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networks (ANNs) that can forecast yearly PV electricity directly at the optimal PV inclination angle

Keywords: without geographic restrictions and is valid for a wide range of electrical characteristics of PV modules.
Photovoltaic module Additionally, empirical correlations were developed to easily determine the optimal PV inclination an-
Electricity gle worldwide. The ANN algorithm, developed in Matlab, systematically and quantitatively summarizes
Machine learning the behaviour of eight PV modules in 48 worldwide climatic conditions. The algorithm’s applicability

Artificial neural network
PV forecasting
Validation

and robustness were proven by considering two different PV modules in the same 48 locations.
Yearly climatic variables and electrical/thermal PV module parameters serve as input training data.
The yearly PV electricity is derived using dynamic simulations in the TRNSYS environment, which is a
simulation program primarily and extensively used in the fields of renewable energy engineering and
building simulation for passive as well as active solar design. Multiple performance metrics validate
that the ANN-based machine learning tool demonstrates high reliability and accuracy in the PV energy
production forecasting for all weather conditions and PV module characteristics. In particular, by using
20 neurons, the highest value of R-square of 0.9797 and the lowest values of the root mean square
error and coefficient of variance of 14.67 kWh and 3.8%, respectively, were obtained in the training
phase. This high accuracy was confirmed in the ANN validation phase considering other PV modules.
An R-square of 0.9218 and values of the root mean square error and coefficient of variance of 31.95
kWh and 7.8%, respectively, were obtained.

The results demonstrate the algorithm’s vast potential to enhance the worldwide diffusion and

economic growth of solar energy, aligned with the seventh sustainable development goal.
© 2023 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction energy options to traditional fossil fuels, with many of them
not releasing harmful substances into the atmosphere that could
L.1. Context negatively impact the climate. Despite their potential benefits,
renewable sources are characterized by irregularity, which poses
ated simultaneously with their consumption. In contrast to non- d s%gnificant. challenge at Fhe industrial level. Howgver, given
renewable sources such as oil, coal, and gas, renewable energy their potential to combat climate change, the promotion of RESs

sources (RESs) are clean and inexhaustible. They offer alternative has become a critical and pressing issue. Consequently, several
directives have been issued to promote the use of RESs and
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Clean or renewable energies are those that can be gener-

https://doi.org/10.1016/j.egyr.2023.05.221
2352-4847/© 2023 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).


https://doi.org/10.1016/j.egyr.2023.05.221
https://www.elsevier.com/locate/egyr
http://www.elsevier.com/locate/egyr
http://crossmark.crossref.org/dialog/?doi=10.1016/j.egyr.2023.05.221&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:domenico.mazzeo@polimi.it
https://doi.org/10.1016/j.egyr.2023.05.221
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

D. Mazzeo, S. Leva, N. Matera et al.

At a global level, there is the agreement, called the Kyoto
Protocol, signed in December 1997 during the Conference of
the Parties in Kyoto (COP3) with objectives of improvement of
energy efficiency, promoting sustainable agriculture and reduc-
ing emissions in the transport sector (Babiker et al., 2000). The
fight against climate change, which is the most important cur-
rent problem in the environmental field, forms the core of the
agreement. The general objectives of the Kyoto Protocol are the
improvement of energy efficiency, promotion of sustainable agri-
culture, and reduction of emissions in the transport sector. In
particular, the Kyoto Protocol has its main objective of reducing
greenhouse gas emissions by all signatory countries, which also
have the task of drawing up a national system of annual moni-
toring of greenhouse gas emissions. Subsequently, in December
2015, the first global climate agreement was adopted by 195
countries at the Paris Climate Conference (COP21). The main
goal of this agreement is to keep the global average tempera-
ture increase below 2 °C above pre-industrial levels. In addition,
the signatory countries submitted national global climate action
plans, which, however, were not sufficient to achieve the goal set.
The goal can be achieved in the future with the commitment of
the countries, which are obliged to meet every 5 years to discuss
climate actions by drafting national plans to achieve the goal.
Following the U.S. Green New Deal (Galvin and Healy, 2020) —
a package of measures proposed, in 2019, by the U.S. Legislature
to address climate change — Europe has its own “green deal”.
On January 14, 2020, the EU Parliament approved a massive
investment plan aimed at transforming Europe into a “zero cli-
mate impact” country by 2050 (Laurent, 2020). The European
Green New Deal aims to decarbonize the energy sector across
the continent, renovate buildings, support industry in a green
economy process and make the transport system cleaner. All EU
countries will receive a financial aid package to kick-start the
transition: total investments will amount to around 1000 billion
euros over ten years. In addition, several funds will be activated,
which are necessary for member states to start the economic,
productive, and labour reconversion.

RESs such as hydroelectric energy, solar energy, wind energy,
marine or tidal energy and geothermal energy are commonly
considered eco-friendly energies. In particular, solar energy is
clean, renewable thermal or electrical energy produced by di-
rectly harnessing the energy radiated from the Sun to the Earth.
Indeed, the amount of solar energy that reaches the Earth'’s soil is
enormous, about ten thousand times greater than all the energy
used by humanity as a whole. Photovoltaic (PV) modules use light
energy (photons) from the sun to generate electricity through the
PV effect. Each module is evaluated by its DC power output under
standard test conditions (STC). The power typically ranges from
100 W to 365 W. The efficiency of a module determines the area
of a module given the same power rating: a 230 W module with
8% efficiency has twice the area of a 230 W module with 16%
efficiency. Some commercially available solar modules exceed
24% efficiency. A PV system typically includes an array of PV mod-
ules, an inverter, an energy storage battery, a charge controller,
interconnect wiring, circuit breakers, fuses, disconnect switches,
voltage meters, and optionally a solar tracking mechanism. The
equipment is carefully selected to optimize production, and en-
ergy storage, and reduce power loss during power transmission
and DC to AC conversion. The efficiency of solar panels can be
calculated based on the panels’ MPP (maximum power point)
value. Inverters convert DC power to AC power by performing
the maximum power point tracking (MPPT) process: the solar
inverter samples the output power (IV curve) from the solar cell
and applies the appropriate resistance (load) to the solar cells to
obtain maximum energy. A comprehensive review of PV theory
and applications was developed by Tiwari et al. (2011), while a
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simple explicit model for determining the I-V characteristic of
different PV module technologies was developed by Boutana et al.
(2017).

Tools to predict PV module energy production under real
conditions are essential for selecting different PV modules and
suitable sites. Despite the availability of many PV models, the
development of a method to evaluate the PV energy performance
shared by researchers is still an open problem. Previous models
can be classified into physical-based models, based on the full I-V
curve, or empirical-based models solely based on the maximum
power point (MPP) (de la Parra et al., 2017). Usually, the physical
models are more complex and used by researchers, while the
empirical ones are easier, quicker, require few input data, and
are more indicated for designers or policy-makers. The empirical
methods are based on fitting equations that summarize the PV be-
haviour. A recent review summarized the most known algebraic
forms that express the temperature dependence of solar electrical
efficiency, solar power, and power/energy rating methods (Sko-
plaki and Palyvos, 2009). These methods are characterized by a
black-box approach since the PV efficiency or electrical power
as a function of cell/module operating temperature and essential
environmental variables are obtained by means of linear or non-
linear multivariable regression equations. According to de la Parra
et al. (2017), empirical models with just three independent pa-
rameters suffice to accurately describe the relationship between
PV array performance and operating conditions. Also, Artificial
neural networks (ANNs) fall into this class of models since, after
a training process, they learn the PV response as a function of key
input parameters with a black-box approach. They can be trained
to forecast the PV output for any weather condition and PV cell
type with a black-box approach. Recently, ANN or artificial intelli-
gence approaches are, in general, becoming common in different
energy and climate fields, such as smart energy management (Li
et al,, 2023), the thermal analysis of green roofs (Mazzeo et al.,
2023), precipitation rate predictions (Ghazikhani et al., 2022), the
smart framework for supplying biogas energy (Shahsavar et al,,
2021), the design of clean energy community with hybrid renew-
able systems (Mazzeo et al., 2021), the forecasting of the electrical
energy demand for an online monitoring system (Ghadami et al.,
2021), a novel regenerator design for a caloric cycle (Kang and
Elbel, 2023), the prediction of the specific heat capacity of hybrid
nanofluid (Seawram et al., 2022), selecting the most appropriate
locations of the offshore wind farms (Marin et al., 2022), load
and price forecasting in power systems (Alhendi et al., 2023),
predicting the performance of solar collectors (Du et al., 2022)
and proton exchange membrane fuel cell power and voltage
prediction (Wilberforce and Biswas, 2022).

With large amounts of data available from solar stations,
different artificial intelligence techniques are used to calculate,
predict and forecast solar radiation energy (Sudharshan et al.,
2022). Karamirad et al. (2013) adopted ANNs to predict PV panel
behaviours under realistic weather conditions, comparing the
results with experimental data and analytical four and five-
parameter models of PV modules. They optimized the topology
of a multilayer perceptron ANN model in which the input layer
consists of three neurons (total irradiation, air temperature, and
module voltage), and the output layer contains one neuron (mod-
ule current). According to Ogliari et al. deterministic models
for the day ahead PV output power forecast, based on electric
equivalent circuits with three and five parameters, were com-
pared with a hybrid method based on ANNs by employing real
data measured for one year in an existing PV plant located at
SolarTechlab in Milan (Ogliari et al., 2017). The proposed ANN
model can be used to test the maximum power point tracking
under real weather conditions. Ye et al. designed a five-layer
multi-perceptron ANN, which includes one input layer, three
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hidden layers, and one output layer, for the estimation of the
power output of a photovoltaic panel (Ye et al, 2022). All the
previous ANNs for PV forecasting are not a general value and
were not tested for other localities, namely climatic conditions
and PV module characteristics. Only very recently, an hourly ANN
for the forecasting of PV electricity at any latitude using ANNs was
proposed (Matera et al., 2023a); however, a similar approach was
never applied from a yearly point of view. Yearly analysis is very
important in the design phase of PV systems both in terms of size
and in terms of the best site selection. As far as the authors are
aware, no previous work has used historical global climate data
to accurately predict annual PV energy for a very wide range of
variations in key PV electrical and thermal parameters.

