DA  27.9% 30.1% 36.6% -6.6% 8.8% 21.5% 44.9% 48.7% 55.7% 29.5% 38.4% 43.2% 20.7% 30.7% 36.1% 75.2% 100.5% 124.8%
ID  26.2% 28.3% 34.6% -8.3% 6.8% 19.4% 42.5% 45.8% 52.4% 29.5% 38.4% 42.8% 21.9% 31.8% 36.6% 75.6% 100.9% 125.3%
Veszprém DA 29.9% 31.1% 34.4% -16.4% -0.1% 12.9% 47.7% 49.7% 54.1% 34.9% 40.2% 42.5% 26.5% 32.5% 35.1% 67.5% 90.6% 112.1%
ID  27.5% 28.8% 32.9% -18.3% -2.3% 10.7% 44.4% 46.1% 50.0% 35.8% 40.7% 42.9% 28.7% 34.2% 36.6% 66.8% 89.7% 110.8%
Uikigyos DA 26.9% 28.7% 33.5% -21.3% -6.1% 6.6% 43.9% 46.4% 49.8% 32.3% 37.0% 40.3% 24.9% 30.1% 33.8% 64.0% 86.0% 107.5%
ID  25.5% 27.4% 32.3% -21.5% -6.2% 6.4% 41.9% 44.3% 48.3% 30.5% 36.3% 39.7% 23.8% 30.2% 34.0% 64.1% 86.2% 107.9%
Average DA  29.3% 30.8% 34.8% -17.2% -1.0% 12.4% 47.0% 49.4% 54.0% 33.3% 39.0% 42.0% 24.9% 31.4% 34.7% 66.2% 89.5% 111.4%
ID  27.2% 28.8% 33.3% -18.5% -2.4% 10.9% 44.0% 46.2% 50.6% 33.2% 39.0% 41.9% 26.0% 32.5% 35.7% 66.3% 89.5% 111.3%
Overall average 28.2% 29.8% 34.1% -17.8%-1.7%11.6% 45.5% 47.8% 52.3% 33.2% 39.0% 41.9% 25.5% 31.9% 35.2% 66.3% 89.5% 111.3%

Comparing the two time horizons,

intraday forecasts have a 6.8% lower MAE and 6.3%
lower RMSE than the day-ahead forecast on average. The biggest improvement is in Kajarpéc
1 with 9.5% MAE and 8.7% RMSE decrease, while the lowest difference is in Paks with 3.8%
and 3.9%, respectively. The sp persistence-based skill score is, on average of all plants, almost
identical for both ID and DA horizons, which indicates that the accuracy improvements of the
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NWP and the reference persistence forecasts are roughly the same. In contrast, the Scp
climatology-persistence skill is higher for the ID horizon, which shows that adding the
climatology to the persistence reference have higher benefit in the longer time horizon. The scp
difference between the two horizons is higher in 11 of the 16 plants than the sp difference;
therefore, the simple persistence skill score is the more horizon-independent metric for the
NWP-based forecasts.

Violin plots can best visualize the distribution of the model performance metrics. The violin
plots for nMAE, nMBE, nRMSE, and variance ratio of the day-ahead forecasts for each PV
plants are shown in Fig. 4-2.
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Each violin plot includes a small box plot in the middle, where the white dot indicates the
median, the endpoints of the thick grey line are the lower and upper quartile, and the lowest and
highest points are the minimum and maximum values, respectively. Moreover, the colored
shapes represent the distribution of the data calculated by a kernel density estimator. The violin
plots are produced using the Seaborn package for Python.

The distribution of the nMAE results has a positive skew, i.e., the minimum and the lower
quartile are closer to the median than the maximum and upper quartile, respectively. The
distribution of NnRMSE is also positively skewed. This skewness means that the median of these
error metrics is closer to the best value than the average; in other words, a randomly chosen
model chain probably has a slightly above-average performance. The bias errors and the
variance ratio have a roughly symmetrical distribution. All distributions are thin-tailed, which
means that only a few model chains perform close to the extremes.

4.2.3 Effect of geographical location

The six PV plants with the lowest forecast error both in terms of nMAE and nRMSE are Cegléd,
Kecel, Kotegyan, Mez6kovéacshaza, Paks, and Ujkigyos (see Table 4-6 and Fig. 4-2). The
common trait of these plants is that they are located on the Great Hungarian Plain, which is a
part of a 100000 km? large flatland in the Carpathian Basin. The average nMAE and nRMSE of
these six plants are respectively 8% and 7.6% lower than the average of the other ten PV plants.
This difference indicates that the PV plants installed in the Plain tend to have lower forecast
errors and thus lower imbalance penalties.

Table 4-7 Mean-normalized RMSE of the NWP irradiance forecast, the best and worst physical, and
the persistence and climatology-persistence reference power forecast on average for the PV plants in
the flatland and the hilly areas

Power forecasts

Irradiance Best Worst  Clim-pers. Pers.
Flatland 37.4% 43.0% 49.9% 65.7% 72.7%
Hilly areas 41.0% 47.1% 54.2% 73.0% 81.9%

The nRMSE of the irradiance forecast is only known for two locations in Hungary, namely
Nagykoéros and Balatonberény. Nagykoros is located in the Hungarian Plain only 18 km away
from the Cegléd PV plant, and as there is no significant nRMSE difference between the PV
plants on the different parts of the Plain, it can be considered as a representative location of the
flatland. On the other hand, Balatonberény is located in the western, hilly area of the country.
The relative difference of 8.6% between the two locations is consistent with the difference in
the power forecast errors. Table 4-7 summarizes the average nRMSE of the irradiance forecast
and the power forecasts of the best and worst model chains and the two naive methods for the
two groups of PV plants. The nRMSE of the persistence and climatology-persistence reference
forecasts is 11.3% and 10.1% lower in the flatland than in the hilly areas, which is even higher
than the difference in the irradiance or physical power forecasts. Therefore, this better accuracy
is due to the less volatile weather and cloud cover in the flatland compared to the hilly terrain,
and not because of the better performance of the NWP model in the flatland. On the contrary,
the NWP even slightly compensates for the difference between the two regions. The skill scores
of the six plants on the Plain are even smaller than the others, which supports the finding that
the physical forecasting has a slightly higher added value in the hilly regions.

Comparing the RMSE of the irradiance and the power forecasts, the increase of error due to
irradiance-to-power modeling is only 15.0% if the best model chains are used, but it can range
even up to 32.8% for the worst-performing model chains. This difference underlines the
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importance of the optimal physical model selection, as the best physical model chain can spare
even more than half of the additional forecast error.

4.2.4 Best performer model chains

The model chains providing the most accurate forecasts are presented in Table 4-8 for all
locations and time horizons. The accuracy is measured in two terms, the absolute error (nMAE)
and squared error (NRMSE). The overall best performer model chains that have the lowest error
on average for all 16 plants are also included in the table.

Table 4-8 Most accurate model chains for each location and time horizons in terms of absolute
(nMAE) and squared (nRMSE) errors

Absolute error

Square error

Plant Intraday Day-ahead Intraday Day-ahead

Bodajk CI9D10R4T4P1S213 C7D11R3T4P2S312 C10D11R3T1P1S3I1 C10D11R3T1P1S3I13
Cegléd CAD11R4T3P2S211 C9D11R3T4P1S3I1 C1l0D11R4T1P1S3I1 C10D11R4T1P1S3I13
Fels6zsolca C7D11R3T5P2S313 C7D11R3T3P2S3I1 C10D11R2T1P1S313 C10D11R2T1P1S3I13
Fert6széplak CI9D10R3T4P1S212 C7D13R4T4P6S212 C10D11R3T1P1S3I1 C10D11R2T1P1S3I13
Gyérvar 1 CI9D10R4T4P4S211 C9D10R3T3P5S3I1 C1l0D11R3T1P4S311 C10D11R3T1P4S3I13
Gyérvar 2 CI9D10R4T4P6S211 C9D10R4T4P5S3I1 C10D11R3T1P1S313 C10D11R3T1P4S3I1
Kajarpéc 1 CI9D10R4T3P1S212 C9D10R4T4P1S3I3 C1l0D11R3T1P1S3I1 C10D11R3T1P1S3I13
Kajarpéc 2 CI9D10R4T4P1S212 C9D10R3T4P1S2I11 C7D11R2T1P1S3I1 C10D11R3T1P1S3I13
Kecel CI9D2R4T4P1S212 C9D10R3T3P1S211 C10D11R4T1P1S313 C10D11R3T1P1S3I1
Kotegyan CAD11R4T3P2S211 C9D11R3T4P1S3I1 C1l0D11R4T1P1S3I1 C10D11R4T1P1S3I1
Mezbékovacshaza CA4D11R4T4P2S211 C4D11R4T3P2S211 C1l0D11R4T1P1S213 C10D11R4T1P1S213
Nagyvazsony CI9D10R3T4P1S212 C7D14R4AT5P2S212 C10D11R3T1P1S313 C10D11R3T1P4S3I1
Paks C7D11R3T3P2S313 C9D2R3T1P6S2I1 C1l0D11R2T1P1S313 C10D11R2T1P1S3I13
Pécs C10D6RAT1P3S211 C10D6RAT1IP3S3I1 C10D2RAT1P4S211 Cl0D3R4T1P1S3I1
Veszprém CAD12RAT4P2S211 C7D14RAT5P2S212 C10D11R3T1P1S311 C10D11R3T1P1S3I13
Ujkigyos CI9D11R3T4P1S313 C9D11R3T4P1S3I3 Cl0D11R4T1P1S213 C10D11R4T1P1S213
Overall CI9D10R4T2P1S212 C9D10R4T2P1S211 C10D11R3T1P1S3I1 C10D11R2T1P1S3I13

The best performing model chain mostly depends on the error metric used to measure the

accuracy, as there are large differences between the lowest MAE and lowest RMSE model
chains. The effect of the forecast horizon is small, as the most accurate intraday and day-ahead
model chains for the same plant and error metric are quite similar in most cases.

Table 4-9 summarizes the relative occurrence of each model in the best performing model
chains. It includes not only the one best but also the top 1% model chains for all the 32 cases,
as finding the absolute best model is often an idealistic idea, and selecting one of the top
performers is mostly enough in the engineering practice. Comparing the results of Table 4-4
and Table 4-9, it is clear that not always the models with the average best scores build up the
best model chains. On the one hand, the low average metrics indicate that a given model
performs well with all the models in the other steps. On the other hand, a high share among the
most accurate models shows that a given model can perform outstandingly good with the best
models of the other steps.
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Table 4-9 Relative occurrences of the different models among the best and the top 1% model chains
in terms of absolute (hnMAE) and squared (nRMSE) errors for all plants and horizons

Absolute error Square error

Best Topl% Best Topl%
ORGILL-HOLLANDS 0% 2% 0% 12%
ERBS 0% 2% 0% 9%
SKARTVEIT-OLSETH 0% 4% 0% 4%
5 DISC 16% 4% 0% 0%
*@ DIRINT 0% 5% 0% 0%
3 DIRINDEX 0% 0% 0% 0%
) BRL 22% 25% 3% 30%
ENGERER 0% 7% 0% 10%
STARKE 56% 48% 0% 0%
PAULESCU-BLAGA 6% 4% 97% 35%
ISOTROPIC 0% 6% 0% 6%
KOROKANIS 6% 8% 3% 10%
BADEScU 0% 2% 3% 2%
BUGLER 0% 6% 0% 5%
- STEVEN 0% 0% 0% 0%
2 HAY-DAVIES 6% 5% 0% 0%
= WILLMOT 0% 2% 0% 0%
@ SKARTVEIT-OLSETH 0% 4% 0% 0%
|°_£ GUEYMARD 0% 2% 0% 0%
MUNEER 38% 14% 0% 0%
TEMPS-COULSON 38% 31% 94% 76%
KLUCHER 3% 9% 0% 0%
PEREZ 3% 7% 0% 0%
REINDL 6% 5% 0% 0%
None 0% 1% 0% 8%
%' ASHRAE 0% 18% 19% 32%
o MARTIN-RUIZ 44% 32% 47% 30%
PHYSICAL 56% 49% 34% 30%
o LINEAR 9% 6% 100% 50%
= KING 0% 9% 0% 32%
< FAIMAN 25%  19% 0% 10%
= MATTEI 56% 34% 0% 6%
= SKOPLAKI 9% 31% 0% 3%
EVANS 41% 28% 84% 26%
S BEYER 34% 31% 0% 11%
= HULD 6% 7% 0% 4%
; SINGLE DIODE 4 3% 5% 16%  22%
o SINGLE DIODE 5 6% 15% 0% 19%
SINGLE DIODE CEC 9% 14% 0% 18%
2 None 0% 1% 0% 18%
S DIRECT 63% 59% 16% 40%
&  DIRECT +DIFFUSE  38% 40% 84% 43%
& CONSTANT 53% 37% 44% 35%
< QUADRATIC 28% 36% 0% 31%
= DRIESSE 19% 27% 56% 34%
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In terms of absolute error, the best model chains are different for almost all cases, but most
of them is a combination of the STARKE or BLR separation, MUNEER or TEMPS-COULSON
transposition, MARTIN-RuIZ or PHYSICAL reflection, MATTEI or FAIMAN temperature, EVANS
or BEYER PV power, the DIRECT or DIRECT+DIFFUSE shading, and any inverter models. In
contrast, the best RMSE model chains are more consistent, as most of them are built from the
PAULESCU-BLAGA separation, TEMPS-COULSON transposition, LINEAR temperature, EVANS PV,
and the DIRECT+DIFFUSE shading models. The TEMPs-CouLsON and EvVANS models have good
accuracy in both aspects, while among the separation and temperature models, the low-RMSE
models tend to be more simple compared to the low-MAE models.

The three inverter models are almost evenly distributed in the top 1%, which indicates that
they have a so minor effect on the overall performance that the accuracy of a model chain
depends mostly on the other modeling steps. Most of the top performer models include the
reflection and shading losses in some way, but there is no consensus about the best model in
these steps, which indicates that using any of the presented models is better than neglecting
these losses.

4.2.5 Methods for physical model selection

The best-performing model chains for each location can only be selected by hindsight, or
estimated by historical data. In case no historical data is available for the PV plant of interest,
the best model chain can be estimated from the historical data of nearby power plants. The
effectiveness of this model selection method can be estimated from the difference of the
individual and overall most accurate model chains for each plant. Finally, if neither local nor
regional historical data are available, one can use just a simple model chain or perform a
thorough literature review to find the models that performed the best in different benchmark
studies.

The average performance metrics of the forecasts created by the models selected with these
four approaches are summarized in Table 4-10. The first two rows are the average of the
forecasts created for each plant and horizon with the model chains that are most accurate for
the given case (see Table 4-8). The next two rows show the performance of the model chains
with the overall lowest errors (C9D10R4T2P1S2I1 for absolute and C10D11R3T1P1S3I1 for
squared error). The simplest model chain is the CLD1R1T1P1S111, which includes the EBRS
separation, ISOTROPIC transposition, LINEAR cell temperature, EVANS PV, and CONSTANT
inverter efficiency model without reflection and shading calculation. The full model chain can
be programmed in less than ten lines of code, as most of these models are just one equation.
The best model chain that can be constructed based on the literature is C7TDI9R2T4P4S2I3,
which consists of the ENGERER separation model (best of 140 models in [61]), the PEREZ
transposition model (best of 26 models in [100]), the MATTEI cell temperature model (best of 8
models in [136]), the most detailed PV (SINGLE DIODE 5) and inverter (DRIESSE) models, and
includes the reflection and shading losses.