For the first time, this paper aims to overcome the issues of
classical approaches for the determination of PV cell performance
using complex I-V curve modelling by proposing an easy, re-
liable, quick, and accurate data-driven machine learning model
employing the ANN model for the direct calculation of the yearly
energy produced by the PV system with any electrical charac-
teristics located in any worldwide locality. The ANN algorithm
is very useful for designers and is proposed as an alternative to
existing global simple energy methods or empirical correlations.
The yearly input and output data used to train the ANN are
derived from hourly simulated data summarized in yearly terms.
The training database was obtained with an extensive parametric
dynamic simulation of eight different PV modules located in
48 worldwide localities. The other two modules were used to
develop a verification test of the accuracy of the ANN tool in
the calculation of the yearly PV electricity generated in different
world climates.

The development of this ANN will allow researchers and de-
signers to directly predict yearly PV energy by using as inputs
only some yearly weather variables and electrical and thermal
characteristics of the PV module and without solving any electric
circuit and, hence, non-linear equations to extract parameters
in the reference conditions. In this way, no hourly simulation is
required and the result in terms of annual PV energy will be very
close to the yearly value that would have been obtained from an
hourly simulation.

The rest of the paper is structured as follows. Section 2 de-
scribes the ANN forecasting algorithm, accuracy metrics and PV
models used. Section 3 presents all electrical and thermal PV
characteristics of the module, weather data of the 48 localities
considered, optimization of the inclination angle worldwide and
input and outputs used in the ANN training process. Simula-
tion results and the calculated accuracy metrics are presented
in Section 4 for the ANN training and validation process. The
final remarks, conclusions, limitations and future outlook are
presented in Section 5.

2. Materials and methods

A forecasting ANN machine learning model for the yearly PV
electricity estimation was developed by using as training data
yearly input and output data summarizing hourly weather vari-
ables and electrical power deriving from dynamic simulations of
ten PV modules located in 48 worldwide localities. The proposed
model ANN accuracy was verified on 2 further PV modules. In the
following sections, the mathematical models used in this research
work for the ANN training and hourly PV simulation are analyzed.

2.1. Artificial neural networks

ANNs are machine learning algorithms inspired by the brain’s
biological functioning, simulating the behaviour of neurons. ANNs
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Fig. 1. ANN graphical representation.

are utilized for solving artificial intelligence engineering prob-
lems (Ahmad et al, 2014; Cong et al, 2013; Ghritlahre and
Prasad, 2018; Liu et al, 2021; Hoang et al., 2021), and other
sectors’ dilemmas such as biomedicine and data mining (Wang
and Huang, 2021; Gong, 2021).

ANNs are mathematical models capable of processing the in-
coming information at the ANN nodes, called neurons. ANN con-
sists of: (i) neural nodes connected through links; (ii) weights
associated with the connections; and (iii) activation functions. In
particular, the signals to be processed pass between the various
neurons through communication links to which a weight is as-
sociated, which usually multiplies the transmitted signal. Each
neuron generates the output by applying an activation function
to the weighted sum of the inputs. The state of activation of
each neuron depends on the input of the neuron itself. The
neurons use the activation function to create the signal that
is subsequently sent via the communication links to the other
neurons. Graphically, the neuron is represented with a circle;
instead, the connections between the neurons are represented
with oriented arrows indicating the direction of the information
flow (see Fig. 1).

The artificial neuron is characterized by a set of synapses
(connections), and each synapse is represented by a weight w,
which can be positive or negative. The initial operation of the
artificial neuron is to calculate an activation function f(A) by
carrying out a weighted sum of the input signals x; with the
relative weights wj;. The neuron excitation threshold value s;,
which increases or decreases the input of the activation function
according to its positivity or negativity, must be subtracted from
this weighted sum (see Eq. (1)).

YO =f@)=F|> xwij—s (1
j=1

where y(x) represents the output of the neuron that, in turn,
represents the input for the other neurons.

The type of activation function used determines the neuron’s
response. In the literature, different types of activation functions
are employed. The most used are:

1. Step activation function (Heaviside function)
The step activation function f(A) of Eq. (2) assumes value
1 if the weighted sum is greater than the threshold value
s; otherwise, it assumes value O.

1 ifA>s
0 else

f@&) = { (2)
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2. Sign step activation function
The sign activation function of Eq. (3) assumes value 1 if it
is greater than the threshold value, otherwise, it assumes
value —1.

1 ifA>s
—1 else

fAA)= { (3)

. Continuous linear activation function
The continuous linear activation function of Eq. (4) is di-
rectly proportional to the weighted sum of the input sig-
nals. When ¢ = 1, f(A) is equal to this weighted sum.

fA) =¢A (4)

The previous activation functions are all continuous. This
allows the transmission of signals of gradual intensity and
makes them similar to biological neurons. In addition,
there are also widely used non-linear continuous activation
functions.
. Binary sigmoidal activation function

The binary sigmoidal activation function of Eq. (5) is an
increasing function and varies in the interval [0, 1].

1
TO =15 e=

where ¢ indicates the slope of the function. When ¢ = 1
the Log-sigmoid activation function is obtained.

. Bipolar sigmoidal activation function
The bipolar sigmoidal activation function of Eq. (6) varies
in the interval [1, —1] and uses the hyperbolic tangent:

f (A) = tanh (¢A)

(3)

(6)

where ¢ represents the slope of the function. When & = 1,
the hyperbolic tangent sigmoid transfer function of Eq. (7)
is obtained.

2
f&) =

S 7
1+e 24 2
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Fig. 2 shows all the activation functions described.

Different ANN architecture types are available based on the
number of input and output neurons and based on their con-
nection. The neurons are organized in layers. In particular, neu-
rons belonging to the same layer present similar behaviour. It
is necessary to mention that the input nodes are not considered
layers since they are not involved in processing. According to Kim
(2017), the ANN can be classified according to its architecture in:
(i) single-layer feedforward ANNs, composed of a layer of input
neurons and a layer of output neurons, in which the propaga-
tion of the signal occurs only in one direction, from the input
layer to the output layer and, therefore, it is strongly acyclic
or feedforward; (ii) multilayer feedforward ANNs, characterized
by the presence of one or more layers of hidden nodes (hidden
layers) placed between input nodes and output nodes, in which
the operation takes place only in one direction from input to
output and the final efficiency of the model is greater than the
single-layer ANN; and (iii) recurrent ANNSs, characterized by at
least one feedback or a counter-reaction cycle, in which there is
a level of neurons that sends the output signals back to the input
and the learning capacity is enhanced.

To build an effective ANN model, it is necessary to carry out an
ANN training phase in which the model receives a series of input
data, apparently unrelated to each other, and a series of outputs,
to learn the relationship between input and output. These data
are numerically or experimentally analyzed and elaborated by
experts and the data produced constitute the model outputs.

In the training phase, the ANN learns the relationships existing
between the inputs, which are the data collected, and the outputs,
which are the evaluations made by the experts. The training
phase aims to provide an output solution even when different
input data are provided. In particular, the ANN training phase can
be based on three different algorithms: supervised, unsupervised,
and reinforcement. Supervised learning is used to solve classifi-
cation and regression problems, and the objective is to learn the
relationship between inputs and outputs given as training data.
Then the ANN generalizes this relationship by processing correct
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outputs even when it receives different data inputs. In particular,
the ANN increases the weights that provide a correct solution and
decreases those that provide an incorrect solution.

The validation phase represents the last step and aims to
validate the final model using input data different from those
used in the training phase to verify that the ANN has learned
to generalize the model. If the verification is not satisfied, it is
necessary to return to the training phase, while if the solution
provided by the ANN is compatible with that provided by experts,
the model is used with various hardware and software. The ANN
validation phase quickly provides the results obtained with the
new data, even if the ANN training phase was slow.

Several ANN learning methods were developed to speed up
the learning process. The most used training algorithms by an
ANN are the Error back-propagation algorithm and the Leve-
nberg-Marquardt algorithm. The first one is a decreasing gra-
dient method that optimizes the value of the weights minimiz-
ing the total square error between the ANN output (output)
and the desired output (target) (Kim, 2017). The Levenberg-
Marquardt algorithm is widely used in ANNs because it is the
most stable and fastest method in finding the solution, while the
method of back-propagation of the error is valid in the case of
ANNs composed of a large number of hidden layers and neu-
rons. The Levenberg-Marquardt algorithm refers to the Newton
approximation method and the Hessian matrix to assign values
to weights (Levenberg-Marquardt backpropagation; Hagan et al.,
1996; Hagan and Menhaj, 1994). It is based on both the Newton
method and the gradient descent method and is an iterative
regression technique used to solve multi-variable nonlinear prob-
lems. To better understand the Levenberg-Marquardt algorithm,
the Descending gradient and Newton methods underlying this
algorithm are summarily described.

e In the descending gradient method, the weights w are
changed at step k + 1 using Eq. (8).

Wg41 = Wk — A&k (8)

in which the constant « is called the learning rate and g is the
gradient with a negative sign, which is the first derivative of
the function sum of the square of the errors. The problem with
this method is the difficulty of choosing the learning rate «,
from which the speed with which the function converges to the
minimum strongly depends.

e In the Newton method, the weights w are updated at step
k + 1 with Eq. (9):

Wi = wy — Hy '8k (9)

in which H is the Hessian matrix of the second derivatives of the
sum function of the quadratic error with respect to the weights.
The introduction of the Hessian matrix allows the learning rate
o to be adjusted at each step k, while « is fixed in the previ-
ous method. To calculate the Hessian matrix, the Gauss-Newton
method is used, which modifies the weights w at step k+ 1 with
Eq. (10).