The error of overall best model chains is only slightly (0.9% for MAE and 0.4% for RMSE)
higher than the individual bests. Therefore, relying on the data of other power plants in Hungary
is a good basis for the physical model selection. The simple model performs well in terms of
RMSE with only 2.3% higher error compared to the best models; however, it has 8.8% higher
MAE compared to the chains with the lowest absolute error. In contrast, the literature best
model has a 2.9% higher MAE but a 5.2% higher RMSE compared to the respective individual
bests. In case the MAE is a better representation of the value of the forecast, the forecaster
should use a model chain consisting of the best models that can be found in the literature.
However, if the RMSE is considered as the more relevant error metric, a simple PV model may
perform better than a detailed one.
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Table 4-10 Average error and performance metrics of 6 different model chains

Hor. nMAE nMBE nRMSE Sp Scp F
Individual best nMAE DA 29.3% 26% 48.7% 39.8% 32.3% 96.0%
(see Table 4-8) ID 27.2% 21% 456% 39.9% 33.4% 96.8%
Individual best NRMSE DA 305% -0.7% 47.0% 42.0% 34.7% 81.2%
(see Table 4-8) ID 284% -12% 44.0% 419% 357% 82.0%
Overall best nMAE DA 29.6% 25% 49.0% 394% 318% 95.9%
(CO9D10R4T2P1S211) ID 27.4% 1.0% 457% 39.7% 33.2% 95.8%
Overall best NRMSE DA 30.5% 0.0% 472% 41.7% 344% 82.0%
(C10D11R3T1P1S3I1) ID 284% -1.3% 442% 41.7% 355% 82.0%
Simple DA 31.7% -24% 48.0% 40.7% 33.2% 77.5%
(C1D1R1T1P1S1I1) ID 29.7% -3.7% 45.1% 405% 34.1% 77.6%
Literature best DA 30.1% -0.8% 495% 38.8% 31.2% 94.3%
(C8D13R3T4P6S3I3) ID 28.0% -22% 46.3% 38.9% 324% 94.3%

The six rows of Table 4-10 can be classified into two groups, the low-MAE (incl. the
literature best) and the low-RMSE (incl. the simple) model chains. The bias and variance are
also significantly different in the two groups. The main difference between these groups is the
variance ratio, which is higher for the low-MAE (94.3-96.8%) than for the low-RMSE (77.5-
82.0%) model chains. A detailed evaluation of the conflicting nature of these two metrics is
presented in the next subsection.

4.2.6 Conflict of absolute and square errors

The previous results highlighted that only a few component models perform good in terms
of both absolute and square error, and different model chains should be used to minimize these
two metrics. On average, the best RMSE forecast has a 4.2% higher MAE than the best MAE-
optimized ones, and the best MAE model chains have 3.6% higher RMSE compared to the
RMSE-optimized chains. The best way to visualize their tradeoff is a scatter plot, including all
model chains for a given location and horizon with RMSE and MAE on the two axes. A
representative sample plot is shown in Fig. 4-3 for the day-ahead forecast of Nagyvazsony.
Even though the exact shapes of the plotted data are different for all plants and horizons, the
most relevant features described in the next paragraph can be observed in all similar diagrams.

The diagram clearly shows that there is no physical model chain that can ensure the lowest
MAE and RMSE at the same time. The black points indicate the Pareto-optimal model chains,
which represent the best possible tradeoffs between the two extremes, where a different model
chain can only improve one metric at the cost of decreasing the other one. In case both error
metrics are important, then the overall best model chain is one intermediate point of the Pareto-
front, which can only be selected after the weighting of MAE and RMSE. This weighting should
be based on the market value of the forecast, which is an important area of further research [3].
Most of the points are far behind the Pareto-front, which indicates that a randomly selected
model chain will probably be largely suboptimal in both respects.

The color of the points in Fig. 4-3 indicates the variance ratio of the forecast. The general
tendency shows that a largely underdispersed forecast has a lower RMSE compared to the
MAE, and vice versa, an overdispersed forecast has lower MAE compared to its RMSE. The
variance ratio varies between 78.1-85.3% and 91.8-101.2% for the best RMSE and best MAE
model chains, respectively, at the different plant and horizons. The variance ratio of the Pareto-
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SkopLAKI and increased for the KING and MATTEI models (the linear model is unaffected, as it
does not calculate with the wind speed).

Table 4-11 Average error and performance metrics with forecasted and constant 3 m/s wind speed

nMAE nMBE nRMSE Sp Scp F
Wind forecast 29.803% -1.706% 47.786% 39.022% 31.934% 89.521%
Constant wind speed  29.802% -1.718% 47.755% 39.062% 31.979% 89.448%

The comparison of the average metrics give a good overview; however, the accuracy of the
best model chains is more important for practical applications. All the model chains with the
best RMSE use the LINEAR cell temperature model; therefore, their performance is not affected
at all by the wind speed. The error of the best MAE model chains increased by 0.02% on
average, with the highest increase of only 0.3%, and the accuracy even slightly improved in 9
of the 32 cases. The best MAE model chains also accommodated to the change of the wind
speed data by a decreasing share of the MATTEI model and an increasing share of the FAIMAN
model among the best performers. As a general conclusion, including the forecasted wind speed
in the inputs of the physical PV power forecasts does not bring any accuracy improvement in
terms of RMSE, and even if it may decrease the MAE in some locations, this benefit is so
marginal that it does not worth any extra cost of effort in most cases. These results correspond
to the observation that wind speed has only a weak correlation to the power output [57].

4.2.8 Further discussion

The PAULESCU-BLAGA model has the lowest variance ratio among the separation models,
which might be a reason for its low squared error. Even though this model has another predictor
in addition to the k: clearness index, this second predictor is the daily average of k; therefore,
this model produces an even more smoothed output than the single-predictor ORGILL-
HoLLANDs and ErRBs models. The DIRINDEX model has the highest errors among the
separation model, but the performance of this model largely depends on the clear sky model.
The DIRINDEX model may perform better if it is used with another clear sky model instead of
the INEICHEN-PEREZ; however, the more complex models require a larger number of
atmospheric parameters that are not always available in the irradiance forecasts [75]. The
BADEScuU separation model has the highest average nMAE, which is probably due to the wrong
representation of the sky geometry in the model. Regardless of its modeling error, this model
still has an average RMSE, which implies that a low MAE is a better indicator of the goodness
of a model in the traditional sense than the RMSE.

The performance of the three implemented variants of SINGLE DIODE PV is similar, which
indicates that neither the number nor the estimation of the parameters has a critical effect on its
performance. Moreover, the simple empirical EVANS and BAYER models outperformed the
SINGLE-DIODE models in most cases, which indicates that even though the single-diode model
is important to describe the characteristic curves of the modules, their use is not justified in
forecasting applications. The inverter models have the lowest effect on the overall forecast
accuracy, but the voltage-dependent DrIESSE model performed even slightly worse than the
more simple ones. The voltage dependence is essential to reproduce the efficiency curves of the
inverter datasheets, the better performance of the voltage-independent models for measured
data has already been shown in [203].

The pvlib Python package and the PV_LIB Matlab Toolbox, both developed in the frame of
the PV Performance Modeling Collaborative (PVPMC) facilitated by the Sandia National
Laboratory, are useful tools for physical modeling of PV systems [24]. The pvlib includes fewer
models and has a slightly different model chain concept compared to this study as PVPMC
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mainly focuses on the design simulation of PV plants, but it can still be used for physical power
forecasting with only a small programming effort [204]. | have only used pvlib for the
calculation of the position of the Sun and the DIRINT and DIRINDEX separation models
(including the INEICHEN-PEREZ clear sky model), while | have coded all the other models in
Python for better calculation effectiveness.

The presented results do not express the overall accuracy of the models, but only compare
their performance in power forecasting applications. The presented results do not call into
question the findings of the previous verification and benchmark studies performed on research-
grade measurement data. Instead, the results highlight that not always the ideally most accurate
models are the best in practical applications, especially for power forecasting based on
inherently erroneous weather predictions. Gueymard has already shown in 2009 that not always
the most accurate transposition models have the best results when they are used on imperfect
data [96].

The lack of operational aspects is a common problem in many forecasting papers [205]. The
power forecasts presented in this are fully operational, especially from the perspective PV plant
owners: NWP data is purchased once a day from a local meteorological service, which is used
for providing the 15-min day-ahead forecast before the typical deadline of 10 or 12 am, and
also for the one-time intraday update without any additional data requirements and costs. In
practice, further intraday forecast refinements are possible up to 2.5 hours ahead in Hungary,
which can be based on irradiance forecasts derived from sky and satellite imagery that are
typically more accurate than NWP for less than 3-4 hours forecast horizons [206]. These short-
term power forecasts are out of the scope of the presented work; however, the presented
physical model chains can also be used in this time horizon for the irradiance to power
conversion.

4.3 Summary

Physical methods are widely used in the forecasting of photovoltaic power production based on
weather prediction data; however, the effect of the physical model selection on the accuracy of
the power forecasts has not been investigated yet in the literature. This chapter describes a
comprehensive comparison and assessment of 151200 different model chains composed of ten
separation, fourteen transposition, four reflection, five temperature, six PV performance, three
shading, and three inverter models. All model chains are used for the deterministic power
forecasting of 16 ground-mounted PV plants in Hungary at intraday and day-ahead time horizon
based on the numerical weather prediction data of the Hungarian Meteorological Service. The
verification of these forecasts follows the novel trends and recommendations of the scientific
literature.

Comparing the different model chains reveals that the model selection has a high effect on
the forecast accuracy. The most critical steps are the transposition and separation modeling,
while the least critical is the inverter model. The time horizon of the forecast and the location
of the PV plants both influence the forecast errors. The MAE and RMSE are found to be two
conflicting error metrics, where MAE favors the more detailed, while RMSE the more simple
model chains. The wind speed forecasts have no significant contribution to the PV power
predictions. Using a constant long-term average wind speed in the meteorological input data
results in no decrease in the forecast accuracy on average. The new scientific findings derived
from the detailed analysis of the verification results are summarized in Thesis 1, 2, 3, and 4.
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5 Design optimization

This chapter presents the general framework and the main results and recommendations of the
design optimization of ground-mounted PV plants. The literature review of Section 2.2 revealed
that all of the previous PV optimization studies focused only on one or several specific areas of
the PV plant design. First, Section 5.1 introduces the most comprehensive optimization problem
formulation of PV plants, including the possible range of decision variables and objectives that
can be accounted for by the PV simulation models described in Chapter 3. Section 5.2 presents
the meta-optimization of three single-objective and one multi-objective metaheuristic
evolutionary optimization algorithms to find the most effective algorithm and parametrization
for this complex optimization problem. Finally, the reliability of the results is assessed through
the sensitivity of the results of the meteorological data resolution, the physical PV model chain
selection, and the cost functions.

5.1 Optimization problem

The main assumptions of the general optimization framework of large-scale ground-mounted,
grid-connected PV power plants are: 1) the modules are mounted on multiple lines of mounting
structures with the same size and orientation and uniform row spacing on a flat land area, 2) the
electric connection of the PV array is homogeneous, i.e. the number of series and parallel
modules are the same for all strings and inverters, respectively. The decision variables,
constraints and objectives of the optimization are selected in accordance with the PV simulation
models described in Chapter 3, as only such design variables should be optimized whose effects
are properly accounted for in the model.

5.1.1 Decision variables and constraints

Table 5-1 introduces the ten decision variables, identified as the most important design variables
of ground-mounted PV plants. The inverter sizing ratio, i.e., the ratio of the total AC power of
the inverters and DC power of modules, is the most commonly optimized PV design variable
[40]. Still, it is not included directly among the design variables as it is determined by the
number of series modules and parallel strings on an inverter and the nominal unit power of the
modules and inverters. These ten variables include all design parameters found to be optimized
in different studies in the literature.

Table 5-1 Decision variables of the PV plant optimization with boundaries and constraints

Name Dim. Min Max Const. Description

Pmod Wp Pm,min Pm,max 5 INT STC power of a PV module

Ns 1 1 (Ns,min) Ns,max INT  number of series modules in a string
Np 1 1 (Npmax/2) Np,max INT  number of parallel strings per inverter
Ninv 1 Ninv,min Ninv,max INT total number of inverters

Nmpl 1 1 8 INT  nr. of module rows in a structure line
Avbpe 1 0.001 0.1 relative voltage drop on the DC cables
Avac 1 0.001 0.1 relative voltage drop on the AC cables
S © 5° 90° (45°) tilt angle of PV modules

y © -180° (-30°)  180° (30°) azimuth angle of PV modules

d 1 dmin (10) relative row spacing
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All of the selected design variables represent tradeoffs between the technical performance
and the economic costs of the plants [207]. Regarding the Pmod, modules with a higher peak
power are typically more expensive, while fewer of them are required for the same total
installed capacity, which results in cost savings related to the mounting structures and land area.
More modules in a string (higher Ns) results in higher DC voltage and lower cable losses for
the transmission of the same power, while it is constrained by the maximum system voltage.
The Np, Ns, and Pmod affect the AC/DC ratio, where a lower value results in costs saving on
the inverters and all the AC components, but increase the clipping losses of the inverters. The
Ninv number of inverters determines the total AC power of the plants, where a greater plant is
beneficial due to the economies of scale, while the high nominal power increases the costs of
the grid connection and limits the possible locations of the site. A higher Nmpi number of module
rows in a mounting structure line decreases the shading losses and the required DC cable lengths
but results in a higher and more costly structure. Lower 4voc and Avac nominal voltage drops
reduce the losses but increase the cross-sections and costs of the DC and AC cables,
respectively. The gtilt and yazimuth angles of the module influence the total irradiation on the
PV array; however, choosing a lower tilt angle than required for the maximum irradiation
reduce the shading and the costs of the mounting structure. Finally, a longer d row distance is
useful to reduce the shading losses, while it increases not only the required land area but also
the AC cable lengths. Fig. 5-1 illustrated the effect of the ten design variables on the power
output of the PV plant in the different steps of the physical performance model chain.
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Fig. 5-1 Technical simulation of PV plants for design optimization, including all inputs (green),
models and variables (blue), output (bourdon), and the direct effect of the design parameters (red).

The boundaries and constraints of the decision variables are also listed in Table 5-1. The
manufacturers sort each type of their PV modules into bins of 5 W based on their measured
STC power rating. The Pmod module power is an integer divisible by 5W between the
boundaries of Pmmin and Pmmax depending on the available supply of the chosen module type.
The Ns, Np, Ninv, and Nmpi all refer to a number of pieces, and thus they must be integers. The
total open-circuit voltage of the PV modules must not exceed the maximum system voltage
limited by either the module or the inverter even at the lowest design temperature, which
constrains the Nsmax maximum number of series modules:

min(Vmax,mod» Vmax,inv)

N _ 5.1
smax Voc,STC[]- - (TC,STC - Tc,min)'uV,OC] ( )

Similar constraints can also be formulated for the minimum and maximum MPP voltage of
the inverter to ensure the string voltage is always in the operating voltage range of the inverter.
These limits are important in simplified PV array sizing; however, the models used in this thesis
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account for the losses resulting from the temporary voltage mismatch (the inverters are assumed
to shut down when the string MPP voltage is out of the input voltage range of the inverter), and
the optimization tends to avoid such situations even without applying hard constraints in this
respect. The Np,max maximum number of parallel strings is limited by the number of inputs and
the maximum input current of the inverter. The Ninv number of inverters is constrained by a
Ninv,min minimum and Ninv,max maximum value, representing the expected nominal power range
of the plant. The Nmpi number of modules along the width of a support structure line is typically
between 2 and 6 to ensure the accessibility of the modules; thus, a maximum value of 10 is a
pretty permissive limit. The 4vpc and Avac voltage drops are typically around 1%; therefore,
0.1% and 10% are reasonably wide limitations. The Ztilt and yazimuth angles are ranging from
5° to 90° and -180° to 180°, respectively. The 5° minimal tilt angle is required to enable the
self-cleaning of the modules, and it is forced by a constraint as the model is not able to properly
account for the extra dust accumulation at flatter module placement. The relative row spacing
has only a lower boundary standing for a Dz,min minimum inter-row distance, which is required
for the free movement between the structure lines during installation and maintenance. The dmin
minimum relative row spacing depends on two other design variables, the tilt angle and the
number of modules on a structure line:

D2,min
Nmpleod

Most of these boundaries and constraints are quite permissive and enable even such design
parameters where the poor performance of the plant can be simply expected even without
calculation (e.g., north-facing modules in Hungary). A reasonable reduction of the search space
can increase the convergence of the optimization. The numbers in parentheses in Table 5-1
provide such reduced boundaries for the northern temperate region, and these values are used
in the further optimizations. However, if any of the design variables take these limited
boundaries as optimal solutions, the optimization is repeated in the original wider search space.

dinin = cosP + (5.2)

5.1.2 Objective functions

The objective functions of a PV design can be classified into technical, economic, and
environmental categories. A technical optimization can maximize energy production, the
capacity factor, or minimize the system losses; however, these objectives are not able to capture
the tradeoffs associated with most of the design variables. Only two of the ten decision
variables, the tilt angle and azimuth angles, can be optimized with a technical objective of
minimizing the irradiation on the module plane, and thus the energy production of the plant.