Wk1 = Wi — (JkT]k)_l_,kek (10)

where J7 is the transposed Jacobian matrix which approximates
the Hessian matrix using the prime derivatives and not the sec-
ondary derivatives, so the Hessian matrix is written via the Jaco-
bian matrix as:

Hie =g Ji (11)
while the gradient g is:
g=Je (12)

where e is the ANN error vector.
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In this way, the Gauss—-Newton method solves the problem
of slowness in finding the minimum of the sum function of the
square of the errors. However, in the case of complex problems
may diverge from the solution. Instead, the Levenberg-Marquardt
method modifies the weights w at step k + 1 with the equation:

-1
wier = wi — (ehe+ ul) Jex (13)

Compared to the Gauss-Newton method, this method intro-
duces the parameter u, called the damping coefficient, and the
identity matrix I. The damping coefficient is introduced to pre-
vent the algorithm from diverging from the minimum error func-
tion. Parameter u varies according to the following criteria: is
reduced when a step in the algorithm leads to a better value
of the error function, such that convergence to the minimum
value is accelerated; is increased when the value of the error
function moves away from the minimum so that the variation of
the weights is reduced to find a better value of the error function.
The iterative Levenberg-Marquardt algorithm steps used during
the ANN training are: (i) starting the ANN training with random
values of the weights wy; (ii) calculation of the errors, sum
function of the square of the errors and Jacobian matrix; (iii)
modification of the values of the weights w; using a random
value of the damping parameter w; (iv) recalculation of the errors
E and sum function of the square of the errors with the new
values of the weights; (v) if the error is decreased (Ex_q < Ey),
then the damping parameter p is divided by 10 such that the
speed of convergence is increased, while if the error has increased
(Ex_1 > Ey), then the damping parameter p is multiplied by 10
to decrease the speed of convergence; (vi) return to step (ii). The
epochs indicate the number of times the ANN is trained with the
training set. The training algorithm is interrupted when the sum
function of the square of the errors reaches a minimum value
set as a threshold or when this function starts to increase on the
percentage of data of the “validation test”.

2.1.1. Advantages and limitations of artificial neural networks

The ANN model presents a series of characteristics that allows
their use in different areas. This model presents three fundamen-
tal properties that are: flexibility, robustness, and generalization.
These features make the model resistant, i.e., able to provide an
answer even if some connections are eliminated or if there is
noise; moreover, they make it flexible, i.e. able to be used for
different objectives, and general as once trained it can provide
a correct answer in output even if new data are inserted in input.

Therefore, ANNs have several advantages:

- They work in parallel, which allows them to process a mul-
titude of data in a short amount of time. From this comes a
good tolerance to failures and noise working in parallel, the
ANN can provide an adequate response even if some units
do not work well or if the inputs are inaccurate, however
decreasing the performance.

- The ANN can adapt to any changes as it learns autonomously
through experience and training.

- Data processing is distributed in such a way that many
elements work on the same task.

The ANN model also has some flaws:

- It works in a black-box approach, i.e. it is not possible to
understand the method used by the model to arrive at
the exact output. It receives the data in input and pro-
vides in the output the correct solution but does not allow
the examination of the various stages of elaboration of the
process.
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- An initial training phase is necessary to fix the weights of
the neurons, and this requires time, attention and a good
experience as it is necessary to provide the model with a
lot of input data.

- The solutions provided in the output are not completely
correct but have a margin of error.

2.1.2. Implementation of artificial neural networks in Matlab envi-
ronment

The Neural net fitting tool of Matlab software was used for the
ANN design (Neural net fitting tool). The classical steps to create
an ANN are:

1. ANN training data collection and importation: collection of
the model training input and output data and other input
data to use the created ANN;

. ANN creation and configuration: choice of the number of
hidden layers and neurons;

. ANN parameters initialization: initialization of the weights
and biases;

. ANN training, testing, and validation: the dataset is ran-
domly divided into three groups so that, usually, 70% of
the data are used for the ANN training, 15% of the data for
the ANN testing, and the remaining 15% for the data for
the ANN validation; for a resulting low accuracy, the ANN
can be re-trained by varying the number of neurons or by
importing a larger dataset;

. ANN application: use of the ANN created to test its accuracy
for new dataset considering accuracy metrics.

In this study, a feed-forward ANN with one hidden layer
with a sigmoidal activation function and an output layer with a
linear activation function was considered. The training algorithm
employed is the Levenberg-Marquardt backward propagation al-
gorithm.

Typically, using a higher number of neurons and layers re-
quires more computation, and time and tends to overuse data but
allows the ANN to solve more complex problems. By increasing
the number of neurons present in the hidden layer, a risk of
adapting the ANN in a perfect way to the data used (overfitting),
and losing the capacity of ANN generalization can be produced.
In other words, a high number of neurons allows the resolution
of a complex problem optimally, but there is the risk of creating
an ANN suitable only for the data used and not a general ANN
that can also be used with different data. One of the main goals
of ANN creation is the design of the ANN architecture. For this
reason, the ANN was trained by varying the number of neurons
from 2 to 20 with a step of 2 neurons.

The training stops automatically when the generalization stops
improving, as indicated by an increase in the mean square error
(MSE) of the validation samples. The most important parameters
are the performance, the magnitude of the performance gradient,
and the number of validation checks. In particular, the latter two
are used to terminate the ANN training. The value of the gradient
becomes very small as the training reaches the minimum MSE.
The training is terminated when the magnitude of the gradient
is less than 1 x 1077, The validation checks number represents
the number of subsequent iterations so that performance does
not decrease; by default, this number is set to six. In addition,
the training process is stopped when the error rate of untrained
(validation) data continuously increases for more than six epochs.
Also the damping parameter i of the Levenberg-Marquardt algo-
rithm is monitored during the training process. At each iteration,
the value of u guides the optimization process since: when the
error decreases quickly, then a smaller value of u is used; on the
contrary, when the decrease of the error is insufficient, then it is
necessary to increase the y value. In general, u is decreased with
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each successful iteration, i.e., when the performance function
decreases and is increased only when an iteration would improve
the performance function. In this way, the performance function
is always reduced with each iteration.

The overfitting can be observed when the error starts to in-
crease on the validation dataset. The training process stops after
six consecutive increases in the validation error, and the best
performance is taken in the epoch with the lowest validation
dataset error. In particular, the performance plot can be consid-
ered valid only if the final mean square error is small, the error
of the testing dataset and the error of the validation dataset have
similar characteristics, or no significant iterations occurred at the
time when the validation performance reached the limit.

Usually, the validation and testing curves by increasing the
epochs are very similar. When the test curve increases signifi-
cantly before the validation curve increases, it means that over-
fitting of the data occurred and, therefore, the number of neurons
should be decreased. Another graph to visualize the training
process is the error histogram which shows the ANN error dis-
tribution. It indicates the outliers, which are data where the fit
is significantly worse than in most of the data. Finally, the data
should fall along a 45° inclined line, where the ANN outputs are
equal to the targets, for a perfect regression plot between the ANN
output and target for training, testing, and validation datasets.

2.1.3. Artificial neural network accuracy and validation

The number of neurons is chosen based on some accuracy
metrics to optimize the ANN reliability and accuracy. Further-
more, the same metrics can be used to validate the ANN when
further input datasets, external to the training dataset, are em-
ployed to determine the output.

The most common metrics are reported in Table 1 (Matera
et al.,, 2023a; Elsheikh et al.,, 2019), where t;, tp, tmax and tmin
are the ith, mean, maximum and minimum values of the target
output obtained from the TRNSYS simulations, y; and y,, are the
ith and mean values of the output predicted by the ANN and N is
the total number of comparisons.

Additional accuracy metrics are used to evaluate ANN accu-
racy:

e the minimum E,;;, maximum E;,,, mean E,, and standard
deviation Egy values of the error, the difference between the target
t and output y.

Emin = min (t; — ;) ;
Emax = max (& —yi);

D (ti—yi)
=N (14)

o 2
b | S E—Ew
N

Finally, Pearson’s correlation coefficient pxy, defined as the
covariance of input X and output Y variables divided by the
product of their standard deviations ox and oy, measures their
linear correlation and always has a value between —1 and 1. A
value of 1 determines a perfect linear relationship between X and
Y perfectly, a value of —1 implies an inversely linear proportion
between X and Y, while a value of 0 implies that there is no linear
correlation between the variables. This coefficient can be used to
identify the most correlated inputs with the output.

Ep =

(15)
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Table 1

Accuracy metrics name, equation, variation range and optimal value (Matera et al., 2023a
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; Elsheikh et al., 2019).

Accuracy metric Formula Range and optimal value
TN -y?
Mean square error (MSE) MSE = ==l0—— (0, +00)
N ey
Mean absolute error (MAE) MAE = W (0, +00)
Root mean square error (RMSE) RMSE = +/MSE (0, +00)
Coefficient of variance (COV) cov = ;3"15; -100 (0, +00)
= i
Zicy ¥
NN = (E0 6) (2 vi
Correlation coefficient (CC) CC=R= Lizt W (Z’l )(2,15') (=00, 1)
N 2 N o) N 2 N o)
[N( i=11f )*(E;:] fi) ][N(Zi:lyx )*(Z::N’i) ]
R-square (R?) R? = CC? (0,1)
Coefficient of determination (COD) COD = [Zﬁ](ti_t"’)m_ym)r (0, +00)
TN G-t T i—ym)? » TO
N _v\2
Efficiency coefficient (EC) EC=1- Z;,:L’y’)z (=00, 1)
iz (ti—tm)
Overall index of model omp = 3 [1- (R8E) + £c] (—00.1)
performance (OIMP) e
N N
Coefficient of residual mass (CRM) CRM = Z,:*Z[,:m (=00, +00)
i=1t 0

2.2. Photovoltaic mathematical modelling

Determining the energy produced by a PV system for any
weather conditions is one of the most essential steps in designing
and verifying a PV system’s performance. Most of the forecasting
models for PV electricity are based on a global simple energy
method or complex method according to the resolution of the
equivalent electric circuit representing a PV cell.

Regarding the global simple energy methods, the input data
related to a specific day are employed as a reference in repre-
senting the entire month. All days of the month in question are
considered identical to this single representative day. The simpli-
fied energy methods use the statistical concept of the usability of
solar radiation. Those commonly used are the Siegel method and
the Clark method, applicable both for the verification and for the
general design of the systems.

With respect to Siegel, it is valid if the electricity produced is
simultaneously absorbed by the load, assumed constant (Siegel
et al, 1981; Mazzeo et al.). This hypothesis is true in the case of
grid-connected systems, in which any electrical power produced
in excess, compared to that absorbed by the load, is transferred
to the electricity grid. The method estimates the monthly average
daily yield of the PV field based on the monthly average daily
irradiation and air temperature values. Also, it can be applied for
evaluating the monthly average daily system performance for a
constant 24 hr-per-day load with a battery of specified capacity.
While the Clark method considers the variable monthly average
hourly profiles of the electrical load and uses monthly average
hourly irradiation and air temperature in the average monthly
days (Clark et al., 1984). The method is based on radiation statis-
tics and utilizability, in addition, it can account for variability
in the electrical demand as well as for the variability in solar
radiation.

The modelling of the physical behaviour of the PV cell is
essential to correctly evaluate the electrical energy that can be
produced for a reliable estimation of the economic return of the
investment. The most widely used complex methods are based
on the possibility of describing the characteristic curve (I-V) of
the PV cell analytically as a function of the absorbed irradiance
and cell temperature. The physical behaviour of the cell varies
substantially as a function of solar irradiation, electrical load
and operating cell temperature. This last parameter is strongly
variable in relation to the convective thermal exchange with
the external environment. It is also sensitive to wind speed and
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direction, external air temperature and surrounding surfaces. The
operating cell temperature is a function of the radiative heat
exchange (and therefore of the transmission coefficient of the
cover glass and the absorption coefficient of the semiconductor).
It is essential to fully understand the variations in operating cell
temperature as it directly influences the electrical parameters of
the generation system.

Various analytical and numeric methods, of varying complex-
ity, were proposed for describing the behaviour of a PV cell
(I-V characteristic curve) for specific temperature and radiation
conditions. Many studies have focused on the modelling of PV
modules and have developed electric models with different levels
of complexity. These models differ mainly in the number of
diodes, shunt resistance (infinite or finite), ideality factor (fixed
or variable), and numerical methods used to determine unknown
parameters. Most of the electrical models available in the liter-
ature, considering single diode and two diodes electrical models
based on 3 to 7 parameters, are described in detail by Tossa et al.
(2014). Another useful review on PV modelling and simulation
was outlined by Chin et al. (2015), deepening the concepts behind
the main models of PV cells and highlighting their respective
advantages and drawbacks. Similarly, Humada et al. (2016) com-
prehensively reviewed the foremost issues of the methods of the
extraction of PV cell parameters for single-diode and double-
diode models. The main task is the model parameter extraction
based on the number of PV parameters (Lun et al., 2013; Siddiqui
and Abido, 2013; Ma et al., 2014; Ali et al., 2016; Chen et al,,
2016; Wu et al.,, 2018; Nunes et al., 2019; Xu and Wang, 2017;
Yu et al.,, 2019, 2018; Mares et al., 2015; Humada et al., 2020;
Xu et al, 2014; Orioli and Di Gangi, 2013). Recently, a novel
algorithm was proposed to identify the unknown parameters for
different PV models including the static PV models (single-diode
and double-diode) and dynamic PV model (Elaziz et al., 2021).

Determining the PV parameters of the model requires solving
nonlinear equations obtained from the resolution of the electrical
circuit. After choosing an electrical model, another major problem
lies in the method of extracting these parameters; it is difficult to
obtain the optimal parameters of these models analytically. For
this purpose, many implicit, explicit, or iterative algorithms were
developed based on experimental, numerical, and optimization
techniques or combinations of these (Tossa et al., 2014). This
obstacle is often the reason why the two-diode model is not
used, even though it might be the most accurate. Some authors
have proposed and used an equivalent circuit with a pair of



D. Mazzeo, S. Leva, N. Matera et al.

Energy Reports 9 (2023) 6267-6294

Rs 1
¢ NN——O
I Loy Iz
g Rsh Vv
® O
Fig. 3. Two-diode equivalent electrical circuit.
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Fig. 4. Equivalent electric circuit with one diode (5 parameters).

diodes, a current generator, and two resistors (see Fig. 3). The
inverse saturation currents of the two diodes (Ipq, Ip;) and the
two diode ideality factors (nq, np) depend on the properties of
the two diodes. Such a model involves the determination of seven
parameters, namely the light current (I;), diode ideality factors
(n1, nz), series resistance (R;) and shunt resistance (Rp).

The equation in an implicit form related to the equivalent
circuit in Fig. 3 is as follows:

) _ 1)

I =1 — Iy <e( )—1>—102 <e(
Where:

I; is the light current;

Io1, Ipy are the inverse saturation current of the two diodes;

ny, ny are the two diode quality factors;

Rs is the series resistance: it represents the set of resistances
due to both the cell material and contact resistance between the
metal grid and the crystal surface;

R, is the shunt resistance: this resistance is due to current
leakage in the junction, and it depends almost exclusively on the
method used to make the junction;

V, = %' which is defined as thermal voltage;

q is the charge of the electron g = 1.602 x 107'° C;

Kz is the Boltzmann constant Kz = 1.381 x 10723 ,]?;

T, is the cell temperature.

The solution of the previous equation exists and is mathemat-
ically determinable; however, the implicit form and the presence
of two exponential elements make the calculation of the seven
parameters of the equivalent circuit very complex, and also the
resolution methods in the literature are unreliable as they can
quickly diverge towards incongruent solutions. For these rea-
sons, other authors have preferred to use, in the development
of their models, an equivalent electrical circuit representing a 5-
parameter model, in which there is only one diode, in addition to
the current generator and the two resistors (see Fig. 4).

V+IRs
nqVe

V+IRs
ny Ve

V +1Rs
Rsh
(16)

and
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Fig. 5. Equivalent electrical circuit of a diode (4 parameters).

The equation in an implicit form related to the equivalent
circuit in Fig. 4 is as follows:

I:IL—I()(E( )—])—M

Rsh
its resolution is simpler since it involves the determination of five
parameters (I, Ip, 11, Rs, Rgp).

In general, it is possible to state that the problem of modelling
the electrical behaviour of a PV cell was addressed, in most
of the models in the literature, using the simplified one-diode
model that provides for the determination of five parameters, as
this model manages to fully describe the characteristic curve (I-
V), under standard conditions, of most modern PV panels. This
happens because the curve (I-V) of modern panels is particularly
squared as they are characterized by very small values of series
resistance R; and very high values of shunt resistance R,.

A further reasonable simplification can be applied to elimi-
nate one of the five unknown parameters on the same type of
one-diode model. The simplification that is generally adopted
considers a shunt resistance of infinite value (Rs,— 00); this as-
sumption is particularly correct for crystalline silicon modules. In
this case, the model requires the determination of four parame-
ters (I, Iy, n, Rs), so the computational cost is further reduced (see
Fig. 5). The equation in an implicit form related to the equivalent
circuit in Fig. 5 is as follows:

1=1L—10<e( )—1)

Three physical models (corresponding to three-, four-, and
five-parameter equivalent electric circuits) and two thermal mod-
els were compared by Dolara et al. (2015).

For this purpose, ten monocrystalline and eight polycrystalline
modules were calibrated and tested in SolarTechLab at Politecnico
di Milano. The degree of complexity of the model will determine
which of the methods is most reliable for determining the param-
eters involved in the mathematical expression of the model. In

VI Rs
n Vg

(17)

V+IRs
nVg

(18)
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general, these models can be divided into two groups: numerical
methods that require powerful mathematical means and iterative
methods to solve the implicit nonlinear equation associated with
the PV device, and analytical methods that introduce a series of
simplifications and approximations that lead to a simpler solu-
tion without introducing significant errors in the results (Tossa
et al.,, 2014). To estimate the parameters of electrical models, the
Levenberg-Marquardt method has been demonstrated in many
studies (Tossa et al., 2014). To solve these models based on a
system of exponential equations, known data are required. How-
ever, manufacturers provide only limited PV panel operating data,
such as open-circuit voltage (V,), short-circuit current (Is. ), max-
imum power current (I,,;) and maximum power voltage (Vip),
open-circuit voltage temperature coefficient, short-circuit current
temperature coefficient (S,, and o1, respectively), and nominal
cell operating temperature (NOCT). Furthermore, these data are
available only under standard conditions, where the irradiance
is 1000 W/m?, and the cell temperature (T.) is 25 °C (except
for NOCT, which is determined at 800 W/m? and an ambient
temperature of 20 °C). These conditions result in high electrical
power but are rarely encountered in actual operations. Indeed, so-
lar system designers need reliable means of predicting the power
output from a PV panel under all conditions to decide whether
or not to adopt this technology. Ideally, a PV panel should always
operate at a voltage that produces maximum power. This is
possible, approximately, by using a maximum electrical power
tracker (MPPT). Without an MPPT, the PV panel operates at a
point on the I-V characteristic curve that coincides with the
I-V characteristic of the load. But the commercially available
PV module sold in the market, very often, has not been tested
under natural environmental conditions, and its performance is
lower than measured in standard condition tests (STC) given
by the manufacturer (Tossa et al., 2014, 2016). Moreover, the
energy production is sometimes different for modules of different
technologies with the same maximum power measured under
STC conditions. Module performance is closely related to intrinsic
characteristics such as absorption, strength, and construction pro-
cess. The latter are generally affected (but not in the same way)
by environmental conditions, temperature, and solar irradiance
(solar power and spectrum) (Merten et al., 2008). Therefore, it is
difficult but essential to know how to choose the technology that
provides the best tradeoff between cost and actual performance
of a module in a natural environment for a given site. One of the
major changes in this choice lies in the mathematical model used
to predict PV module performance accurately under real operat-
ing conditions. The choice of the electrical model can be based on
several criteria: computational speed, PV technology, accuracy, or
be guided by the analysis of the statistical errors of each electrical
parameter. Thus, the latter approach can be used as a fast and
accurate means of decision-making, not only for choosing the best
electrical model to estimate the energy production of a given PV
technology but also for choosing the best PV technology suitable
for the climatic and environmental characteristics of a given site.
It can be argued that there is no clear relationship between PV
technology, environmental conditions, and the electrical model.
In addition, modelling a given module requires comparing the
results with different modules. Finally, suitable PV models to
analyze the effects of partial shading must be considered (Piccoli
et al,, 2019).

In this work, the electrical power produced by a PV module
was obtained by employing a 5-parameter model based on the
equivalent electric circuit of Fig. 4 and Eq. (17).

Under the actual operating conditions, by changing the ab-
sorbed solar radiation Gr and the PV cell temperature T, the
following parameters are updated as a function of the parameters
in the reference conditions:

Gr

Iy =1 ref——
GT,ref

(19)
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Io

IO,ref

T

Tc, ref

3
( ) (20)

The procedure used to determine the 5 parameters in the ref-
erence and actual conditions is developed by Fry (1999). This pro-
cedure is implemented in Type 94 of TRNSYS 17 software (Uni-
versity of Wisconsin, 2012).