The economic objective functions are able to describe the optimal balance between the
losses and costs of a PV plant, and they are the most relevant indicators for practical purposes.
Such objectives are the net present value (NPV), profitability index (P1), internal rate of return
(IRR), payback time (PBT), and levelized cost of electricity (LCOE). These profitability
metrics van be calculated based on the technical and economic modeling of the PV plants, as
described in Section 3.2.4. The PI, IRR, and PBT are the most suitable indicators for the
investors installing the PV plants, while LCOE is generally more informative for research and
theoretical simulations of energy systems.

The environmental objectives enable to minimize the life cycle based environmental
impacts of the PV power generation. Any of the impacts in the 16 individual and four
aggregated categories can be used as objective functions. However, most of the individual
categories lead to conflicting tendencies in the optimal design; therefore, the optimization for
the minimum product environmental footprint (PEF), which is the weighted sum of all
individual impacts, leads to the most reliable results regarding the total ecological effects of the
plant [191]. Alternatively, global warming potential (GWP) can be a better indicator if
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specifically CO2 emissions are in the center of interest, as the PEF assigns a relatively low
weighing for this category compared to its apparent importance in public discourse. Regarding
the design variables, Pmod Should not be included in the environmental optimization as the
currently available LCA datasets provide the impact of the PV modules for a surface unit, which
is not suitable to describe the environmental difference between the modules with different
nominal power.

The objective functions are calculated using the models described in Chapter 3. The input
data for the technical performance simulation are meteorological datasets, which contain
irradiance, temperature, and wind speed for the location of interest. Most datasets include not
only the global horizontal irradiance but also its direct and diffuse components, which makes
separation modeling unnecessary in the physical model chain. The other steps of the model
chains are selected based on the literature and the results of Chapter 4 as follows: PEREZ
transposition, PHYSICAL reflection, MATTEI cell temperature, BEYER PV, DIRECT and DIFFUSE
shading, DRIESSE inverter models (D13R4T4P2S313). The cable, soiling, degradation, and
transformer losses are also considered as described in Section 3.1.8. The resulting technical
performance model rivals the detail and accuracy of the well-acknowledged PV design software
tools, and it is far more comprehensive compared to the models used in previous optimization
studies. The calculations of the material needs, installation costs, revenues, profitability, and
environmental impacts are performed by the models described in Section 3.2. These models are
the most critical parts of the PV optimization, as the algorithms search for the optimum of the
model, which is only applicable in the practice if the model can accurately describe the real
behavior of the PV plant.

The technical and economic parameters used for the modeling in this thesis are listed in
Table 5-2 and Table 5-3, respectively. These parameters are based on the Hungarian regulations
and the cost and technical data of commercially available products and several ground-mounted
PV plants installed in Hungary in the last five years.

Table 5-2 Components and technical parameters of the GCPV plant
Module:  Canadian Solar KuPower CS3K-315|320|325|330[335MS

Pm,min 315W Pm,max 335 W
Amod 1.6368 m2 Vmax,mod 1500 V
Inverter:  Huawei SUN2000-36KTL

Pinv,max 40 kW Np,max 8
Vmax,inv 1100 V Vmpp,inv 480..850 V
Ns,min 16 Ns,max 25
Ninv,min 25 Ninv,max 250
Further technical parameters:

ILp 2% D2,min 25m
ldeg 0.5%/a Ao 100 m?
lir 2% Lo.coc 8m
Wistand 2m LO,CAC 10 m
Lseg 3m Pitr 1MW
Ho 25m MTBFiny 12 a

The minimum and the maximum number of inverters are set to 25 and 250, respectively,
which represents a nominal power range from 1 to 10 MW with the chosen inverter. The PV
plants in this power range mostly connect to the grid at medium voltage; therefore, the loss and
cost parameters of the transformers and AC devices are chosen accordingly. These data are for
the demonstration of the optimization method, and they do not aim to have the highest possible
accuracy, especially regarding the rapidly changing costs of the PV technology. Still, the
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modeling with these parameters provide quite reliable results, but they should be substituted by
the real project-specific values and costs in real-world applications. Most of these parameters
are readily available for the investors in the plant design phase; therefore, the presented
optimization method can be easily adapted to enhance the decision-making in any practical PV
installation projects.

Table 5-3 Economic parameters of the optimization

Cmod 120 + 0.6(Pmod — Pm,min)[W] €
Cinv 4200 €

Cland 3.6+ 0.06'Aland[km2] €/m?
Cstruct 3.5€/ kg

CcDC 1.2 + 0.12-Ac.oc[mm?] €/m
CcAC 8 + 0.35-:Acac[mm?] €/m
Ctr 125 €/kW

Pel 0.093 €/kWh

r %

tit 25a

0.0&M 2%

5.2 Optimization algorithms

The selection of a suitable optimization algorithm is essential to find the global optimum of the
presented PV optimization problem. Due to the complexity of the PV simulations, the
objectives are multimodal functions of the decision variables with many local extrema, where
traditional gradient-based optimization methods are prone to stick instead of finding the global
optimum. Population-based metaheuristic algorithms are among the most commonly used
global optimization methods for such complex problems [208]. The literature review of Section
2.2 found the genetic algorithm (GA), differential evolution (DE), and particle swarm
optimization (PSO) as the three most effective and commonly used algorithms for single-
objective, and the non-dominated sorting genetic algorithm (NSGA-II) for multi-objective PV
optimization problems. These four algorithms are briefly explained and compared in this
section to find the most suitable tool for the solution of the proposed optimization problem. All
algorithms are implemented using the Distributed Evolutionary Algorithms in Python (DEAP)
Python package, which enables the modular and flexible construction and customization of
different evolutionary algorithms [209].

The performance of most optimization methods depends on several parameters, e.g., the
population size in the case of evolutionary algorithms. The tuning of these parameters is called
meta-optimization, which is an essential part of the algorithm selection process, as the fine-
tuned parameters can result in significantly better performance compared to the default ones
[210]. The meta-optimization is performed for several discrete values of the main parameters
by a grid search algorithm, which tests all possible combinations of the pre-selected parameter
values. Due to the stochastic nature of the algorithms, each test is composed of five optimization
runs with the same parameter combination to provide a more reliable picture of the
convergence, accuracy, and consistency of the method with the given parameter set.

The meteorological data used for the optimization is the Typical Meteorological Year
(TMY) dataset derived from the Photovoltaic Geographical Information System (PVGIS) for
Paks at 46.623° N, 18.859° E [211]. The TMY is generated from the 12-years data for 2007-
2016 of the satellite-derived hourly PVGIS-SARAH database, which is based on the original
SARAH (Surface Solar Radiation Data Set — Heliosat) dataset published by the EUMETSAT
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(European Organisation for the Exploitation of Meteorological Satellites) CM-SAF (Satellite
Application Facility on Climate Monitoring) [212]. The decision variables include all ten design
parameters listed in Table 5-1, the objective is to minimize the LCOE, and the technical and
economic parameters are the ones listed in Table 5-2 and Table 5-3. The overall best LCOE
found for this optimization problem is 72.9742 €/ MWh.

5.2.1 Genetic algorithm

The history of genetic algorithms dates back to the 1960s, and by now, a wide range of different
implementation of the basic concepts can be found in the literature [213]. The main idea of the
method was inspired by biological evolutions, where the fittest individuals have the highest
chance to survive and contribute to the creation of the next generation. A general flowchart of
a GA is shown in Fig. 5-2.

[ Initialize population }

[Evaluate objective fen. ]4—[ Create children ]

A .

Elite
Crossover
Mutation

True

Stop

Results condition

Select parents ]

Fig. 5-2 Flowchart of the genetic algorithm

The algorithm starts with the initialization of the population, where each individual
represents a point in the search space, described by a set of decision variables called
chromosomes, where each decision variable is called a gene. The objective function is evaluated
for each individual, and the results are scaled to get their fitness value. The parents of the next
generation are selected based on their fitness values. The children, i.e., the population members
of the next generation, are created by the crossover and mutation of the parents. In the case of
an elitist GA, the individuals with the highest fitness directly survive into the next generation.
After the creation of the next generation, the process is starting over from the objective function
evaluations until a stopping criterion is met. When the evolution stops, the best individual is the
result, which is expected to be close to the global optimum of the optimization problem in a
well-parametrized algorithm. A large number of individuals and the mutation contribute to the
variability of the population to avoid the local extrema, while the fitness-based selection and
crossover ensure the convergence of the algorithm to the global optimum.

The initialization, selection, crossover, and mutation can be performed in several different
ways, which enables a wide range of different GA variations. The individuals of the initial
population are chosen randomly between the boundaries of the decision variables with a
uniform distribution in the present thesis. The size of the population, i.e., the number of the
individuals, is set by an NP parameter. The ER fraction of the population with the best fitness
values survives to the next generation as elite children. The parents of the other children are
selected using a tournament selection, where each parent is selected as the best of three
randomly chosen individuals of the current population. The parents are arranged into pairs, and
each pair produce crossover children with a CXPB probability or mutation children otherwise.
The crossover is performed by a two-point method, where the genes (decision variables) of the
two parents are swapped between two randomly chosen points of the chromosomes. The
mutation is performed with a 20% probability for each gene by adding values chosen randomly
from a Gaussian distribution with a mean of zero and a standard deviation of 0.2 times the full
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range of the given decision variable. A more extensive description of these methods (along with
many others) can be found in [214].

The stop condition can be either a maximum number of generations, evaluations, a
maximum calculation time, or some measure of the convergence of the algorithm. A common
convergence-related stop condition is a tolerance on the relative change of the function over a
number of generations. In the GA presented here, the algorithm stops when the relative
improvement of the best objective function is less than TOL over the last 50 generations. This
condition ensures that the algorithm terminates when its convergence is slowed, which is a sign
of either finding the global optimum or sticking permanently in local extrema, which both make
further calculation unnecessary.

The four main parameters chosen to tune by the meta-optimization are the NP population
size, CXPB crossover probability, ER elite ratio, and TOL function tolerance. Three different
values are tested for each parameter, and five optimization runs are performed for each
parameter combination, which results in a total number of 405 independent optimization runs.
Table 5-4 summarizes the mean and standard deviation of the objective function (LCOE in
€/MWh) and the average runtime for all runs with the given parameter values. As the objective
of the optimization is to minimize the LCOE, a lower mean value indicates better forecast
accuracy, while a low standard deviation is a sign of the consistency of the algorithm.

Table 5-4 General tendencies of the parameter selection of the genetic algorithm
Obj. Obj. Avg.

Parameter Value

mean std.  runtime, s

25 73.0260 0.0988 307

NP 50 73.0069 0.0237 532
100  73.0072 0.1021 988

0.2 73.0070 0.0994 582

CXPB 0.5 73.0142 = 0.0946 611
0.8 73.0188 0.0450 634

0 73.0080 0.0297 715

ER 0.1 73.0089 0.0959 689
0.5 73.0231 0.1038 423

10°%  73.0115 0.0994 768

TOL 10°  73.0028 0.0256 602
10%  73.0256 0.1005 457

A low population size leads to inaccurate results, i.e., the algorithm sticks in a globally sub-
optimal local minimum due to the lower variability of the population. The accuracy is similar
for NP of 50 and 100, but the population of 50 individuals results in better consistency and
faster calculation. The crossover probability has no significant effect on the calculation time,
and a lower value results in better accuracy, and a higher value yields more consistent research.
In GA, the crossover is responsible for the convergence towards the best individuals, while
mutation increases the variability of the population. In the implemented algorithm, the
generation reproduction happens by either crossover or mutation; therefore, a lower CXPB
means a higher mutation probability, which explains both the better accuracy and lower
consistency for a low CXPB. A higher elite rate decreases the calculation time, as the elite
children do not require re-evaluation in the next generation; however, a lower elite rate of even
no elites results in better performance. Decreasing the function tolerance increase the
calculation time, but it does not improve the performance above one point. This finding
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underlines the importance of the meta-optimization, as simply applying a more strict stop
condition does not ensure better results without tuning the other important parameters.

Table 5-5 shows the five parameter combinations leading to the best results. Comparing the
objectives to the global optimum of 72.9742 €/MWh indicates that even with the best
parametrization, the GA is still unable to locate the global optimum accurately. However,
depending on the purpose of the optimization, this accuracy may be sufficient in several
applications.

Table 5-5 Best parameter combinations of the genetic algorithm

NP cxpB ER  ToL  OP Obl Avg.
mean std. runtime, s
1 100 08 01 10° 729825 00067 1241
> 50 02 01 10° 729847 0.0089 652
3 100 02 0 10° 729849 00049 1286
4 100 02 01 10° 729851 00190 1257
5 50 08 01 10° 729855 0.0042 958

5.2.2 Differential evolution

The concept of differential evolution was proposed by Storn and Price in 1997 [215]. The
individuals of the population are parameter vectors, which are practically the same as the
chromosomes of the GA with different terminology. In the reproduction phase, each vector of
the current population is selected as a target vector. For each target vector, a mutant vector is
created by randomly selecting three individuals and adding the weighted difference of two
vectors to the third one:

Vige1 = Xr16 + F (X6 — Xr36) (5.3)

where v is the mutant vector, x is a parameter vector, i is the index of the target vector, r1, rz, r3
are three randomly chosen indices, and G is the number of generation, and F is the weighing
factor. Afterwards, a trial vector is created by the crossover of the target and mutant vectors,
where one randomly chosen element is always taken from the mutant vector, while the other
elements are taken from the mutant vector with a CR probability or from the target vector
otherwise. The objective function is evaluated for the trial vector and compared to the target
vector, and the better of these two survive for the next generation. DE is elitist by default, as
the individual can be replaced only by better ones during the evolution. A detailed description
and further variations of the DE can be found in [215].

The initialization and the stop condition of the DE are the same as described for the GA.
The four main parameters to optimize are the NP population size, CR crossover ratio, F
weighing factor, and TOL function tolerance. The results of the meta-optimization are presented
similarly as for the GA in Table 5-6. The population size parameter has a similar tendency as
shown for the GA, but with higher optimal population size. The average runtime is almost
linearly proportional to the number of individuals, which indicates that the number of
generations required to find the optimum is almost the same regardless of the population size.
In terms of the crossover rate, the lowest tested value results in the best average performance.
The 0.5 and 1 values for the F weighting factor both ensure good performance, but F = 0.5 is
the most beneficial if runtime is also taken into account. A lower F value means smaller
mutation steps, which is more beneficial to converge towards the optimum smoothly. The effect
of the function tolerance is rather small in all aspects except for the calculation time, where a
lower tolerance results in longer calculations with only a small accuracy benefit.
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Table 5-6 General tendencies of the parameter selection of the differential evolution
Obj. Obj. Avg.

Parameter Value

mean std.  runtime, s

25 73.0112 0.1350 410

NP 50 72.9832 0.0506 912
100 72,9807 0.0203 1740

200  72.9857 0.0391 3446

0.2 72.9756  0.0045 1576

CR 0.5 72.9799 0.0175 1649
0.8 73.0150 0.1273 1655

0.5 72.9780 0.0135 978

F 1 72.9798 0.0243 1737

1.5 73.0126  0.1262 2166
10%  72.9872 0.0376 2127
TOL 10° 72,9941 0.1124 1554
10*  72.9892 0.0583 1200

The five best parameter combinations for the DE are presented in Table 5-7. The overall
best results are provided by the DE with 100 individuals, 80% crossover rate, F = 0.5 weighing
factor, and 107 function tolerance after a runtime of 1100 seconds on average. If the calculation
time is also important, almost the same accuracy can be achieved with only 50 individuals over
only half of the time, 520 seconds on average. Increasing the function tolerance to 10 further
decreases the expected runtime to about 450 seconds at the cost of a slight decreasing
consistency. The three recommended parametrizations are marked with bold letters in Table
5-6. Compared to the GA, the tuned DE is a significantly better optimization algorithm to find
the global optimum of the presented PV plant optimization problem.

Table 5-7 Best parameter combinations of the differential evolution

N CR F  TOL OO Obj. Avg.
mean std. runtime, s
1 100 0.8 0.5 10%  72.9743 1.63E-08 1103
2 50 0.8 0.5 10  72.9743 1.97E-08 522
3 200 0.8 0.5 10%  72.9743 2.74E-08 2355
4 50 0.8 0.5 10°  72.9743 1.05E-07 454
5 100 0.8 0.5 10°  72.9743 2.32E-07 825

All these parametrizations ensure to find a solution close enough to the global optimum with
five orders of magnitude better consistency than the GA does. All the five best parameter
combinations feature a CR = 0.8, while this value is the worst performer if only the average
performance is considered, which highlights that the average values are good to see the general
tendencies, but they are not enough to find the absolute best parametrizations. Compared to the
GA, the tuned DE is a significantly better optimization algorithm to find the global optimum of
the presented PV plant optimization problem.

5.2.3 Particle swarm optimization

The particle swarm optimization was first introduced by Eberhart and Kennedy in 1995 [216].
Similarly to the GA and DE, PSO is also a population-based search method, but the
development of the population over generations is inspired by swarm theory instead of

70



evolution. The members are called particles, which are not replaced by new, more promising
individuals, but are moving around the search space to find the global optimum. Each particle
has a position and a velocity that are both vectors of the decision variables. The velocity of a
particle is updated in each iteration step based on the actual velocity and the distance from the
global and individual best points [217]:

v; = wv; + ¢y (pbest; — x;) + ¢,y (gbest — x;) (5.4)

where v is the velocity and x is the position of the particle i, and r1, r2 are vectors with uniform
random numbers between 0 to 1. The pbest is the position with the best objective value found
by the given particle, while gbest is the global best position found by any particles so far. The
w inertia weight, c1 cognitive learning rate, and c2 social learning rate are three important
parameters of the optimization [218]. The velocity is constrained by a maximum absolute value,
which is set as 0.2 times the range of the given decision variable. At the end of each iteration
step, the position of the particles is updated by adding the velocity to their previous positions.

The positions of the initial particles are selected randomly from the search space, while their
velocities are also randomly selected between zero and the maximum velocity in each
dimension. The stop condition of the algorithm is similar to the one used for the GA and DE,
but the number of generations to measure the function tolerance is increased to 100. The main
parameters are the NP population size, W inertia weight, C1 and C2 learning rates, and TOL
function tolerance. The results of the meta-optimization are summarized in Table 5-8.

Table 5-8 General tendencies of the parameter selection of the particle swarm optimization
Obj. Obj. Avg.

Parameter Value

mean std.  runtime, s

25 73.1256  0.2849 269

NP 50 73.0485 0.1504 526
100  73.0358 0.1277 982

W 0.7 73.1131 0.2261 476
1 73.0269 0.1682 708

0.5 73.1212 0.2771 548

C1 1 73.0636 0.1756 553
2 73.0251 0.1119 675

0.5 73.1287 0.2606 564

C2 1 73.0629 0.1998 553
2 73.0183 0.1041 659

10%  73.0712 0.2142 690

TOL 10°  73.0690 0.2139 599
10*  73.0696 0.1822 487

Similarly to GA and DE, a larger population makes the results more accurate and consistent
at the cost of a longer runtime on average. The introduction of a W = 0.7 inertia weight
parameter lower than one reduce the chance to find the global optimum, and not advised in the
given design problem (the original PSO concept did not include this parameter). In general, a
higher W value improves the global search ability of the algorithm [218]. The C1 and C2
learning rates have an almost identical effect; their higher value improves accuracy and
consistency but increases the calculation time. The value of 2 for both learning rates
corresponds to the recommendations of [217]. The function tolerance seems to influence only
the calculation time, which indicates that the rough position of the final solution is determined
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in the earlier phase of the optimization, while the extra iteration steps resulting from a more
strict tolerance only cause the swarm to dig deeper into the already found local optimum, but
not increase the chance of finding the global one.

Table 5-9 reports the best parameter combinations of the PSO. Somewhat contradictory to
the general findings, the overall best performance in all aspects has resulted from a PSO with
25 particles, 1 inertia weight, 0.5 cognitive and 2 social learning rates, and a function tolerance
of 107°. With this parametrization, the PSO is more effective for global optimization than the
GA, but still substantially lagging behind the DE.

Table 5-9 Best parameter combinations of the particle swarm optimization

N w c1 c2 ToL @ OM- Obl Avg

mean std. runtime, s
1 25 1 0.5 2 10° 72.9753 0.0012 320
2 100 1 2 1 10°  72.9799 0.0126 1361
3 100 0.7 2 2 10° 72.9802 0.0131 911
4 50 1 2 2 10* 72.9802 0.0125 655
5 100 1 1 0.5 10% 72.9813 0.0150 1173

5.2.4 NSGA-II

The non-dominated sorting genetic algorithm, developed by Deb et al. in 2002, is one of the
most commonly used multi-objective optimization (MOO) algorithms [219]. Unlike the single-
objective optimization (SOO), MOO results in not only one optimal solution but a set of Pareto-
optimal solutions that represent all possible tradeoffs between the different objectives [220].
A solution is Pareto-optimal if it is not dominated by any other solutions, i.e., there are no other
solutions that have better values in terms of all objectives. The main issue of MOO is to find an
effective method for the sorting of the individuals, as simply ordering based on the value of the
objective function is ambiguous in case of more than one objective.

The core concept of the NSGA-II is the non-dominated sorting algorithm, which is based
on the rank and crowding distance of the individuals. The rank of an individual refers to its non-
domination level. The rank 1 individuals are not dominated by any other individuals (i.e., they
are on the Pareto-front), the rank 2 individuals are only dominated by rank 1 individuals, and
so on. The crowing distance is the average normalized distance of the given individual from the
neighboring individuals with the same rank along each dimension of the objective space. The
objective functions are normalized based on their minimum and maximum values in the whole
population. The extreme solutions, i.e., the solutions with the lowest and highest values in each
objective, are assigned an infinite crowding distance to reflect their importance in the
population. The individuals are first sorted based on their rank (lower is better), then the
individuals with the same rank are sorted based on their crowding distance (higher is better).
The higher priority of the individuals in the less crowded regions ensures the uniform spread of
the solutions on the Pareto-front.

The NSGA-II algorithm starts with the random initialization of the population of NP
individuals. In each generation, NP parent individuals are selected by a binary tournament
selection method, where each parent is picked as the best of two randomly chosen individuals
in terms of their non-dominated sorting order. The offsprings are created with the crossover and
mutation of the selected parents. The crossover is performed by a simulated binary crossover
with CXPB probability, and each offspring are mutated with a polynomial mutation method as
implemented in the DEAP package [221]. The main parameter of these crossover and mutation
methods is the ETA distribution index, where a higher value results in more similar, while a
lower value in more different children compared to their parents. The next generation is selected
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as the NP best individuals from the union of the current population and the offsprings. This
elitist selection method is an essential feature of the NSGA-II algorithm. A more detailed
description of the algorithm can be found in [219].

The stoping condition for NSGA-I11 is set similarly to the above-presented SOO algorithms,
i.e., the optimization stops when the improvement of the results over the last 50 generations is
lower than a TOL function tolerance value. However, while the improvement can be simply
measured based on the objective function for the single-objective algorithms, MOO requires a
more complex performance metric that takes the whole Pareto-front into account. One such
metric is the extent of spread of the solutions, which is calculated from the mean and standard
deviation of the crowding distance of all individuals and the change of the extreme points
between the generations (the exact calculation method is described in [219]). A low spread
indicates that the solutions are distributed evenly, and the extreme points are not improving
anymore, which calls for the stop of the optimization. Another metric to measure the overall
performance is the hypervolume dominated by the solutions. The hypervolume metric is the
size of the region of the objective space that is dominated by the Pareto-optimal solutions but
is better than a reference point in all objectives (i.e., the reference point if the upper boundary
of this region). The selection of the reference point has a large effect on the hypervolume. The
best candidate for the reference point is the nadir point, which is the point of the objective space
whose coordinates are selected as the worst of each objective among all individuals of the
Pareto-front [222] (see Fig. 5-3 for illustration). The nadir point can be easily calculated if the
single-objective optima are known for each objective. If the results are available, the
hypervolume is a better performance metric to use in the stop condition due to its better stability
compared to the extent of spread.

The demonstration and meta-optimization of the NSGA-II multi-objective optimization
algorithm are performed for the simultaneous optimization of the LCOE economic and the
GWP (global warming potential) environmental objectives. In this case, only eight decision
variables are optimized, while the Pmax and Ninv are set to 325 W and 100, respectively, as their
effect cannot be properly accounted for in the environmental impact calculation [191]. The best
LCOE and GWP, calculated by the single-objective DE, are 73.0025€/MWh and
40.6553 kgCO2e/MWh, respectively. The coordinates of the nadir point, set as the reference
point for the hypervolume calculation, are 79.8614 €/MWh and 42.4944 kgCO2e/MWHh.

The four main parameters of NSGA-II are identified as the NP population size, CXPB
crossover probability, ETA distribution index, and TOL function tolerance. The averaged results
of the parameter tuning are shown in Table 5-10. The evaluation is based on three metrics, the
hypervolume, where a higher value indicates that the Pareto-optimal solutions dominate a
higher part of the objective space, i.e., a better representation of the real Pareto-front is found,
and the minimum values of the two objective function, which show the accuracy of the extreme
solutions. A higher population size results in a higher hypervolume and a better approximation
of the single-objective optima, but the runtime of the algorithm is also proportional to the
number of individuals. The highest hypervolume found with a population of 200 and 500
individuals are 11.0895 and 11.0633, respectively (technically, the dimension of this metric is
€kgCO2¢e/(MWNh)? as it is an area in the objective space, but this unit has no practical meaning
or relevance). The tendencies of the other parameters show that a higher crossover probability
and moderate to high distribution index contribute to slightly more accurate results with no
significant increase in the calculation time. A more strict function tolerance largely increase the
calculation time but also improves the results.

Table 5-11 lists the five best parameter combinations based on the weighted average of the
relative difference of the hypervolume, and the minimum objectives at the two extremes from
their absolute best values. The best results are achieved by a population size of 500, a crossover
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probability of 0.8, a distribution index of 10, and a relative function tolerance of 10, However,
the selection of CXPB and ETA from the presented values has only a minor effect on the
performance. Lower values both parameters increase the diversity of the population; therefore,
an inverse tendency can be observed between these two parameters. Among the four best
combinations, the CXPB = 0.5 is paired with 10 to 20, while CXPB = 0.8 is paired with 5 to
10 distribution indexes. If only the runs with 200 individuals are considered, the best
performance is achieved by the same parameter combination, i.e., CXPB = 0.8, ETA = 10, and
TOL = 10~%, therefore, this parametrization can be considered universal for the given
optimization problem regardless of the population size.

Table 5-10 General tendencies of the parameter selection of the NSGA-I11 algorithm

Hypervolume LCOE GWP Avg.
Parameter Value €/MWh kgCO2e/MWh runtime
mean std. mean std. mean std. S
NP 200 11.0527 0.0078 73.0139 0.0056 40.6611 0.0104 1992
500 11.0826 0.0070 73.0115 0.0046 40.6571 0.0051 5000
CXPB 0.5 11.0655  0.0175 73.0134 0.0054 40.6592 0.0086 3489
0.8 11.0698 0.0157 73.0119 0.0050 40.6590 0.0082 3504
5 11.0653 0.0172 73.0139 0.0054 40.6588 0.0075 3621
ETA 10 11.0691 0.0158 73.0129 0.0053 40.6577 0.0063 3598
20 11.0685 0.0173 73.0113 0.0048 40.6609 0.0106 3270
TOL 10* 11.0704 0.0166 73.0113 0.0057 40.6585 0.0077 4353
10’3 11.0649 0.0165 73.0141 0.0044 40.6597 0.0090 2640

The NSGA-II is also effective in finding the two extreme points in the proximity of the
single-objective global optima; however, it is still less accurate than the single-objective DE. If
only the single-objectives are in the center of interest, it is better to use multiple runs of single-
objective DE for the individual optimization of the different objectives due to the higher
accuracy and shorter overall calculation times compared to one MOO optimization run. In case
the single-objective optimums are available in advance of the multi-objective optimization (e.g.,
they are already calculated with a DE for better accuracy), then they should be included in the
initial population of the NSGA-II to ensure that the exact positions of the extreme points are
correctly located in the resulting Pareto-front. The results of such optimization are included in
the last row of Table 5-11.

Table 5-11 Best parameter combinations of the NSGA-1I algorithm

Hypervolume LCOE GwP Avg.

NP CXPB ETA TOL €/MWh kgCO26/MWh  runtime
mean std mean std mean std S

1 500 0.8 10 10* 11.0874 0.0008 73.0077 0.0030 40.6560 0.0004 6029

2 500 05 20 10* 11.0873 0.0004 73.0086 0.0029 40.6561 0.0006 5773

3 500 08 5 10* 11.0871 0.0010 73.0114 0.0055 40.6560 0.0003 6459

4 500 05 10 10* 11.0861 0.0004 73.0090 0.0033 40.6558 0.0003 6614

5 500 08 20 10* 11.0858 0.0071 73.0077 0.0026 40.6615 0.0122 6582
The two single-objective optimum individuals added to the initial population of the algorithm

500

0.8

10

10* 11.0877 0.0016 73.0025 0.0000 40.6553 0.0000

6079

The size of the population directly affects the resolution of the resulting Pareto-front. Fig.
5-3 illustrates the best results calculated with 200 and 500 individuals, where it is clear that the
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population of 500 individuals results in much better coverage for the whole Pareto-frontier. The
discontinuities of the front are due to the change of the integer decision variables. Using an
even higher number of individuals is advised in studies where the multi-objective results and
the Pareto-front is an important basis of the conclusions [191,223].
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Fig. 5-3 Pareto-front calculated by the NSGA-I1 algorithm for economic-environmental optimization
for different population sizes

The calculation of the Pareto-front of multiple objectives is an effective and useful way to
represent and assess the tradeoff between different goals properly. The implementation of this
approach for ecodesign of hybrid renewable energy systems and ground-mounted PV plants
can be found in [223] and [191], respectively.

5.3 The sensitivity of the optimization results

After the definition of the optimization problem and the selection of the most suitable
optimization algorithms, the assessment of the reliability of the results is the next important
step to ensure the practical applicability of the results. The selection of the meteorological input
data, the PV plant simulation model, and the technical and economic parameters all influence
the optimization results. The uncertainty arising from these factors can be best quantified by
analyzing the sensitivity of the results to these factors. The results and conclusions of these
assessments are summarized in the following subsections.