TRNSYS (http://www.trnsys.com/) is a simulation software
used to simulate the behaviour of transient systems such as
energy simulation and building simulation with respect to solar
design and thermal and electrical energy performance; therefore,
it is mostly used in energy/environmental engineering, such as in
Mazzeo et al. (2021), Baglivo et al. (2020), Herdem et al. (2020)
and Matera et al. (2023b).

Type 94 includes several options, one of which is the math-
ematical model that is used to predict electrical performance.
The type can use the four-parameter model for single-crystal
or polycrystalline PV modules or the five-parameter model for
amorphous or thin-film PV modules. The difference between the
two mathematical models lies in the fact that the four-parameter
model assumes that the slope of the current-voltage curve is zero
under short-circuit conditions, while the five-parameter model
assumes a finite negative slope in the voltage-current curve under
short-circuit conditions.

Another option that type 94 allows is whether or not the
simulation should call the “incidence angle modifier” correlation,
which considers the increase in reflective losses when radiation is
incident on the module at wide angles. Type 94 also considers an
optional angle-of-incidence modifier correlation for calculating
the change in PV module surface reflectance as a function of the
angle of incidence of solar radiation.

Mathematically, type 94 uses an iterative search routine to
calculate the equivalent circuit characteristics, to calculate the
values of I} ref, Io,ref» Rs,ref» R and ayer. The parameter values under
operating conditions are obtained by updating the I; and Iy values
as a function of absorbed solar radiation and cell temperature,
respectively. The latter is calculated using the nominal operating
cell temperature (NOCT). In this way, the characteristic curve is
updated at each instant as a function of cell temperature and
absorbed solar radiation. In addition, the absorbed solar energy is
evaluated considering the incidence angle modifier IAM. Finally,
the electrical PV power output P,,(t) is calculated at the max-
imum power point of the characteristic curve by the following
equation:

va (t) = Imp (t) Vmp (t)

The adopted model type uses temperature data from standard
NOCT measurements to calculate the module temperature T, at
each time step. The NOCT temperature T yocr iS the operating
temperature of the module at a wind speed of 1 m/s, with no
electrical load, and at a certain ambient temperature and specific
solar radiation. The values for solar radiation Gr yocr and ambient
temperature Tg yocr are usually 800 W/m? and 20°C. The module
temperature T, is calculated with Eq. (22).

(1- %)

(21)

— D
o
Grra

UL

T. =T, + (22)

nc is the conversion efficiency of the module, U; is the array
thermal loss coefficient and r« is the module transmittance—
absorptance product.

3. Yearly photovoltaic artificial neural network

Herein, this analysis aims to train and validate an ANN capable
of predicting the yearly energy produced by a PV module in a


http://www.trnsys.com/

D. Mazzeo, S. Leva, N. Matera et al.

Table 2

Energy Reports 9 (2023) 6267-6294

PV module parameters at reference conditions (Canadian Solar Inc., 2023; Jakson Group, 2023; LG Electronics, 2023; Mitsubishi Electric US Inc., 2023;
Panasonic Corporation, 2023; Wuxi Suntech Power Co., 2023; Trina Solar Co., 2023; ENF Solar Ltd., 2023; Vikram Solar Limited, 2023).

Name Cells Voc Isc Vmp.ref Imp.ref NOCT A Wisc Broc Ppu.n Nm
(V) (A) V) (A) (K) (m?) (%[°C) (%°C) (W) (%)
Training
CanadianSolar290 60 38.50 9.72 31.60 9.18 43.0 1.64 0.0500 —0.290 290.09 17.72
Jakson250 72 44.50 7.45 35.90 6.97 47.0 1.62 0.0400 —0.320 250.22 12.88
LG300 60 40.10 9.65 32.90 9.15 45.0 1.64 0.0300 —0.280 301.04 16.23
MLU250 120 37.60 8.79 31.00 8.08 45.7 1.66 0.0560 —0.350 250.48 15.10
Panasonic330 96 69.70 6.07 58.00 5.70 44.0 1.67 0.0340 —0.164 330.60 19.70
Suntech250 60 37.40 8.63 30.70 8.15 45.0 1.63 0.0500 —0.340 250.21 15.40
TallMax320 72 45.80 9.10 37.10 8.63 44.0 1.94 0.0500 —0.320 320.17 16.50
TP250 60 37.30 8.71 30.20 8.30 47.0 1.67 0.0442 —0.290 250.66 15.00
Validation
CHSM250 60 38.19 8.65 30.30 8.27 43.0 1.64 0.0520 —0.344 250.58 15.20
VikramSolar320 72 45.96 9.03 37.65 8.50 45.0 1.92 0.0520 —0.310 320.03 16.67

given location by using as inputs some yearly variables identify-
ing the climate and electrical and thermal characteristics of the
PV module.

A direct prediction of yearly PV energy can be made with
this ANN using only a few yearly weather variables, as well as
electrical and thermal characteristics of the PV module as inputs,
while avoiding solving electric circuit equations and, therefore,
non-linear equations for determining parameters. As a result, no
hourly simulation is needed since the resulting ANN PV energy
is very close to what would have been calculated from an hourly
simulation.

The ANN was trained by considering 8 PV modules, different
in terms of electrical and thermal behaviour, and 48 localities
uniformly placed around the world and characterized by high,
intermediate, and low levels of solar radiation available, as well
as very cold, cold, medium, hot and very hot climates. The ANN
was validated on two other PV modules with different electrical
characteristics and included in the range of electrical parameters
of the 8 PV modules.

3.1. Photovoltaic modules

Eight PV modules with different electrical characteristics were
considered to create the ANN starting from input and output
extracted from the TRNSYS software. Two other PV modules
(CHSM250 and VikramSolar320), having electrical characteristics
in the range of values of the previous eight modules were cho-
sen as validation case studies by comparing the yearly electrical
energy obtained from the ANN and the target electrical energy
deriving from the TRNSYS simulation. Overall, ten PV modules
were considered whose electrical and thermal characteristics at
reference conditions are reported in Table 2.

The main PV module parameters at reference conditions are:
the open-circuit voltage Vo r; the short-circuit current Isc rf;
the voltage at the maximum power point Vi, r; the current at
the point of maximum power I,,; the nominal operating cell
temperature NOCT; the area of the PV module A; the tempera-
ture coefficient of the short-circuit current p; the temperature
coefficient of the open-circuit voltage By,; the nominal power
of the PV module P, obtained from the product between voltage
and current at the point of maximum power; the efficiency n;,.
Reference conditions mean a temperature of 25 °C and solar
radiation of 1000 W/m?. These parameters are supplied by the
manufacturer (Canadian Solar Inc., 2023; Jakson Group, 2023;
LG Electronics, 2023; Mitsubishi Electric US Inc., 2023; Pana-
sonic Corporation, 2023; Wuxi Suntech Power Co., 2023; Trina
Solar Co., 2023; ENF Solar Ltd., 2023; Zhejiang Chint New Energy
Development Co. - Astronergy Solar Inc., 2023; Vikram Solar Lim-
ited, 2023) and are required by Type 94 in TRNSYS to determine
the power produced by using the 5-parameter model.

3.2. Climatic data

To make the ANNs as general as possible and adaptable to any
locality, 48 localities belonging to different climate groups of the
Koppen classification and characterized by very different climates
were considered (Kottek et al., 2006; Rubel and Kottek, 2010;
Arnfield, 2020). In particular, two different localities for each
Koppen climate subgroup were considered, except for the Cfb
subgroup which has four localities. The 48 locations considered
in this work are reported in Fig. 6. The hourly values of air
temperature and horizontal total solar radiation in a typical year
tm2 file are known for each locality from the TRNSYS library.

A preliminary analysis was carried out to maximize the yearly
PV electrical energy produced worldwide and to identify the
optimal inclination angle for each locality and PV module. Re-
cently, a novel data-driven approach proved that power-based
optimization provides a different tilt angle than conventional
irradiance-based optimization because of the trade-off between
irradiance and efficiency (Ye et al., 2022).

For this purpose, the hourly power produced by varying the
inclination angle was calculated through an analysis carried out
with the TRNSYS software. A parametric analysis was done by
changing the inclination angle from —90° to 90° with a step of 2°
and using as surface azimuth 0° or 180° in North and South hemi-
sphere localities, respectively. Dynamic simulations performed
have determined the hourly electrical power produced varying
the inclination angle, and for each locality, 91 different series of
hourly electrical powers were printed in one year. Overall, for
each PV module, 4368 (91 angles x 48 localities) Excel sheets
were printed containing the hourly electrical power at varying
angles of inclination. The hourly data were used to determine
the yearly electrical energy produced for each location, given by
the sum of the hourly powers. The optimum angle of inclination
for a given location and PV module is that which leads to the
maximum energy. Fig. 7 illustrates the yearly electrical energy
produced by varying the PV inclination angle in all 48 localities
for the Jakson250 module.

The optimal inclination angle depends on the locality and,
as expected, is negative in the North hemisphere localities and
positive in the South hemisphere localities. Further, the optimal
inclination angle and the relative highest yearly energy generated
E; are reported for each locality and PV module in Table 3.