5.3.1 Meteorological data resolution

The importance of accurate meteorological datasets for reliable PV simulations has been
emphasized in many previous works [35,224]. The effect of the interannual variability and the
generation of TMY (Typical Meteorological Year) datasets is a common topic in the literature
[36,39]; therefore, this aspect is not analyzed in this thesis. Even though the significance of the
data resolution is well-known and acknowledged, its effect has only been quantified for the
inverter clipping losses [21]. No paper has been found to quantify the overall effect of the data
resolution on the optimal values of different design parameters of PV plants, even though it is
clear that the high-frequency irradiance changes are not captured in the commonly used hourly
datasets. Moreover, albeit satellite-based datasets are the predominant source of meteorological
data for PV design simulations, the validation of these datasets mostly focuses only on the bias
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error [211]. A detailed comparison of satellite and ground-measured radiation datasets revealed
that the satellite-based data is slightly underdispersed [199], but the relevance of this finding
on design applications has not been discussed yet.

The most reliable, publicly available ground-measured minute-resolution solar irradiance
datasets are available from the Baseline Surface Radiation Network (BSRN) [225]. BSRN
includes data from 71 operating stations around the different climate zones of the world with
separate global, direct, and diffuse irradiance measurements. The main aim of BSRN is to
collect data regarding the radiation budget for the modeling and deeper understanding of the
climate processes, but the data can be used for a wide range of other applications, especially in
the field of solar engineering [21,61]. The global, beam, and diffuse irradiance components are
recorded in each station with 1-min resolution (or 3-min in some places before 2009), which
may be supplemented with other meteorological measurement data, such as upward radiation
flux, UV, ozone, synoptic weather observations, or radiosonde (measurement with weather
balloon) data. The 1-min sampling means that the components having a higher frequency than
2 minutes disappears from the measurement data according to the SHANNON law.

Table 5-12 summarizes the basic data of the four stations selected for the analysis. The
selection is based on the availability of data, diverse locations (two in Europe and two in North
America), climate, and solar resources. The climate of the stations is identified based on the
KOPPEN-GEIGER climate classification [226]. These for climatic regions cover most of the
regions where PV plants are commonly installed, e.g., Hungary belongs to the hot and warm-
summer humid continental climate zones.

Table 5-12 Name, location, and climate of the four selected BSRN stations

Code Name Location Coordinates Elevation Climate

LIN  Lindenberg Germany 52.210° N, 14.122°E 125 m  Warm-summer humid cont.
PSU Rock Springs Pennsylvania, US 40.720° N, 77.933° W 376 m Hot-summer humid cont.
CAR  Carpentras France 44.083° N, 5.059° E 100 m  Hot-summer Mediterranean
DRA Desert Rock Nevada, US 36.626° N, 116.018° W 1007 m Cold desert

The satellite-based datasets for the exact locations are retrieved from PVGIS, from the
SARAH database for European, and NSRDB (National Solar Radiation Database) for the
American sites. These datasets include satellite-derived global, beam, and diffuse irradiance
data, supplemented by air temperature and wind speed with hourly resolution. The radiation
data are supplemented by hourly temperature and wind speed data, which are based on the
ERA-Interim reanalysis of the ECMWF [36,227].

The NSRDB data are available from PVGIS for 2005-2015, while the SARAH data for
2005-2016 from PVGIS. The two American BSRN stations, DRA and PSU, have minute-
resolution data only from 2009. From the seven years ranging from 2009 to 2015, when all
datasets are available, 2009 is proven to be closest to the average based on the yearly
summarized global horizontal irradiation values; therefore, this year is selected for the analysis.
The SARAH and NSRDB are ready-to-use, quality-controlled datasets with no missing values,
but the BSRN data are raw measurement data with several missing and erroneous data entries.
A strict nine-steps quality control procedure was proposed for BSRN irradiance data in a study
aiming to validate separation models [61]. This procedure accounts for dropping possible
erroneous entries from the dataset, which is sufficient in model fitting and validation
applications, but it does not offer a solution to fill the place of the missing values to create a
full yearly dataset. As the design simulations required complete yearly data, the missing values
are replaced according to the following considerations. If only one of the three irradiance data
is missing, it is calculated from the following closure equation:
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Gh = DNI cos QZ + Dh (55)

If only Gn is available, the two components are calculated by the STARKE separation model.
In the case the data could not be restored for the given time step, it is filled with the data of the
same day and time of the following year. The number of such points is less than 0.23% of all
values in LIN, DRA, and PSU and still only 3.29% in CAR. Even though these points do not
correctly represent the given year, their number and possible effect are well inside the range of
the general uncertainty of the measurements. The missing measured temperature data are filled
with the interpolated values of the hourly datasets. The wind speed for the 1-min BSRN data is
linearly interpolated from the hourly SARAH and NSRDB datasets. These interpolated values
do not include the short-term fluctuations and gusts of the wind; however, as long the wind is
used only for the cell temperature calculation without accounting for the thermal inertia of the
modules, such a smoothed dataset is expected to yield even more accurate results compared to
minute-resolution wind data.

The summary of the weather data, including the annual global horizontal irradiance and the
diffuse fraction from both data sources, the average ambient temperature, and average wind
speed, are presented in Table 5-13.

Table 5-13 Meteorological summaries for the four selected BSRN stations for 2009

Station BSRN . Satellite . Tamean Vmean
code XGh lefl_Jse XGh lefl_Jse c;C m/s
kWh/m?/a  fraction kWh/m?a fraction
LIN 1105 51% 1097 50% 9.5 3.9
PSU 1310 51% 1290 45% 9.8 3.3
CAR 1613 32% 1666 32% 14.5 4.0
DRA 2082 25% 2084 22% 18.6 3.1

The effect of the temporal resolution of the datasets is quantified by performing the PV plant
optimization on datasets with different resolutions. The datasets of 5-min, 10-min, 15-min, 30-
min, and 1-h resolutions are created by the resampling of the quality-corrected 1-min BSRN
datasets. The aggregation of the data is performed using two methods; one is the generally used
simple averaging, while the other is the sampling of the value from the middle of each interval.
The main difference of the minute and hourly resolution data is the presence of the short-time
irradiance peaks resulting from the transient cloud enhancement effect. The duration of this
phenomenon typically up to several minutes; therefore, they disappear from the lower
resolution averaged datasets. However, by sampling value from the middle of the aggregation
intervals, these extreme irradiance values also have a chance to remain in the lower resolution
datasets.

The probability density functions of the global horizontal irradiance are plotted in Fig. 5-4
for the different resolution datasets for Rock Springs, while similar figures for the other
locations can be found in the Appendix. These diagrams only cover the higher than 800 W/m?
irradiance range, and the curves are derived by a kernel density estimation using cosine kernel
with a bandwidth of 20 W/m2. The blue curves represent the minute-resolution datasets, and
they can be considered the most accurate ones and the reference for the comparison of the
others. These curves show that the extremely high irradiances are largely reduced even in the
5-min data, and suppression of these data gets even worse by further decreasing the resolution
of the dataset, as it expected from the theory of digital signal processing. The density of high
irradiances in the satellite-derived datasets, represented by the pink curve, is similar to the
hourly averaged BSRN data. On the other hand, the middle-value sampling method can
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maintain almost the full density of the extreme irradiance values as the curves of the datasets
of all resolutions roughly overlap with the 1-min data. The lower resolutions, like 30-min and
1-h, datasets have a higher uncertainty, i.e., they can overrepresent some parts of the high
irradiance domain and underrepresent other parts, but it is still better than consistently

eliminating the higher irradiance values.
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Fig. 5-4 Probability density of high global horizontal irradiances with different resolutions and

The optimization results based on the different datasets are summarized in Table 5-14 for
Rock Springs and the Appendix for the other locations. These tables include the optimal values
of the ten design parameters, the lowest LCOE objective function value, the Pac/Poc AC to DC
nominal power ration, the Ey/Poc annual specific energy production, and the Co/Poc specific

installation cost.

aggregation methods for Rock Springs (PSU)

Table 5-14 Optimal PV plant design calculated from meteorological datasets with different
resolutions for Rock Springs (PSU)

Resolution 1 min Averaged Sampled Sat.
5min 10 min 15min 30min  1h 5min 10 min 15min 30 min  1h 1h
Pmod, W 315 315 320 325 325 330 315 315 315 315 315 320
Ns 22 22 22 22 22 22 22 22 22 22 22 22
Np 8 8 8 8 8 8 8 8 8 8 8 8
Ninv 145 142 141 141 140 141 145 144 144 145 148 125
Nmpl 6 6 6 6 6 6 6 6 6 6 6 4
Avpe 0.56% 0.55% 0.55% 0.55% 0.54% 0.55% 0.56% 0.56% 0.56% 0.56% 0.56% 0.54%
Avac 1.43% 1.44% 1.43% 1.42% 1.42% 1.41% 1.43% 1.44% 1.44% 1.43% 1.42% 1.48%
B, ° 13.4 143 144 144 149 151 133 136 137 133 131 20.2
y, © 1.3 2.0 15 1.7 0.0 3.3 1.0 14 1.9 0.0 34 2.9
d 1.52 156 156 156 157 157 153 153 153 152 149 176
LCOE, € MWh 74.6 741 738 736 733 731 747 747 747 748 749 743
Pac/Poc 72.2% 72.2% 71.0% 69.9% 69.9% 68.9% 72.2% 72.2% 72.2% 72.2% 72.2% 71.0%
Ey/Poc, Wh/W, 1134 1144 1145 1143 1149 1148 1133 1134 1133 1132 1129 1149
Co/Ppc, €/kW 750 752 750 747 748 746 750 750 750 750 749 758
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The main difference between the results of the averaged datasets is the decrease of the
AC/DC ratio with decreasing resolution. The lack of extreme irradiance values in low-
resolution datasets causes the underestimation of the inverter clipping losses, which directly
results in a misleading lower optimal inverter power [21]. The averaged datasets slightly
overestimate the electricity production and underestimate the LCOE. Moreover, the tilt angle
and row spacing are also affected by the resolution, probably due to the better representation of
the short-time row shading effect in the morning and evening hours by the higher resolution
datasets. In contrast, the sampled datasets provide almost exactly the same results as the
reference 1-min dataset, even up to 1-h aggregation time. The only place there the averaged
datasets provide reliable results is Desert Rock, where most of the high irradiances are resulting
from the normal mid-day irradiance in the desert environment, while the proportion of cloud
enhancement effects is relatively small. However, even though the difference is small, the
sampled datasets are more accurate than the averaged ones also in this location. In more cloudy
regions, where cloud enhancement is a more common phenomenon, using sampled instead of
averaged datasets is highly recommended to ensure the reliability of the results. In general,
hourly datasets are only suitable when they are sampled instead of averaged, or another kind of
special care was taken to ensure the proper distribution and the presence of extreme values in
the dataset.

The runtime of the optimization is linearly proportional to the number of data entries in the
dataset, as the number of generations required to find the global optimum is roughly the same
in all cases (around 200 with the optimally parametrized DE). In other words, optimizing based
on minute-resolution data requires 60 times as much time compared to hourly data, which
increases the total runtime to ten hours for a SOO and around 100 hours to MOO. This runtime
can be reduced by using a more powerful computer and the parallel processing of the
individuals, but in general, running optimization on minute-resolution datasets is not
recommended. Instead, sampling the meteorological dataset to a 10-min or 15-min resolution
before the optimization can ensure to obtain the SOO results in less than one hour without
compromising their quality and reliability.

The satellite-derived datasets often suggest a substantially different design compared to the
measurement-based data; therefore, if available, it is better to use ground-measured data for the
plant design simulations. However, this difference is probably not only due to the time
resolutions but of the fundamentally different radiation measurement method. The difference
increases with the diffuse fraction, as it is the lowest in the Desert Rock station and the highest
in Lindenberg and Rock Springs. This observation is probably due to the better reliability of
the satellite measurement in clear sky conditions than in cloudy skies.

5.3.2 Transposition model selection

The detailed physical model comparison of Chapter 4 highlights the importance of the model
selection to ensure the accuracy and reliability of the results. However, a similar assessment
methodology as used for the forecasting model selection, i.e., testing the results of all possible
model chains, is infeasible in the design optimization problem due to the overly increasing
calculation time. Section 4.2.1 and Table 4-5 revealed that the most critical steps of the physical
model chains are by far the transposition and separation modeling. As most of the
meteorological datasets used for PV design contains both direct and diffuse irradiance values,
separation modeling is not required in the design optimization model chains. Moreover,
transposition modeling is not only the most important step but also the most general one, as it
depends only on the general behavior of the atmosphere. In contrast, the other calculation steps,
like the reflection, temperature, PV, shading, and inverter models, are all influenced by the
technical parameters of the selected modules and inverter.
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The fourteen transposition models presented in Section 3.1.2 are compared for the PV
design optimization problem. The models used in the other five calculation steps are the
PHYSICAL reflection, MATTEI cell temperature, BEYER PV, DIRECT and DIFFUSE shading,
DRrIESSE inverter models similarly to previous calculations. The transpositions models are
directly related to the tilt and azimuth angles. These two design variables can also be optimized
for a purely technical objective, the maximum annual incident irradiance; therefore, these
parameters are also included in the following results. The optimization is performed for all four
with all fourteen transposition models. The meteorological data used for the simulations is the
sampled 10-min resolution measurement-based dataset, as this represents the best tradeoff
between accuracy and calculation time.

Table 5-15 summarizes the results for Carpentras, while the similar results for the other
three locations are shown in the Appendix. The first three rows contain the fmax tilt angle ymax
azimuth of the plane of maximum irradiation and the XG+/ZGn relative sum of the irradiation on
the optimal plane compared to the horizontal. The next ten rows are the optimal value of the
ten design parameters followed by the minimum LCOE objective function, the AC/DC nominal
power ratio, the Eyr/Poc specific energy production, and the Co/Ppc specific installation cost.

Table 5-15 Orientation of the plane of maximum irradiance and the optimal PV plant design
calculated with different transposition models for Carpentras (CAR) (LCOE: €/MWh, Ey/Poc: Wh/W,,
Co/Poc: €/kVV)
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Prax, © 336 357 297 343 379 359 358 354 363 359 368 353 373 366
Ymaxs ° -2.7 -2.8 -2.8 -2.7 -2.3 -2.6 -2.6 -2.6 -2.6 -2.5 -2.4 -2.7 -2.4 -2.6
IG/ZG, 114% 115% 112% 115% 120% 118% 117% 118% 122% 118% 122% 119% 120% 118%
Pmod, W 315 335 315 325 335 330 330 330 330 315 330 330 335 330
Ns 22 23 22 21 22 23 23 23 22 21 23 23 22 23
Np 8 7 8 8 7 7 7 7 7 8 7 7 7 7
Ninv 117 121 124 119 118 120 121 120 123 117 118 123 120 119
Nmpi 4 4 4 4 4 4 4 4 4 4 4 4 4 4

Avpc 0.51% 0.48% 0.50% 0.50% 0.45% 0.48% 0.48% 0.48% 0.47% 0.49% 0.48% 0.48% 0.46% 0.48%
Avac 1.48% 1.47% 1.45% 1.47% 1.49% 1.47% 147% 1.47% 1.48% 1.49% 1.48% 1.46% 1.49% 1.48%

B,° 220 249 187 233 295 257 247 254 270 246 256 240 284 260
y, ° -23 -20 -20 -22 -24 -23 -18 -21 -20 -18 -27 -21 17 -21
d 189 200 178 194 213 202 199 200 205 197 204 197 211 203
LCOE 609 60.7 614 607 592 599 604 599 586 601 580 593 592 5938
Pac/lPoc 72.2% 74.2% 72.2% 73.3% 77.5% 75.3% 75.3% 75.3% 78.7% 75.6% 75.3% 75.3% 77.5% 75.3%
Ey/Poc 1417 1441 1397 1433 1508 1468 1454 1467 1524 1462 1519 1478 1505 1471
Co/Ppc 766 775 761 771 789 779 778 (/8 789 778 780 777 788 779

The transposition model selection has the highest effect on the optimal tilt angles, but they
also affect the optimal row spacing the AC/DC ratio of the plants. The difference of the models
increases with the diffuse fraction of the location. In Lindenberg, where the diffuse fraction is
more than 50%, the difference between the lowest and highest tilt of the plane of maximum
irradiance i1s 13.4°, while it is only 5.9° in Desert Rock, where the diffuse fraction is only 25%.
The differences in the tilt angle of an optimal plant are in the same range of even higher, e.g.,
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itis up to 14.8° in Lindenberg, which pose a high uncertainty on the optimal design. Moreover,
the irradiation gain over the horizontal and the expected energy production of the plants is also
influenced by the model. The difference of the annual production calculated by the different
models is 14.6%, 10.6%, 9.0%, and 6.6% for Lindenberg, Rock Springs, Carpentras, and Desert
Rock, respectively. Such a high uncertainty fundamentally questions the reliability of the
profitability calculations.