In the training phase, the PV modules were considered placed
at the optimal angle of each specific locality. In this way, the ANNs
can predict the PV hourly performance worldwide directly on the
optimal inclination angle. For each PV module, the relationship
between the optimal PV inclination angle and the latitude of the
48 locations considered was derived. Empirical equations of the
optimal angles as a function of the latitude were obtained for

6276



D. Mazzeo, S. Leva, N. Matera et al.

Energy Reports 9 (2023) 6267-6294

Koppen classification localities

R
ol

Toamasina, Madagascar Lat=-18.1° Lon=49.4° Baghdad, Iraq Lat=33.3° | Lon=44.4° Buenos Aries, Argentina Lat=-34.6° | Lon=-58.5° Bucharest, Romania Lat=44.5° Lon=26.2°
Singapore, Singapore Lat=1.0° Lon=104.0° Cairo, Egypt Lat=31.8° | Lon=31.3° Milan, Italy Lat=45.6° | Lon=8.7° Toronto, Canada Lat=43.7° Lon=-79.2°
‘ Recife, Brazil | Lat=g1° Lon=-34.8° Kabul, Afghanistan | Lat=34.5" | Lon=69.2° Berlin, Germany Lat=52.5° | Lon=13.4° | Moskova, Russia Lat=55.8° Lon=37.6°
| Miami, United States [ Lat=25.8° Lon=-803° Baku, Azerbaijan | Lat=40.4° [ Lon=49.8° London, United Kingdom | Lat=51.5° | Lon=0.1° |  Singapore, Singapore | Lat=45.4° Lon=-75.7°
Vancouver, Canada Lat=49.2° |Lon=-123.2°
m Melbourne, Australia Lat=-37.8° | Lon=145.0°
Bogota, Colombia Lat=4.05° | Lon=-74.1°
‘ Lihue, United States ] Lat=22° Lon=~|59.3"‘ Odessa, United States ‘Lat=46.5° Lon=-102.4°‘ Wellington, New Zealand | Lat=-41.3°| Lon=174.8° ] Tromso, Norwey Lat=68.6° Lon=18.9° ‘
‘ Mombasa, Kenya ] Lat=4° Lon=39.6° Maracaibo, Venezuela ‘Lai=10.5° Lon=-71.e°} ! ] Anchorage, Alaska Lat=61.2° Lon=-150.0“‘
\ Reykjawik, Iceland Lat=64.1° | Lon=174.8° #
‘ Caracas, Venezuela ‘Lat:m.s' Lon=-67.0° ‘ Auckland Islands, New Zealand | Lat=-37.0° | Lon=-21.9° Oymyakon, Russia Lat=63.3° Lon=143.1°
| Kano, Nigeria [Lat=120° Lon=ss° | | Verhojansk, Russia lLat=67.5° Lon=143.1*
Rome, Italy Lat=41.8° | Lon=12.6°
Adelaide, Australia Lat=-34.9° | Lon=138.5' TR Fmrp I
Cambridge, Canada Lat=69.1° Lon=-105.1°

&
&

Porto, Portugal Lat=-18.1° | Lon=49.4°

La Coruna, Spain Lat=1.0° |Lon=104.0°

|Lat=3a.4° Lon=758° |
[ Lat=3s.1° Lon=-111.7°]

Dras, India

Flagstaff, United States

1

New Dehli, India Lat=28.6° | Lon=77.2

Hong Kong, China Lat=22.3° | Lon=114.2°
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Fig. 6. Localities belonging to the training and validation set along with the Koppen climate classification.

each PV module, as shown in Fig. 8. These equations are useful to
calculate the optimal inclination angle for any locality worldwide.

As shown by Table 3 and by the regression curves, the latitude
strongly influences the optimal inclination angle value, while the
PV module typology has a very slight impact.

3.3. Input and output data for the ANN training

To train the yearly ANN, the electrical characteristics of 8 PV
modules and the environmental characteristics of all 48 localities
were considered. The ANN created was validated by considering
two other PV modules with different electrical characteristics in
the 48 localities.

The ANN training input data matrix is composed of:

e The yearly horizontal total solar energy obtained as the sum
of the hourly solar radiation of a typical year E;, [Wh/m?];

e The yearly average external air temperature obtained as an
average of the hourly temperatures of a typical year Teqy
[°CL;

e Number of individual cells in a PV module N [-];
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Open-circuit voltage at reference conditions Vo rer [V];
Short-circuit current at reference conditions I ros [A];
Voltage at maximum power point along IV curve at refer-
ence conditions Vi rer [V];

Current at maximum power point along IV curve at refer-
ence conditions Inp ref [Al;

Nominal operating cell temperature NOCT [°C];
Temperature coefficient of short-circuit current ps [%/°C];
Temperature coefficient of open-circuit voltage By, [%/°C].

The ANN training output data matrix is composed of:

e Yearly produced solar PV energy at the optimal inclination
angle Ep, , (Wh) calculated as the sum of the hourly electrical
power values obtained with the TRNSYS software for each locality
and each PV module.

The training input matrix of the ANN consists of 10 parameters
for each locality and PV module. The input vector is composed of
as many rows as there are parameters and as many columns as
there are localities and PV modules. Overall, an input matrix of 10
rows and 384 columns (48 localities x 8 PV modules) is used for
the ANN training phase. The training output vector of the ANN
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Fig. 7. Produced yearly energy by varying the PV inclination angle in all 48 localities for the Jakson250 module.

is made up of the yearly electrical energy produced by each of
the 8 PV modules in each of the 48 localities. Overall, an output
matrix of 1 row and 384 columns (48 localities x 8 PV modules)
is used for the ANN training phase. The yearly horizontal solar
energy E;, and average external air temperature T, , for the 48
localities considered are reported in Fig. 9.

Fig. 9 highlights the extremely variable climatic conditions
considered with external air temperatures variable between
—20 °C and 30 °C and solar radiation between 500 kWh/m? and
2500 kWh/m?. This makes the database and ANN created very
general. In addition, the yearly produced solar PV energy at the
optimal inclination angle E,, , obtained with the TRNSYS software
for each PV module by varying the locality is illustrated in Fig. 10.

Fig. 10 shows that the yearly produced PV energy regularly
increases for a locality with a higher yearly horizontal total solar
energy for all PV modules. The lowest electricity production is
observed for the MLU250 module variable between 148.55 kWh
and 419.37 kWh from the locality with the lowest yearly solar
energy available to the locality with the highest yearly solar
energy available, while the highest one for the Panasonic330,
variable between 211.67 kWh and 683.56 kWh.
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4. Results and discussion
4.1. Training phase

The input matrix of size [10 x 384] and output matrix of size
[1 x 384] was imported into Matlab and the Neural net fitting
tool was used for the ANN training purpose. The dataset was
divided into three groups: 268 (70%) combinations of parameters
used for training, 58 (15%) combinations of parameters used for
the validation, and 58 (15%) combinations of parameters of the
data used for testing. The Levenberg-Marquardt algorithm was
chosen as the learning method, and the sigmoid transfer function
and the linear transfer function were used, respectively, in the
hidden layer and output layer. In addition, an ANN optimization
analysis was carried out that consisted of evaluating the accuracy
metrics described in Section 2.1.3. by varying the number of
neurons in the hidden layer from 2 to 20 with a step of 2 neurons.
The results of this analysis are reported in Figs. 11 and 12.

Fig. 13 shows the boxplots of the error and relative error on
the yearly PV energy evaluation by means of the ANNs by varying
the number of neurons.
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Table 3

Optimal inclination angle and the relative highest yearly energy generated for each locality and PV module.

CanadianSolar290 Jakson250

VikramSolar320

B (°) Eg (kWh)

Toamasina

Singapore

Recife, Pernambuco
Miami, Florida

Lihue, Hawaii
Mombasa

Caracas

Kano

Baghdad

Cairo

Kabul

Baku

Odessa, Texas
Maracaibo

Buenos Aires

Milan

Berlin

London

Vancouver, British Columbia
Melbourne, Victoria
Bogota, Cundinamarca
Wellington

Reykjavik

Auckland Islands
Rome

Adelaide

Porto

La Coruna

New Delhi

Hong Kong
Johannesburg

Nairobi

Bucharest

Toronto, Ontario
Moskva

Ottawa, Ontario
Tromsg

Anchorage, Alaska
Oymyakon, Sakha Republic
Verhojansk, Sakha Republic
Hakkari

Cambridge Bay, Nunavut
Dras

Flagstaff, Arizona
Beijing

Seoul

Pyongyang
Vladivostok

—16
2
—4
24

453.8
394.7
520.0
471.7
468.5
487.6
398.2
570.0
584.9
548.0
526.2
3524
3416
386.6
452.6
327.7
2774
251.1
355.2
409.4
408.6
3783
230.8
409.9
443.2
475.8
436.7
3315
544.6
360.9
545.0
450.9
361.9
390.9
275.1
3954
185.6
268.8
356.8
316.5
465.2
326.8
430.7
531.1
366.2
3275
356.1
394.0

—16
2
—4
24

LG300 MLU250 Panasonic330 SunTech250 TallMax320 TP250 CHSM250
B (°) Eg (kWh) B (°) Eg (kWh) B (°) Eg (kWh) B (°) Eg (kWh) B (°) Eg (kWh) B (°) Eg (kWh) B (°) Eg (kWh) B (°) Eg (kWh) B (°) Eg (kWh)
—16 463.8 —16 320.9 —16 530.7 —16 3923 —16 504.6 —16 390.2 —16 398.7
2 4024 2 270.2 2 463.2 2 3412 2 4394 2 339.0 2 3475
—4 5269 —4 3526 —4 6122 —4 4503 —4 579.2 —4 446.1 —4 4578
24 4813 26 331.0 24 5523 24 4079 24 5246 24 4054 24 4146
20 4785 10 274.0 20 5483 20 405.1 20 521.0 10 3421 20 411.8
0 495.8 16 388.0 0 5725 0 4219 0 542.7 16 488.9 0 4289
10 406.2 20 329.7 10 467.2 10 3442 10 4432 20 402.8 10 3505
16 577.2 0 336.2 16 671.2 16 493.8 16 634.8 0 418.7 16 5015
32 597.3 32 4194 32 683.6 32 506.1 32 649.8 32 502.9 32 512.8
28 559.6 28 3924 28 640.4 28 474.1 28 609.0 28 4713 28 480.9
32 5444 34 260.1 32 608.3 32 4542 32 582.6 34 295.0 32 459.2
28 364.2 10 2599 28 409.1 28 303.9 28 390.8 10 3319 28 308.5
34 3557 34 403.3 34 394.2 34 294.1 34 378.1 32 454.1 34 298.3
10 3933 28 259.3 10 455.0 10 3343 10 430.7 28 303.8 10 3408
—28 466.4 36 331.6 —26 5255 —26 390.7 —26 502.1 36 382.3 —26 396.3
34 3405 —28 353.0 34 3789 34 2822 34 363.0 —28 410.1 34 286.5
36 289.6 34 3313 36 319.9 36 238.6 36 307.0 34 376.9 36 242.2
36 262.7 32 2515 36 289.1 36 2158 36 277.8 32 286.2 36 219.1
36 370.6 —28 3353 36 408.9 36 305.9 36 3929 —26 390.1 36 309.8
—28 4242 36 246.0 —28 4736 —28 353.1 —28 4537 34 2828 —28 358.0
2 4241 32 3771 2 4719 2 3522 2 4525 30 467.5 2 357.0
—30 393.3 20 2545 —30 436.5 —30 3259 —30 418.8 20 310.5 —30 3304
44 2443 38 2107 44 263.3 44 197.9 44 2544 36 239.6 44 200.4
—30 425.0 36 1919 —28 4739 —30 3534 —30 4542 36 217.0 —28 3584
36 457.7 36 276.0 36 513.8 36 3825 36 4914 36 307.1 36 387.8
—28 490.0 —30 309.4 —26 552.6 —28 4109 —28 527.8 —28 3534 —28 416.6
34 452.0 44 185.3 34 505.2 34 376.8 34 4839 44 200.0 34 3817
32 3447 —-30 311.0 32 3827 32 2855 32 367.1 —28 3538 32 2897
30 553.2 —26 409.9 30 639.5 30 4715 30 606.0 —24 4699 30 478.7
20 370.0 4 3274 20 421.8 20 3117 20 401.2 4 388.2 20 317.1
—24 561.2 2 3117 —24 6323 —24 471.0 —24 6044 2 3528 —24 476.7
4 462.9 —32 289.6 4 5253 4 389.6 4 500.8 —30 326.7 4 3954
32 3759 34 2734 32 4183 32 3118 32 4008 32 3124 32 316.2
34 408.9 36 306.0 34 449.1 34 336.4 34 4319 34 338.1 34 3404
40 289.2 38 279.6 40 315.5 40 236.3 40 303.8 36 316.3 40 2394
38 415.1 34 2504 38 4533 38 340.0 38 436.6 32 283.0 38 3439
46 196.8 30 355.6 46 2117 46 159.0 46 204.5 30 401.6 46 161.1
46 284.5 52 287.5 46 306.9 46 230.6 46 296.3 52 285.1 46 2334
52 387.2 42 2154 50 400.9 52 304.3 52 390.1 40 238.0 50 305.9
52 3404 40 312.8 52 357.3 52 270.6 52 347.0 38 3423 52 2725
30 4823 36 276.9 30 537.6 30 401.3 30 515.0 36 308.0 30 406.0
52 354.8 44 320.0 52 366.1 52 279.1 52 357.3 42 3416 52 280.2
28 453.8 30 349.6 28 4919 28 370.2 30 474.8 28 373.2 28 373.6
36 553.1 36 4189 36 610.8 36 457.9 36 587.1 36 459.2 36 462.5
36 3814 46 148.6 36 4225 36 3153 36 405.3 46 160.8 36 319.7
32 3419 48 215.6 32 3774 32 2818 32 362.3 46 233.0 32 285.8
36 3729 52 305.8 36 409.4 36 306.3 36 393.6 52 3108 36 310.3
42 416.2 52 266.9 42 4495 42 338.4 42 4343 52 2753 42 3419

3939
3427
450.1
409.2
406.7
422.6
345.8
492.8
506.5
475.1
457.0
306.6
297.6
335.5
3934
285.5
242.0
219.2
309.6
356.5
355.8
329.6
201.7
357.0
385.5
4134
380.0
288.9
471.4
3137
4733
391.7
315.1
340.7
240.1
344.9
162.2
234.9
3119
276.6
404.4
286.1
375.5
462.1
319.1
285.6
310.6
344.1

—16
2
—4
24

504.5
439.2
5794
524.6
521.0
542.8
443.1
635.2
650.0
609.1
582.5
390.5
377.7
430.6
501.8
362.6
306.6
277.3
3925
453.3
452.1
418.4
2539
453.8
491.2
527.6
483.6
366.6
606.3
401.0
604.3
500.6
400.4
4314
303.3
436.0
204.1
295.8
389.2
346.2
514.8
356.5
474.2
586.8
404.8
361.8
393.1
433.6
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Fig. 8. Optimal PV inclination angle as a function of the latitude for the ten PV modules.

An overall analysis of all metrics and graphs shows that by
increasing the number of neurons from 2 to 10, a sensible im-
provement of the ANN accuracy can be observed. Instead, above
10 neurons the accuracy remains rather stable. This is evident
from Fig. 11 on the top, where R?, R and OIMP increase and MSE
and RMSE decrease with more evidence from 2 to 10 neurons.
Similar behaviour can be observed for the COD in Fig. 12 on the
top; however, the COD growing trend is developed until 20 neu-
rons with an intermediate reduction between 14 and 18 neurons.
The absolute error obtained by using 2 neurons has a range of
—80000 kWh to 70000 kWh, as highlighted in Fig. 11 below.
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This range narrows as the number of neurons increases, becom-
ing minimal and equal to ~100000 kWh (E;.x ~ 40000 kWh
and Ep;; ~ —60000 kWh) for 14 neurons. The average and the
standard deviation of the absolute error are stable around about
1000 kWh and 150000 kWh, respectively. This is also highlighted
in Fig. 12 at the top, where the COV only decrease from 4.8% to
3.8% by increasing the number of neurons from 2 to 20. All the
ANNs, on average, slightly underestimate the yearly PV energy as
highlighted by the negative CRM in Fig. 12 at the bottom. Only
with 14 neurons, on average, the ANN slightly overestimates. By
using 20 neurons, the highest R, R?, OIMP and COD of 0.9898,
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Fig. 9. Yearly horizontal solar energy and average external air temperature for the 48 localities.

0.9797, 0.9761 and 0.9809, respectively, and the lowest RMSE,
MSE, and COV of 14.67 kWh, 215.30 MWh and 3.8%, respectively,
are obtained. In addition, the CRM is almost zero and the error
boxplot is the least wide and is characterized by the mean value
closest to zero. For all these reasons, the ANN with 20 neurons
was considered the optimal one and is proposed as reliable and
accurate for the yearly PV energy forecasting.

All details related to the ANN architecture and the training,
testing and validation phases are reported in Fig. 14, which shows
the screen of the Neural net fitting tool after the end of the learn-
ing process. In the figure, also the number of epochs required in
the training phase can be seen. Fig. 15 highlights the mean square
error trend for the training, testing, and validation phases on the
left and the trends of the gradient, damping factor, and validation
checks on the right by increasing the number of epochs.

The mean square error of training, testing, and validation
curves significantly decrease in the first 8 epochs. The validation
and testing curves slightly increase after the 8th epoch, while
the training curve slightly decreases. For this reason, the learning
process required 14 epochs and was terminated after six valida-
tion checks. The results obtained after 8 epochs were considered
the best ones since by increasing the epochs the generaliza-
tion stops improving and the overfitting can be observed. The
validation and test curves, representing the mean square error
as a function of the epochs, are very close to the 8th epoch.
The Levenberg-Marquardt backpropagation algorithm at the 8th
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epoch provides a gradient of 6.39 x 107 and a damping parameter
w of 1 x 10°. The gradient decreases during the entire process,
while the damping parameter first increases rapidly and then
very slowly.

The selected optimal ANN architecture is very accurate, for all
data groups’ training, testing, and validation, as demonstrated by
the high frequency of errors very close to zero (see Fig. 16) and by
the almost perfect regression between the target and ANN output
on the bisector line as shown in Fig. 17.

Fig. 16 shows that the frequency of outliers is very low for all
data groups, demonstrating the highest reliability in reproducing
accurate results. In addition, Fig. 17 reveals the very high R of the
different regressions that are between 0.985 for the validation
data and 0.991 for the training data. Overall, R is 0.990 for
the entire dataset. Besides, Table 4 shows the Pearson correla-
tion coefficient py, between the ANN output and different ANN
inputs.

By analysing Table 4, it can be deduced that the yearly hor-
izontal total solar energy E;, is the most correlated input to
the output with a p,, value of 0.81, representing an almost
perfect linear dependency between the variables. Also the yearly
average external air temperature has a linear dependency with
the output; however, with a lower p,, value. The same con-
siderations can also be done for the temperature coefficient of
open-circuit voltage .., the open-circuit voltage at reference
conditions Vo s and the voltage at maximum power point at
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Table 4
Pearson correlation coefficient between the ANN output and inputs.
Variable Pearson correlation coefficient pyy
Epvy (Wh) 1.00
Esy (Wh/m?) 0.81
Teay (°C) 043
Nes (=) —0.10
Voc,ref (V) 0.35
Isc,ref (A) —0.11
Vmp,ref (V) 0.35
Imp.ref (A) —0.09
NOCT (°C) —0.35
Mise (%/°C) —0.27
Hvoc (%/°C) 0.37

reference conditions Vi, . Instead, an increase of the nomi-
nal operating cell temperature NOCT or temperature coefficient
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of short-circuit current u leads to a decrease in the output,
denoting an inversely proportional correlation. Finally, there is
no significant linear dependency between the output and the
number of individual cells N in a PV module and the current
at maximum power point at reference conditions I ref.

Fig. 18 highlights the linear regression between the output
(yearly PV electricity E,, ) and the most two linearly correlated
inputs, namely the yearly horizontal total solar energy Es, and
the yearly average external air temperature T y.

In particular, an R? of 0.66 characterizes the regression be-
tween annual total horizontal solar energy and annual PV elec-
tricity. Taking into account the wide range of weather conditions
in the locations considered and the different electrical and ther-
mal characteristics of the PV modules selected, this value can be
considered relatively high.
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4.2. Validation phase

The ANN trained in the previous section was validated sep-
arately on two new PV modules with electrical characteristics
in the range of the PV modules used in the training phase.
The Matlab algorithm code used for this purpose is reported
in Appendix. A new input vector of size [10 x 48] for each PV
module was loaded to simulate the yearly produced PV energy.
The input vector contains: the yearly horizontal total solar energy
E, , for each of the 48 localities in the first row, the yearly average
external air temperature T, for each of the 48 localities in the
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second line and, in the remaining 8 rows, there are the electrical
parameters of the PV module considered, which are constant for a
specific PV module. By launching the Matlab algorithm code with
this new input data, the vectors of the yearly energies produced
by the CHSM250 and VikramSolar320 PV modules were obtained
for each of the 48 localities. To assess the ANN accuracy, these
values were compared with the yearly energy values obtained
from the TRNSYS software for the 48 localities, as reported in the
regression curves of Fig. 19.