The isotropic models result in the lowest, while the three-component models in the highest
tilt angles and irradiance gain. The isotropic sky diffuse irradiance component decreases with
the tilt angle, and it has the maximum on a horizontal plane. The circumsolar component is
typically treated similarly as the beam irradiance, where the tilt angle close to the latitude results
in the overall best incidence angle [228]. Lastly, the horizon brightening component originates
from the lowest portion of the sky, and it can be best utilized by a vertical plane. The model
resulting in by far the lowest tilt angles is the BADESCu model, which is not recommended for
PV simulations. The PEREZ model, which is identified as the best in the literature and used in
the widely acknowledged PVsyst design simulation tool, is among the models that provide the
highest tilt angles and irradiance gain, probably due to its consideration for the horizon
brightening. However, the validity of the PEREZ and other three-component model is not clear
for PV plants, where the neighboring PV row mostly obscures the horizon and the lower parts
of the sky.

The diffuse fraction in Hungary is 44-45% based on the PVGIS-SARAH dataset; therefore,
the simulations performed for Hungarian sites are highly prone to the selection and accuracy of
the transposition model. The optimal design of PV plants in the country can only be ensured by
identifying the most precise transposition model for the local climate. To our best knowledge,
no such study has yet been performed in Hungary, and neither is there a station to collect the
required data for such analysis. Installing a measurement station in the country with differently
oriented pyranometers could enable to identify the best transposition model for the local
conditions, which could decrease the uncertainty around the optimal module orientation and
PV plant design.

5.3.3 PV module costs

The results of the optimization largely depend on the technical and economic parameters and
cost functions. Most of these parameters are pretty accurately known during the design of real
PV plants, and their possible uncertainties can be addressed by sensitivity analysis. However,
these parameters are not fixed, but they change over time due to the advance of the technology.
The PV module costs are most important among these parameters for two reasons, 1) they have
the highest share in the total installation costs, 2) they have dropped by more than 80% in the
last decade, which decrease is expected to continue even in the following years [229].
A sensitivity analysis for the PV module costs can discover the expected changes in the optimal
plant design over the following years due to this cost decrease.

In this analysis, the original c;,,q = 120 + 0.6(Pp0q — Prmin) [W] € PV module cost
function of Table 5-3 is divided into a fixed shipping and installation cost of 50 € and a power-
dependent wholesale module price of 70 + 0.6(Pp0q — Prmmin) [W] €. The installation costs
are considered constant, while the module price is multiplied by a cost factor ranging from
120% to 50% in 10% steps, while the other costs and technical parameters are considered the
same as described in Section 5.1.2. The sensitivity analysis is performed for all four locations
using the measurement-based sampled 10-min resolution dataset. The results for Carpentras are
summarized in Table 5-16, while similar results for the three different locations are included in
the Appendix.
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Table 5-16 Optimal PV plant design for different module costs for Carpentras (CAR)
PV module cost 120% 110% 100% 90% 80% 70% 60% 50%

Pmod, W 315 315 335 335 335 335 335 335
Ns 23 23 22 22 20 20 23 20
Np 7 7 7 7 8 8 7 8
Ninv 114 114 120 120 118 119 120 121
Nmpl 4 4 4 4 4 4 4 4
Avbc 0.44% 0.44% 0.46% 0.46% 0.51% 0.52% 0.53% 0.53%
Avac 150% 1.51% 1.49% 151% 151% 1.53% 1.55% 1.58%
B, ° 28.8 28.6 28.4 28.2 26.9 26.7 26.1 26.1
v, ° -1.8 -1.8 -1.7 -1.7 -1.5 -1.8 -2.3 -2.2
d 2.12 2.11 2.11 2.10 2.05 2.04 2.01 2.01
LCOE, €/ MWh 62.3 60.8 59.2 57.5 55.9 54.1 52.3 50.7
Pac/Poc 789% 78.9% 775% 77.5% T74.6% 74.6% 742% 74.6%

Eyr/Poc, KWh/KW)p 1511 1510 1505 1504 1483 1481 1477 1479
Eyr/Pac, KWh/kW 1915 1914 1941 1940 1987 1985 1992 1981
Co/Poc, €/kW 836 814 788 763 730 705 678 655

The 50% drop in PV costs results in only a 15% reduction in the LCOE of an optimal PV
plant. This limited cost reduction potential due to the PV modules highlights the importance of
the design optimization and the decrease of the balance of system (BOS, it refers to all other
components of a PV system except for the modules) and installation costs [230]. The main
effects of the PV cost reduction on the optimal design parameters are the following:

e The AC/DC ratio decreases, which increases the inverter overload losses but reduces the
relative costs of the inverter and other AC components.

e The nominal cable voltage drops increase, which increases the cable losses but reduces
their size and costs.

e The tilt angle decreases, which reduces the in-plane irradiation and, consequently, the
energy production of the PV modules, but also contributes to the decrease of the height and
cost of mounting structures, the required land area, and cable lengths.

e The row spacing decreases, which increases the shading losses but reduces the land area
and cable lengths.

e The number of inverters increases as the decreased relative land usage enables to install
more power to roughly the same area.

The same tendencies can be observed in all four locations; therefore, the effect of the
decreasing PV costs are similar in different regions regardless of their climate. In general, all
these design changes decrease the installations costs of other components at the price of
decreased DC-specific energy production (Ey/Ppc) due to the increased system losses. The AC-
specific energy production (Eyr/Pac), i.e., the peak load hours of the PV plants calculated from
their nominal grid-connection power increases due to the decreasing AC/DC ratio, which are,
along with the peak-shaving effect of the lower AC/DC ratio, both beneficial for the grid
integration of the plants. The lower relative row spacing results in a decreased land usage for a
plant with the same nominal power, which is an important factor in regions with limited land
area. In contrast, the lower tilt angle exaggerates the differences between the winter and summer
energy production, which increases the need for backup generation capacities for the winter
months.
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As a general conclusion, the optimal design of the PV plants continuously changes over
time due to the changing costs of the PV technology, which makes the optimization results
obsolete just after several years even for the same locations. It is recommended to always
optimize the plants based on the latest and most reliable data, while the design recommendation
for PV plants should be regularly updated.

5.3.4 Further discussion

The PV optimization model and framework are developed for the most general type of ground-
mounted PV plants; however, they can also be used for other types of PV systems with some
modification of the model. For example, the bifacial modules have increasing popularity, and
they can be accounted for by adjusting the models of the PV module power calculation step to
cover the bifaciality. In the case of floating PV systems, the models should be tailored for the
special mounting structure geometry and the floating system, while the precise calculation of
the irradiance reflected from the water and the effect of the water on the cell temperature are
also important. For PV installations in a desert environment, more detailed modeling of the dust
accumulation is necessary to properly account for the soiling losses. Industrial-scale rooftop
systems on large flat roofs have a similar layout as the ground-mounted system, but the temporal
differences of the load and PV production should also be considered if the energy is consumed
in the facility instead of fed into the grid. The sizing of household-scale PV systems mounted
on tilted roofs is a different optimization problem due to the many fixed conditions, but most
of the findings of this Section related to the meteorological dataset, transposition models, and
cost changes are still relevant in the design optimization of this kind of systems [223].

The performance model calculates the expected electricity production for the whole lifetime
of the power plant with at least an hourly resolution; therefore, either fixed or time-dependent
electricity prices can be used to calculate the revenues. In this way, fixed feed-in tariff, feed-in
premium, or unsubsidized wholesale electricity market prices can all be used for the simulation
depending on the incentives granted for the investment. The economic feasibility and
environmental effects of the PV installations can be even more accurately considered if the
long-term changes in the electricity prices and the emissions of the changing electricity mix are
integrated into the optimization model [231]. In many countries, including Hungary, the PV
plant owners have to pay balancing energy costs for the difference between their real and
forecasted energy production, which additional costs decrease the profitability of the plants.

The uncertainties of the optimal PV design and expected profitability due to the common
use of hourly, satellite-based meteorological datasets and the selection of transposition model
are more critical in locations with a high diffuse fraction like Hungary. It is highly
recommended to obtain local ground-measurement data with the best possible resolution to
ensure the development of the Hungarian PV industry in the most cost-effective way, e.g., from
the ground stations of the Hungarian Meteorological Service, or the local weather
measurements of already installed PV plants.

5.4 Summary

The physical performance models of PV plants are also capable of serving as a basis for the
design optimization of photovoltaic plants. This chapter introduces a comprehensive
optimization framework of ten important design variables of ground-mounted PV plants for
various economic and environmental objectives. The most effective optimization algorithm is
selected from three metaheuristics, the genetic algorithm, differential evolution, and particle-
swarm optimization. The best parametrization of each algorithm is found by a grid-search meta-
optimization method, and the results highlighted that the differential evolution is the best tool
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for the most accurate end reliable search for the global optimum. Similar analyses are also
performed for the NSGA-II multi-objective optimization algorithm, enabling the detailed
assessment of the tradeoff between different objectives. The detailed results related to the
economic and environmental optimization of PV plants and renewable energy systems are
summarized in [191] and [223].

The three sources of uncertainty are the meteorological input data, the simulation model,
and the technical and economic parameters. The most important factor of each category is
identified as the meteorological data resolution, the transposition model selection, and the cost
of PV modules. The effects of these factors are quantified by sensitivity analyses. The
calculations based on averaged lower-resolution (5-min to 1-h) meteorological datasets yield
misleading results related to the optimal plant design parameters and the expected financial
return compared to the reference minute-resolution ground-measured irradiance datasets.
Aggregating the datasets to lower resolutions by sampling one value from each interval instead
of averaging is an effective method to maintain the variability of the datasets and ensures the
reliable optimization even based on lower-resolution data. As the optimization is not feasible
on 1-min datasets due to the long runtime, the best practice for PV optimization is to first
aggregate the 1-min meteorological data by sampling to 10 or 15-min resolution, then perform
the optimization on this lower resolution input data. The optimization based on hourly satellite-
based datasets is misleading in locations with high diffuse fraction; therefore, using ground-
measured data is always preferred if it is available.

The difference between the results derived using different transposition models is
significant, especially in locations with a high diffuse fraction. Isotropic one-component models
underestimate the optimal tilt angle. The three-component models result in the highest tilt
angles; however, further studies are required to analyze the real effect of the horizon-
brightening diffuse irradiance component on the production of PV plants. The decreasing costs
of PV modules cost also affect the optimal design parameters. The main tendencies are the
decrease of the optimal AC/DC ratio, tilt angle, and row spacing, which both aim to decrease
the costs of the balance of system (BOS) components, but they also increase the system losses.
A 50% further reduction in the wholesale PV module prices only decreases the levelized cost
of PV energy production by 15%, highlighting the importance of the optimal system design and
the BOS components in the further cost decrease. This analysis also revealed an application
area where the proposed optimization framework can have a high potential. The new scientific
results of this chapter are summarized in Thesis 5, 6, 7, 8 and 9.
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6 Conclusions, theses, and further directions

This thesis focuses on two prominent application areas of the theoretical modeling of
photovoltaic systems: the physical forecasting of the expected power production and the design
optimization of ground-mounted PV plants. The overview of the underlying technical,
economic, and environmental modeling methods is presented in Chapter 2, which is the most
comprehensive overview of the topic, and it can serve as a valuable starting point for anyone
interested in PV system modeling.

In the physical solar power forecasting approach, the output power of photovoltaic plants is
calculated from the weather prediction data using a model chain consisting of seven main steps.
The power forecasts calculated from 151200 different model chains, constructed from ten
separation, fourteen transposition, four reflection, five cell temperature, six PV power, three
shading, and three inverter models are verified for 16 ground-mounted PV plants for two
forecast horizons. The verification is based on the latest recommendations of the scientific
literature to ensure the comparability with other studies and the long-term value of the analysis.

The presented design optimization framework aims to find the best values of ten main
design parameters of ground-mounted PV power plants for various economic or environmental
objectives. Three popular metaheuristic algorithms, the genetic algorithm, differential
evolution, and particle swarm optimization, are compared and meta-optimized to find the most
effective algorithm and parametrization for the global optimization of PV plants. Similar
analyses are also performed for the multi-objective optimization using the NSGA-II algorithm,
which enables to discover the tradeoff between the different design objectives. The
uncertainties of the optimal design resulting from the meteorological data resolution,
transposition model selection, and PV costs are quantified by a sensitivity analysis.

6.1 New scientific results

The new scientific results are summarized in the following nine theses. The analysis of the PV
power forecast verification results reveals the effect of the model selection on the overall power
forecast accuracy and the most critical steps of the calculation process.

Thesis 1

The selection of the physical model chain for photovoltaic power forecasting has a
significant effect on the forecast accuracy. On average, the most accurate model chains
lead to a 17% lower mean absolute error, 13% less root mean square error, and 26-38%
higher skill scores compared to the worst-performing ones. The model selection has a
different impact on the overall forecast accuracy in each calculation step. The impact of
the steps in decreasing order: 1) transposition, 2) separation, 3) temperature, 4) PV power,
5) shading, 6) reflection, and 7) inverter modeling. [232,233]

The accuracy of the physical PV power forecasts depends on both the forecast time horizon and
the location of the PV plant. The effect of these factors in Hungary is quantified based on the
comparison of the verification results for the intraday and day-ahead time horizons and the PV
plants in different geographical regions. The identification of the regional differences is
important to determine the reasonable expectations of the forecast accuracy at different
locations.
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Thesis 2

The physical photovoltaic power forecasting accuracy depends on both the time horizon
and the location of the plant, according to the following statements.

a) Physical photovoltaic power forecasts have a 3.8-9.5% (on average 6.8%) lower mean
absolute error and a 3.9-8.7% (on average 6.3%) lower root mean square error on
intraday (0-24 h) than on day-ahead (24-48 h) time horizon in Hungary.

b) The photovoltaic power plants on the Great Hungarian Plain have an 8.0% lower mean
absolute error and a 7.6% lower root mean square error on average for physical power
forecasting compared to the other parts of the country. The more accurate forecast is due
to the lower variability of the weather in the flatland compared to the hilly areas. [232]

The MAE and RMSE are both widely used error metrics for forecast accuracy evaluations with
many known advantages and disadvantages. However, it has not been analyzed before how the
choice of the error metric influences the power forecasts created by optimized model chains,
even though this knowledge is essential for the proper selection of the most suitable error metric
for a given application.

Thesis 3

Mean absolute error (MAE) and root mean squared error (RMSE) are two conflicting
error metrics of physical photovoltaic power forecasts, as there is no such model chain
that has the lowest error in both terms. The RMSE-optimized model chains consist of
more simple models, and they capture only 78-85% of the total variance of power
production. In contrast, the MAE-optimized model chains feature more complex models,
and they capture 92-101% of the real power variance. Due to the high underdispersion of
the RMSE-optimized forecasts, the MAE-optimized forecasts are recommended when the
prediction of the extremely low and high power outputs is also important. [232]

The wind speed has a well-known effect on the temperature and power output on the PV
modules, and it is required for the accurate performance modeling of PV systems. However,
the importance of wind speed data is not clear if the power calculations are created from highly
uncertain weather forecasts. The benefits of forecasted wind speed data are quantified based on
the comparison of PV power forecasts calculated using forecasted and constant wind speeds.

Thesis 4

The wind speed forecasts have only a marginal effect on the physical photovoltaic power
forecast accuracy. The power forecasts created with a constant, long-term average wind
speed have a similar or even better average accuracy compared to the forecasts based on
the predicted wind speed; however, the difference is less than 0.1% in mean absolute
error, mean bias error, and root mean square error. [232]

The main design variables of ground-mounted PV plants can be effectively optimized for a
wide range of objectives based on detailed technical, economic, and environmental modeling
of the system. The most suitable method for finding the global optimum of such a complex
optimization problem is found by the comparison and meta-optimization of three commonly
used population-based metaheuristic optimum search algorithms.

Thesis 5

Three population-based metaheuristic global optimization algorithms, the genetic
algorithm (GA), differential evolution (DE), and particle swarm optimization (PSO) were
fine-tuned and compared to optimize the ten main design parameters of PV plants for the
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lowest levelized electricity cost. Based on the meta-optimization results, the following
parametrizations make these algorithms most effective in solving the PV optimization
problem:

e GA: population size of 100 individuals, 80% crossover probability, 10% elite ratio,
and termination after less than 107 relative change in the best objective value over 50
generations.

e DE: population size of 50 individuals, 80% crossover rate, 0.5 F weighting factor, and
termination after less than 10 relative change in the best objective value over 50
generations.

e PSO: population size of 25 particles, inertia weight of 1, a cognitive learning rate of
0.5, a social learning rate of 2, and termination after less than 10 relative change in
the best objective value over 100 generations.

Comparing the three algorithms with their optimal parametrization, DE provides the
most accurate and consistent approximation for the global optimum, followed by the PSO
on the second, and GA on the third place. In general, DE is the most suitable algorithm to
solve the proposed PV plant optimization problem. [191,234]

The multi-objective optimization of PV plants is an effective tool to discover the tradeoff
between different objectives, e.g., identifying the difference between optimal design parameters
required for the best economic payback and lowest environmental impacts is essential for the
deeper understating of the significance of the ecodesign of PV plants. The best practice for
using the NSGA-II algorithm for the multi-objective PV optimization problem is determined
by a meta-optimization and the comparison of different population sizes.

Thesis 6

The non-dominated sorting genetic algorithm (NSGA-I1) is an effective tool for the multi-
objective optimization of ground-mounted PV plants with the following parametrization:
80% crossover probability, a distribution index of 10 for the simulated binary crossover
and polynomial mutation operators, and termination after less than 10 relative increase
in the hypervolume dominated by population and bounded by the nadir point over 50
generations. The resolution of the resulting Pareto-front and the runtime of the algorithm
are both linearly proportional to the population size; therefore, this parameter should be
chosen based on the accuracy requirements and the available time. In the case only the
extreme points are required, it is faster and more accurate to determine them by multiple
single-objective optimizations instead of a multi-objective one. [191,223]

A high-resolution meteorological input dataset is essential for the accurate simulation of PV
plants. Low-resolution datasets have a known effect of underestimating the inverter clipping
losses in PV systems, but the consequence of this error on the design optimization results has
not been analyzed before. Moreover, high-resolution datasets are not suitable for PV
optimization due to the long calculation times. The comparison of the optimization results based
on datasets created by different data aggregation times and techniques revealed both the errors
induced by the low data resolution and the best method for accurate design optimization.

Thesis 7

The reliability of the optimization results for a ground-mounted PV plant is largely
affected by the resolution of the meteorological input data. The optimization based on
averaged datasets with resolutions between 5-min and 1-hour underestimates the optimal
AC/DC power ratio, overestimates the expected annual energy production, and
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underestimates the levelized cost of electricity compared to the reference minute-
resolution dataset. Aggregating the minute-resolution dataset by sampling the middle
values of each interval instead of averaging is better for maintaining the diversity of the
irradiance data. The optimization based on the sampled dataset provides similar results
to the 1-min data even up to hourly aggregation times.

The runtime of the PV optimization is proportional to the number of meteorological data
entries; therefore, the minute-resolution datasets are not suitable for PV optimization due
to the long calculation time. The optimization based on sampled lower resolution datasets
provides reliable results after a much shorter runtime.

The most critical step of the physical PV model chains is transposition modeling, which has a
significant effect on the optimization results of PV plants. The comparison of the fourteen
transposition model for four locations revealed that identifying the most accurate model for the
given climate and region is essential for the reliable design optimizations.

Thesis 8

The simulated tilt and azimuth of the plane of maximum irradiation depend on the
transposition model selection. In the optimization of ground-mounted PV plants, the
transposition models affect not only the optimal tilt and azimuth but also the AC/DC
power ratio and row spacing. The difference between the results calculated by different
models is higher for locations with a high diffuse fraction. The simulations based on a less
accurate transposition model result in suboptimal plant design and an erroneous
estimation of the expected energy production and profitability. The most accurate
transposition model for a given region can be identified based on the measurement data
of a station with pyranometers of several different orientations. [207,234]

The costs of the PV modules have been continuously decreasing over the last decade. The
proposed PV plant optimization framework is an effective tool to analyze the expected effect
of this cost reduction tendency on optimal design variables and the levelized cost reduction
potential for the PV-produced electricity.

Thesis 9

The presented ground-mounted PV plant optimization framework is suitable to discover
the sensitivity of the optimal design to different technical and economic parameters. The
reduction of the PV module costs decreases the optimal AC/DC ratio, tilt angle, and row
spacing, while slightly increase the optimal design voltage drops; therefore, the PV design
guides should be regularly refreshed to accommodate these changes. Even a 50% decrease
in the wholesale modules prices could only decrease the levelized electricity cost of PV
production by 15%, which highlights the importance of the optimization of the other
system components. [234]

6.2 Application of the results

The presented physical PV power forecasting method serves as the basis of the PV forecasting
service developed by the MVVM Hungarian Electricity Ltd. in the frame of the FIEK (Center for
University-Industry Cooperation) program. This algorithm is suitable for the power forecasting
of new PV installations with a default model chain, while the accuracy can be further improved
by tailoring the model chain for the local conditions as historical production data become
available. The revealed regional difference in the forecast accuracy is useful extra information
for the PV investors in finding the most suitable site for a new PV installation and the regulators
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in setting proper location-dependent forecast accuracy targets or requirements. The main traits
of the MAE and RMSE-optimized forecasts are useful knowledge for policymakers to design
such a surcharge system for the forecast error that is the best representation of the real forecast
value. The finding related to the marginal effect of the find speed helps to avoid the extra costs
of purchasing the rather unnecessary wind forecast.

The PV design optimization framework can be used as a decision-making tool to support
the design procedure of ground-mounted PV plants, e.g., by commercially releasing it as a new
or including it in an existing PV design simulation software tool. The results related to the
meteorological data resolution and transposition models are important to ensure the reliability
of the optimization results, not only by the presented methodology but also in any practical,
iterative design optimization applications. The description of the effects of the decreasing PV
costs is important to foresee the expected tendencies and changes in the design parameters of
PV plants in the following years.

6.3 Further research directions

The results presented in this thesis can serve as a basis for many further research directions.
Regarding the power forecasting, the verification of the model chains for other climatic regions
could reveal the dependence of the best model chains on the local conditions and identify the
worldwide best model chains. Another important step to further analyze the universality of the
best model chains is to compare the power predictions created from different irradiance
forecasts, e.g., further NWP providers of even satellite-derived forecasts. The accuracy of the
power forecasts could be further improved using machine learning hybridized with the
presented physical modeling methodology. Finding the most suitable learning algorithm and
the best way of hybridization is a wide field for further research. The accuracy could also be
improved by fine-tuning the parameters of several capable physical models based on more
detailed measurement data, like on-site Gn, Bn, Dn, Gt, Tc, and Poc measurement. Additional
studies are also required to identify whether the MAE, the RMSE, or their weighted sum is the
best representation of the value of the forecast for the different market participants. The
variance of the MAE-optimized forecasts can be reduced by a smoothing post-processing
technique (e.g., moving average), but it still has to be discovered how this smoothing affects
the RMSE of the forecast.

The PV design optimization framework can be used for a wide range of further research,
e.g., a detailed analysis of the effect of different financial subsidies or the changes in the
electricity market prices. The framework can be further broadened by other objectives, like
minimizing the balancing energy costs resulting from forecast inaccuracies. The extension of
the model to describe the effects of a battery storage system can result in an effective tool for
evaluating the benefits of the batteries with different storage strategies. Incorporating the design
optimization and the expected cost-changing tendencies to a long-term energy system modeling
framework can improve the projections for the energy mix and electricity prices of the future.
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Effect of meteorological resolution for all locations

The following figures and tables support the conclusions of Section 5.3.1.
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Fig. A-1 Probability density of high irradiances with different resolutions and aggregation methods
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Table A-1 Optimal PV plant design calculated from meteorological datasets with different resolutions
for Lindenberg (LIN)

Resolution 1 min Averaged Sampled Sat
5min 10 min 15min 30 min  1h  5min 10 min 15min 30 min 1h 1h
Prmod, W 315 33 315 320 325 330 315 315 325 315 315 335
Ns 23 22 23 23 23 23 23 23 22 23 23 22
Np 8 8 8 8 8 8 8 8 8 8 8 8
Niny 109 110 107 107 106 105 109 109 111 112 109 108
Nimpi 4 4 4 4 4 4 4 4 4 4 4 4
Avpc 0.58% 0.56% 0.56% 0.56% 0.56% 0.56% 0.58% 0.58% 0.56% 0.58% 0.57% 0.55%
Avac 1.59% 1.58% 1.60% 1.59% 1.58% 1.57% 1.59% 1.59% 1.58% 1.57% 1.59% 1.57%
B, ° 173 186 189 189 193 195 173 172 182 174 174 206
y, © -38 -33 -23 -21 -17v -22 30 -39 30 -67 -54 1.4
d 193 200 197 198 199 200 193 193 198 189 194 205
LCOE, €/MWh 875 867 862 859 8.5 8.1 876 875 876 875 869 856
Pac/Poc 69.0% 68.9% 69.0% 67.9% 66.9% 65.9% 69.0% 69.0% 69.9% 69.0% 69.0% 67.8%
Eyr/Ppoc, Wh/W,, 971 984 988 987 989 990 971 971 976 970 979 995
Co/Poc, €/kW 756 759 758 756 754 752 756 756 760 755 756 759
Table A-2 Optimal PV plant design calculated from meteorological datasets with different resolutions
for Rock Springs (PSU)
Resolution 1 min Averaged Sampled Sat.
5min 10min15min30min  1h 5min 10min15min30min 1h 1h
Pmod, W 315 315 320 325 325 330 315 315 315 315 315 320
Ns 22 22 22 22 22 22 22 22 22 22 22 22
Np 8 8 8 8 8 8 8 8 8 8 8 8
Ninv 145 142 141 141 140 141 145 144 144 145 148 125
Nmpl 6 6 6 6 6 6 6 6 6 6 6 4
Avbe 0.56% 0.55% 0.55% 0.55% 0.54% 0.55% 0.56% 0.56% 0.56% 0.56% 0.56% 0.54%
Avac 1.43% 1.44% 1.43% 1.42% 1.42% 1.41% 1.43% 1.44% 1.44% 1.43% 1.42% 1.48%
B, ° 134 143 144 144 149 151 133 136 137 133 131 20.2
P, ° 1.3 2.0 1.5 1.7 0.0 3.3 1.0 14 1.9 0.0 3.4 2.9
d 152 15 156 156 157 157 153 153 153 152 149 176
LCOE, €MWh 746 741 738 736 733 731 747 747 747 748 749 74.3
Pac/Pbc 72.2% 72.2% 71.0% 69.9% 69.9% 68.9% 72.2% 72.2% 72.2% 72.2% 72.2% 71.0%
Ey/Poc, Wh/Wp 1134 1144 1145 1143 1149 1148 1133 1134 1133 1132 1129 1149
Co/Poc, €/kW 750 752 750 747 748 746 750 750 750 750 749 758




Table A-3 Optimal PV plant design calculated from meteorological datasets with different resolutions

for Carpentras (CAR)
Resolution 1 min Averaged Sampled Sat.
5min 10 min15min30min 1h 5min 10 min15min30min 1h 1lh
Pmod, W 335 335 315 335 330 330 325 335 33 325 335 325
Ns 22 22 21 22 23 23 23 22 22 23 22 20
Np 7 7 8 7 7 7 7 7 7 7 7 8
Ninv 120 120 111 120 114 116 115 120 121 115 120 111
Nmpl 4 4 4 4 4 4 4 4 4 4 4 4
Avpe 0.46% 0.45% 0.48% 0.45% 0.48% 0.47% 0.47% 0.46% 0.46% 0.47% 0.46% 0.47%
Avac 1.49% 1.49% 1.52% 1.49% 1.50% 1.49% 1.50% 1.49% 1.48% 1.50% 1.48% 1.52%
B, ° 285 286 276 289 282 282 279 284 285 277 286 304
v, °© 21 -19 -15 -21 -19 -01 -19 -17 -20 -19 -18 -05
d 211 212 208 209 212 208 209 211 208 210 210 219
LCOE,€/MWh 59.2 59.0 59.0 589 588 587 592 592 591 593 591 56.0
Pac/Pbc 77.5% 77.5% 75.6% 77.5% 75.3% 75.3% 76.4% 77.5% 77.5% 76.4% 77.5% 76.9%
Eyr/Poc, Wh/Wp 1505 1510 1497 1512 1503 1502 1498 1505 1505 1496 1506 1595
Co/Ppc, €/kW 788 789 782 788 783 782 785 788 788 785 788 790

Table A-4 Optimal PV plant design calculated from meteorological datasets with different resolutions

for Desert Rock (DRA)

Resolution 1 min Averaged Sampled Sat.
5min 10 min15min30min 1h 5min 10mMin15min30 min 1h 1h
Pmod, W 320 320 320 320 320 320 320 320 320 320 320 320
Ns 22 22 22 22 22 22 22 22 22 22 22 22
Np 7 7 7 7 7 7 7 7 7 7 7 7
Ninv 139 139 140 139 137 140 139 140 140 137 140 141
Nmpl 4 4 4 4 4 4 4 4 4 4 4 4
Avpe 0.44% 0.44% 0.44% 0.44% 0.44% 0.43% 0.44% 0.44% 0.44% 0.44% 0.45% 0.44%
Avac 1.39% 1.39% 1.39% 1.39% 1.40% 1.39% 1.39% 1.39% 1.38% 1.40% 1.39% 1.38%
B, ° 255 255 257 257 258 26.1 255 255 255 254 254 265
y, © -20 -18 -15 -14 -09 -01 -19 -16 -22 -11 -15 -28
d 181 181 181 181 184 180 181 180 180 184 180 1.79
LCOE, € MWh 470 469 469 46.8 46.8 468 471 470 47.0 471 47.0 46.7
Pac/Poc 81.2% 81.2% 81.2% 81.2% 81.2% 81.2% 81.2% 81.2% 81.2% 81.2% 81.2% 81.2%
Eyr/Poc, Wh/Wp 1900 1904 1906 1908 1912 1911 1900 1900 1899 1901 1899 1915
Co/Pobc, €/kW 788 788 788 788 789 788 788 787 787 788 787 788




Effect of transposition model selection for all locations

The following tables support the conclusions of Section 5.3.2.

Table A-5 Orientation of the plane of maximum irradiance and the optimal PV plant design calculated with different transposition models for Lindenberg

(LIN) (LCOE: €/MWh, Ey/Ppc: WhIW,, ColPoc: €/kI)

2] ! [a)

z Z 3 o pa 5 ooT x o 2 o _

Model 25 < é tl‘o'J > < % lué Q s IJIJzJJ é % S E 2

Jg B 2 > = T = 22 & > =3 3 I I

= 8 b m @ = X 3 = o X

Pmax, © 31.6 35.3 24.8 324 37.1 34.6 34.1 33.1 34.4 334 38.2 33.6 36.3 35.6
Ymax, © -34 -3.5 -3.1 -3.5 -2.5 -3.0 -3.0 -3.0 -3.2 -3.0 -3.0 -0.6 -3.0 -3.0
YGi/2Gh 111% 112% 108% 112% 117% 115% 112% 114% 118% 113% 124% 116% 117% 115%
Pmod, W 330 325 335 325 320 315 315 315 315 320 320 315 315 315
Ns 23 23 23 23 22 23 24 23 23 23 22 23 23 23
Np 8 8 8 8 8 8 8 8 8 8 8 8 8 8
Ninv 154 139 167 139 112 125 170 131 133 136 109 138 110 125
Nmp 8 6 8 6 4 6 8 6 6 6 4 6 4 6
Avbe 0.57% 057% 0.58% 0.57% 0.56% 0.57% 0.63% 0.57% 0.58% 057% 0.56% 0.57% 0.58% 0.57%
Avac 1.39% 1.46% 1.35% 1.45% 1.59% 153% 1.35% 150% 1.48% 1.47% 161% 1.47% 159% 1.53%
B, ° 7.0 10.2 5.0 10.1 19.8 13.7 5.2 13.1 12.6 11.0 18.7 10.3 17.2 13.7
P, ° -4.5 -3.5 -4.7 -3.5 -3.5 -3.9 -2.8 -2.7 -2.9 -3.7 -4.2 -3.5 -3.8 -3.9
d 1.36 1.52 1.26 1.52 1.97 1.69 1.18 1.62 1.59 1.54 2.03 1.53 1.93 1.69
LCOE, €/MWh 88.5 88.5 88.7 88.5 87.3 88.0 88.7 88.0 86.5 88.1 82.5 86.5 87.5 88.0
Pac/Poc 65.9% 66.9% 64.9% 66.9% 71.0% 69.0% 66.1% 69.0% 69.0% 67.9% 71.0% 69.0% 69.0% 69.0%
Eyr/Poc, KWh/kWp 921 934 911 933 985 954 909 952 967 942 1042 962 971 955
Co/Ppbc, €/kW 726 735 720 735 763 747 718 745 743 738 764 740 756 747
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Table A-6 Orientation of the plane of maximum irradiance and the optimal PV plant design calculated with different transposition models for Rock Springs
(PSU) (LCOE: €/MWh, Ey/Ppc: Wh/W,, ColPoc: €/kW)

2} ! [a)

z b = o = 5 E T o2 o = & 4

Model >3 § gz 9§ ¥ o3z = 2B 5 0§ g3 F ¥ 5

-5 g £ 32 £ T 2 g2 & 2 [E3 Z & &

=8 o - @ = ¥ 3 = o X

Pmax, °© 26.8 30.2 20.5 27.5 31.7 29.5 28.1 28.2 28.8 28.9 32.6 28.7 31.0 30.3
Ymax, ° 2.0 2.1 1.9 2.0 3.1 2.6 2.5 2.5 2.6 2.2 1.7 2.3 2.3 2.6
YGi/2Gn 108% 109% 106% 108% 112% 110% 108% 110% 113% 110% 119% 112% 112% 111%
Pmod, W 315 325 325 325 315 315 325 315 315 315 315 315 315 315
Ns 23 22 22 22 22 22 22 22 22 22 22 22 22 22
Np 8 8 8 8 8 8 8 8 8 8 8 8 8 8
Ninv 176 180 182 177 144 153 183 155 159 161 146 177 144 152
Nmpl 8 8 8 8 6 6 10 6 6 6 6 8 6 6
Avbe 0.63% 0.56% 0.56% 0.56% 0.56% 0.55% 0.56% 0.55% 0.57% 0.55% 0.55% 0.55% 0.56% 0.55%
Avac 1.33% 1.32% 1.32% 1.33% 143% 1.42% 1.31% 1.41% 1.39% 1.39% 1.42% 1.34% 1.44% 1.42%
B, ° 5.0 5.6 5.0 6.0 13.9 11.3 5.0 11.0 10.0 9.7 12.7 6.0 13.6 11.3
P, ° -0.9 14 1.6 1.3 2.7 1.3 1.3 1.3 15 1.3 0.6 1.3 14 1.3
d 1.19 1.23 1.21 1.24 1.53 1.45 1.20 1.42 1.39 1.38 151 1.24 1.53 1.45
LCOE, € MWh 75.3 75.3 75.4 75.3 74.7 75.0 75.4 75.0 73.9 75.1 70.5 74.0 14.7 75.0
Pac/Pbc 69.0% 69.9% 69.9% 69.9% 72.2% 72.2% 69.9% 722% 72.2% 722% 722% 722% 72.2% 72.2%
Eyr/Ppc, KWh/KWp 1085 1094 1091 1095 1134 1122 1090 1121 1136 1117 1200 1122 1134 1122
Co/Ppc, €/ kW 725 730 729 731 751 746 729 745 743 743 749 736 750 746
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Table A-7 Orientation of the plane of maximum irradiance and the optimal PV plant design calculated with different transposition models for Carpentras
(CAR) (LCOE: €/MWh, Ey/Poc: Wh/W,, Col/Ppc: €/kW)

2] ! [a)
z Z 2 o = 5 CoT x o - 0 -
Jg B 2 > = T = 22 & > =3 3 I I
= 8 b m @ = X 3 = o X
Pmax, ° 33.6 35.7 29.7 34.3 37.9 35.9 35.8 354 36.3 35.9 36.8 35.3 37.3 36.6
Ymax, © -2.7 -2.8 -2.8 -2.7 -2.3 -2.6 -2.6 -2.6 -2.6 -2.5 -2.4 -2.7 -2.4 -2.6
XG/ZGh 114% 115% 112% 115% 120% 118% 117% 118% 122% 118% 122% 119% 120% 118%
Pmod, W 315 335 315 325 335 330 330 330 330 315 330 330 335 330
Ns 22 23 22 21 22 23 23 23 22 21 23 23 22 23
Np 8 7 8 8 7 7 7 7 7 8 7 7 7 7
Ninv 117 121 124 119 118 120 121 120 123 117 118 123 120 119
Nmp 4 4 4 4 4 4 4 4 4 4 4 4 4 4
Avbe 0.51% 0.48% 0.50% 0.50% 0.45% 0.48% 0.48% 0.48% 0.47% 0.49% 0.48% 0.48% 0.46% 0.48%
Avac 1.48% 1.47% 1.45% 1.47% 149% 1.47% 1.47% 1.47% 1.48% 1.49% 1.48% 1.46% 1.49% 1.48%
b, ° 22.0 24.9 18.7 23.3 29.5 25.7 24.7 25.4 27.0 24.6 25.6 24.0 28.4 26.0
7, ° -2.3 -2.0 -2.0 -2.2 -2.4 -2.3 -1.8 2.1 -2.0 -1.8 -2.7 -2.1 -1.7 -2.1
d 1.89 2.00 1.78 1.94 2.13 2.02 1.99 2.00 2.05 1.97 2.04 1.97 2.11 2.03
LCOE, €MWh 60.9 60.7 61.4 60.7 59.2 59.9 60.4 59.9 58.6 60.1 58.0 59.3 59.2 59.8
Pac/Ppc 722% 742% 722% 73.3% 775% 753% 75.3% 753% 78.7% 756% 753% 75.3% 77.5% 75.3%
Eyr/Poc, KWh/kWp 1417 1441 1397 1433 1508 1468 1454 1467 1524 1462 1519 1478 1505 1471
Co/Ppc, €/kW 766 775 761 771 789 779 778 778 789 778 780 777 788 779
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Table A-8 Orientation of the plane of maximum irradiance and the optimal PV plant design calculated with different transposition models for Desert Rock

(DRA)
% ' a

z Z 3 o pa 5 ooT x o = o _

Model 25 < é tl‘o'J > < % lué Q s IJIJzJJ é % S E 2

Jg Q 2 ) e T = x a o 5 g 3 2 L I
Pmax, ° 324 338 295 330 354 340 338 337 342 344 342 335 349 344
Ymax, © -2.9 -2.9 -2.9 -2.9 -2.7 -2.7 -2.7 -2.7 -2.8 -2.6 -2.7 -2.9 -2.7 -2.8
YG/ZGn 114% 115% 113% 115% 118% 117% 116% 117% 120% 117% 119% 117% 118% 117%
Pmod, W 315 315 315 325 320 320 320 320 330 320 320 320 320 320
Ns 23 23 23 22 22 22 22 22 24 22 22 22 22 22
Np 7 7 7 7 7 7 7 7 6 7 7 7 7 7
Ninv 139 137 144 144 140 141 142 144 152 144 142 144 140 142
Nmpl 4 4 4 4 4 4 4 4 4 4 4 4 4 4
Avbe 0.46% 0.46% 0.45% 0.45% 0.44% 0.44% 0.44% 0.44% 0.43% 0.44% 0.44% 0.44% 0.44% 0.44%
Avac 1.39% 1.39% 1.37% 1.37% 1.39% 1.39% 1.38% 1.38% 1.36% 1.38% 1.38% 1.38% 1.39% 1.38%
b, ° 22.3 23.2 20.3 23.1 25.8 24.2 23.7 24.1 25.6 24.2 23.6 23.0 25.5 24.4
7, ° -2.1 -2.2 -2.2 2.1 2.1 2.1 2.1 -2.0 -3.6 -2.1 -2.2 -2.3 -1.6 -1.5
d 1.73 1.76 1.68 1.76 1.80 1.79 1.77 1.76 1.78 1.76 1.78 1.76 1.80 1.77
LCOE, €MWh 47.9 47.8 48.2 47.7 47.1 47.4 47.6 47.4 46.5 47.4 46.5 47.1 47.0 47.3
Pac/Ppc 78.9% 78.9% 78.9% 79.9% 81.2% 81.2% 81.2% 81.2% 84.2% 81.2% 81.2% 81.2% 81.2% 81.2%
Eyr/Poc, KWh/kWp 1839 1847 1822 1858 1899 1883 1873 1882 1942 1883 1918 1892 1900 1884
Co/Ppc, €/kW 778 779 775 782 788 786 786 785 794 785 786 785 787 786




Effect of PV module costs for all locations
The following tables support the conclusions of Section 5.3.3.

Table A-9 Optimal PV plant design for different module costs for Lindenberg (LIN)

PV module cost 120% 110% 100% 90% 80% 70% 60% 50%

Pmod, W 315 315 315 335 335 335 335 335
Ns 22 22 23 22 22 22 23 23
Np 8 8 8 8 8 8 8 8
Ninv 108 111 109 122 123 125 128 130
Nmpl 4 4 4 6 6 6 6 6
Avbe 0.53% 0.54% 0.58% 0.59% 0.59% 0.60% 0.64% 0.65%
Avac 1.59% 159% 159% 154% 155% 157% 156% 1.57%
b, ° 194 19.4 17.3 15.5 15.0 14.6 12.5 12.2
7, ° -3.6 -4.2 -3.9 -3.9 -4.2 -4.2 -3.5 -3.5
d 2.04 1.99 1.93 1.82 1.79 1.76 1.65 1.62
LCOE, €MWh 92.2 89.9 87.5 84.9 82.2 79.6 76.9 74.1
Pac/Poc 72.2% 72.2% 69.0% 67.8% 67.8% 67.8% 64.9% 64.9%

Eyr/Poc, KWh/KW)p 988 987 971 963 961 960 941 939
Eyr/Pac, KWh/kW 1370 1367 1408 1419 1417 1415 1450 1447
Co/Poc, €/kW 812 789 756 726 700 674 638 612

Table A-10 Optimal PV plant design for different module costs for Rock Springs (PSU)

PV module cost 120% 110% 100%  90% 80% 70% 60% 50%

Pmod, W 315 315 315 335 335 335 335 335
Ns 22 22 22 21 22 22 22 22
Np 8 8 8 8 8 8 8 8
Ninv 142 143 143 152 151 152 154 165
Nmpi 6 6 6 6 6 6 6 8
Avbc 0.54% 0.55% 0.56% 0.57% 0.61% 0.62% 0.63% 0.63%
Avac 1.40% 1.42% 1.44% 141% 141% 1.43% 145% 1.45%
B, ° 141 13.8 13.6 13.3 11.6 11.3 11.0 8.7
7, ° 1.4 14 1.4 1.7 1.3 13 1.2 1.3
d 1.55 1.54 1.53 1.52 1.46 1.45 1.44 1.34
LCOE, € MWh 78.7 76.7 74.7 725 70.2 67.9 65.6 63.3
Pac/Poc 722% 722% 722% 71.1% 67.8% 67/.8% 67.8% 67.8%

Eyr/Poc, KWh/KW)p 1136 1135 1134 1129 1109 1108 1107 1099
Eyr/Pac, KWh/kW 1574 1573 1572 1589 1635 1634 1632 1621
Co/Poc, €/kW 796 773 750 724 689 664 639 610




Table A-11 Optimal PV plant design for different module costs for Carpentras (CAR)

PV module cost 120% 110% 100% 90% 80% 70% 60% 50%

Pmod, W 315 315 335 335 335 335 335 335
Ns 23 23 22 22 20 20 23 20
Np 7 7 7 7 8 8 7 8
Ninv 114 114 120 120 118 119 120 121
Nmpl 4 4 4 4 4 4 4 4
Avbc 0.44% 0.44% 0.46% 0.46% 051% 0.52% 0.53% 0.53%
Avac 1.50% 151% 149% 151% 151% 153% 1.55% 1.58%
B, ° 28.8 28.6 28.4 28.2 26.9 26.7 26.1 26.1
7, ° -1.8 -1.8 -1.7 -1.7 -1.5 -1.8 -2.3 -2.2
d 2.12 2.11 2.11 2.10 2.05 2.04 2.01 2.01
LCOE, €/ MWh 62.3 60.8 59.2 57.5 55.9 54.1 52.3 50.7
Pac/Poc 789% 789% 77.5% 775% 74.6% 74.6% 742% 74.6%

Eyr/Poc, KWh/KW)p 1511 1510 1505 1504 1483 1481 1477 1479
Eyr/Pac, KWh/kW 1915 1914 1941 1940 1987 1985 1992 1981
Co/Poc, €/kW 836 814 788 763 730 705 678 655

Table A-12 Optimal PV plant design for different module costs for Desert Rock (DRA)

PV module cost 120% 110% 100% 90% 80% 70% 60% 50%

Pmod, W 315 315 320 335 335 335 335 335
Ns 22 22 22 21 21 21 21 22
Np 7 7 7 7 7 7 7 7
Ninv 137 139 140 145 147 148 149 146
Nmpi 4 4 4 4 4 4 4 4
Avbc 0.42% 0.42% 0.44% 0.44% 045% 0.46% 0.46% 0.52%
Avac 1.37% 139% 1.39% 1.39% 140% 1.42% 1.44% 1.44%
B, ° 26.2 26.1 255 25.6 254 25.2 25.0 23.2
7, ° -2.2 -1.6 -1.6 -2.1 -2.1 -2.1 -2.0 -2.2
d 1.84 1.82 1.80 1.82 1.79 1.79 1.78 1.73
LCOE, € MWh 49.5 48.3 47.0 45.7 44.4 43.0 41.7 40.3
Pac/Poc 825% 825% 81.2% 81.2% 81.2% 812% 81.2% 77.5%

Eyr/Poc, KWh/KW)p 1911 1909 1900 1902 1899 1898 1897 1863
Eyr/Pac, KWh/kW 2317 2315 2340 2341 2338 2337 2336 2402
Co/Poc, €/kW 836 813 787 764 739 714 689 653
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