The linear regression shows that there is an almost perfect
correlation between the yearly energy calculated with TRNSYS
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and that obtained with the ANN for all 48 localities considered.
The R2 is in the range of 0.96 = 0.97 for both PV modules, while
the angular coefficients of the regression curves are 0.7834 and
0.8989, respectively, for the VikramSolar320 and CHSM250 PV
modules. The high accuracy of the ANN in the validation phase
is also confirmed by the values of accuracy metrics obtained for
the two PV modules individually and globally listed in Table 5.

Globally, despite the ANN was not trained with data related
to the VikramSolar320 and CHSM250 PV modules, the accuracy
metrics are only slightly worse than those obtained in the training
phase;
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Fig. 20 shows the comparison between the yearly energies
produced by the two PV modules obtained with the TRNSYS
software and with the ANN for the 48 localities; moreover, the
relative percentage error Ey qg, calculated as the average of all
percentage relative error obtained in each locality, is also re-
ported. The frequency distribution of the relative error is reported
for the two PV modules in Fig. 21.

The obtained figures demonstrate that the ANN also works
perfectly with these new PV modules, as highlighted by the
comparison of the target and ANN output for the different local-
ities. The relative error ranges between —19.5% (New Delhi) and
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4.8% (in Johannesburg) for the CHSM250 and between —13.3%
(Hakkari) and 13.4% (in Johannesburg) for the VikramSolar320.
The relative error distribution highlights that the ANN mainly
overestimates the yearly PV electricity for the CHSM250 module
characterized by a lower module power. By increasing the PV
module power, the relative distribution is almost perfectly sym-
metrical around zero, as exhibited for the VikramSolar module.
Finally, relative errors between —7.5% and 7.5% are highlighted
for 50% of localities in the case of the CHSM250 PV module and
81% of localities in the case of the VikramSolar320 PV module.

5. Conclusions
Recently, ANN-based machine learning models employing

models have proved their capabilities as a precious prediction
tool. In this research work, the ANN model for the prediction
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of yearly PV electricity directly on the optimal PV inclination
angle was trained and validated. For the inclination angle, some
empirical equations were obtained as a function of the latitude.
Meteorological and PV module parameters were used in the
TRNSYS environment to generate the training dataset. The ANN
model requires as inputs only a small number of yearly weather
data and PV module parameters and was successfully trained in
Matlab software for 8 PV modules in 48 localities and validated
for two other PV modules. The final numerical results of the ANN
model showed considerable accuracy compared to those obtained
with dynamic simulations performed with physical-based PV
analytical models. In the training phase, the performance metrics
of the developed ANN model revealed values of R, R? and OIMP of
0.9898, 0.9797 and 0.9761, respectively, and RMSE, MSE, and COV
of 14.67 kWh, 215.3 mWh and 3.8%, respectively. In addition, the
CRM is almost zero.
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Table 5
Obtained accuracy metrics for CHSM250 and VikramSolar320 PV modules and
globally.

Global VikramSolar320 CHSM250

MAE (kWh) 25.98 17.10 34.85
R? =) 0.9218 0.9699 0.9628
MSE (MWh) 1020.72 513.82 1527.62
RMSE (kWh) 31.95 22.67 39.08
EC (=) 0.9052 0.9218 0.8551
CRM (=) 0.0301 —0.0254 0.0740
cov (%) 7.7693 6.6037 8.1566
R (=) 0.9601 0.9848 0.9812
CcoD (=) 0.9310 0.9699 0.9628
OIMP (=) 0.9199 0.9287 0.8837
Enax (kWh) 63.99 63.99 28.92
Emin (kWh) —88.20 —25.22 —88.20
Eavg (kWh) —12.03 8.96 —33.02
Egq (kWh) 29.75 21.04 21.13
Erel,avg (%) —3.44 1.45 —8.34

Instead, in the validation phase, R> and RMSE obtained are
0.9218 and 31.95 kWh. The highest relative error found is —19.5%
in New Delhi and relative errors between —7.5% and 7.5% are
obtained for 50% of localities in the case of the first PV module
with a nominal power of 250 W and for 81% of localities in the
case of the second PV module of 320 W.

This emphasizes that the ANN model is almost accurate and
versatile as compared to other complex models to predict yearly
PV electricity while requiring few weather and PV input data,
lower user knowledge and expertise and execution time.
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Future research and PV sizing can be directly performed with
the ANN proposed using only a few yearly weather variables, as
well as electrical and thermal characteristics of the PV module
as inputs, while avoiding solving electric circuit equations and,
therefore, non-linear equations for determining parameters. As a
result, no hourly simulation is needed since the resulting ANN PV
energy is very close to what would have been calculated from an
hourly simulation.

This study has two limitations:

e The most important limitation is that the 5-parameter
model was used for all types of considered PV modules.
Such an assumption must be made to make uniform all
simulations, make the ANN of global value and reduce time
spent to identify the best model to be used for each type of
PV module. The selected 5-parameter represents a trade-off
between computation cost and accuracy.

e Another limitation is that the yearly weather parameters
are summarized with their average values; no input data
are provided to ANN to take into account the variability of
climatic conditions in time.

For future research, we recommend the following tasks: (i) use of
an ANN with a more advanced algorithm to further improve the
prediction accuracy; (ii) proposal of other optimized ANNs using
data from simulations performed by other PV models with 4, 6
or 7 parameters; (iii) evaluation of the effect of introducing the
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Fig. 20. Yearly electrical
localities.

standard deviation of weather variables as an additional input in
the training data set on the accuracy of the ANN.

As a further development of this research, it should be taken
into account that statistical analysis of the results indicated that
the yearly horizontal total solar energy and yearly average air
temperature had the most significant correlation with the PV
output. For this reason, these two variables may be used as the

energies produced by the CHSM250 and VikramSolar320 PV modules
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obtained with the TRNSYS software and with the ANN for the 48

only input variables in future analysis to make the ANN further
simple and more user-friendly.

Given the demonstrated tool flexibility and accuracy for dif-
ferent weather conditions, the use of the ANN-based machine
learning algorithm proposed can be very beneficial in future
investment decision-making to develop incentive plans for PV
economic growth, taking into account the ongoing climate change.
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Abbreviations

ANN Artificial neural network

CcC Correlation coefficient

CcOoD Coefficient of determination

COP21  Paris climate conference

CoP3 Conference of the Parties in Kyoto

cov Coefficient of variance

CRM Coefficient of residual mass

EC Efficiency coefficient

EU European Union

MAE Mean absolute error

MPPT Maximum electrical power tracker

MSE Mean square error

NOCT Nominal cell operating temperature

OIMP Overall index of model performance

PV Photovoltaic

RES Renewable energy source

RMSE Root mean square error

STC Standard condition tests

TRNSYS Transient system simulation tool

Symbols

Io1, Iz Inverse saturation currents of diodes 1 and 2

I Light current

ny, ny Ideality factors of diodes 1 and 2

Rs Series resistance

R, Shunt resistance

q Charge of the electron

Kp Boltzmann constant

T, Photovoltaic cell temperature

1% Voltage

Voc Open-circuit voltage of the PV module

Ig¢ Short-circuit current of the PV module

Bvoc Open-circuit voltage temperature coefficient

Uc Array thermal loss coefficient

e Conversion efficiency of the module

T« Module transmittance-absorptance product

Ase Short-circuit current temperature coefficient

f(A) Activation function

X;j Input signal number to artificial neurons i

Wi Weight value of synapse connecting artificial
neurons i and j

Si Threshold value of artificial neuron i

y(x) Output of the neuron that represents the weighted

sum of the input Signals x; with the relative
weights w;
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TR0 »

=~

tmax

Emin

Esd
E rel,avg
Pxy

ox

Vinp
T¢ noct

Gr Noct
Ta,nocT

Msc
A

k — th step in the training process

Parameter of the activation function

Gradient

Learning rate

Hessian matrix

Jacobian matrix

i — th value of the target output obtained from the
TRNSYS simulations

Mean value of the target output obtained from the
TRNSYS simulations

Maximum value of the target output obtained from
the TRNSYS simulations

Minimum value of the target output obtained from
the TRNSYS simulations

i — th value of the output predicted by the ANN
Mean value of the output predicted by the ANN
Total number of training data

Error vector

Damping coefficient

Identity matrix

Error value

Minimum error

Maximum error

Standard deviation of error

Relative average error

Pearson’s correlation coefficient of input X and
output Y variables

Standard deviation of input variable X

Standard deviation of output variable Y

Solar radiation

Incidence angle modifier

Electrical power output of the PV module

Nominal power of the PV module

Current at maximum power point of the PV
module

Voltage at the maximum power point of the PV
module

Operating cell temperature at standard NOCT
measurements

Solar radiation at standard NOCT measurements
Ambient temperature at standard NOCT
measurements

Temperature coefficient of the short-circuit current
Area of the PV module
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Mm
Epv,y

Esy

Tea,y
Nes

Vmp‘ref

ImpA,ref

Efficiency of the PV module

Yearly produced solar PV energy at the optimal
inclination angle

Yearly horizontal total solar energy

Yearly average external air temperature

Number of individual cells in a PV module

Voltage at maximum power point along IV curve at
reference conditions

Current at maximum power point along IV curve
at reference conditions
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Appendix. Matlab algorithm code of the ANN for the yearly
produced PV energy

%MYNEURALNETWORKFUNCTION neural network simulation function.

%

%

0
% Generated by Neural Network Toolbox function genFunction, 05-May-2021 12:38:41.

% [y1] = myNeuralNetworkFunction(x1) takes these arguments:

% x = 10xQ matrix, input #1

% and returns:

% y = 1xQ matrix, output #1

% where Q is the number of samples.
Y%#ok<*RPMTO0>

% Input 1

x1_step1_xoffset = [634301.871035932;-16.1517351598173;60;37.3;6.07;30.2;5.7;43;0.03;-0.35];

x1_step1_gain =

[1.24110736568843e-

06;0.0447027838964855;0.0333333333333333;0.0617283950617284;0.547945205479452;0.07194244604
31655;0.574712643678161;0.5;76.9230769230769;10.752688172043];

x1_step1_ymin = -1;

% Layer 1

b1 = [-3.3106233360505319;2.0215782736193648;-1.6196156203080219;1.1079039707661795;-
1.163829783034684;0.76929853552379035;0.92242650841261475;-0.55066419953101153;-
0.29312075185926117;0.15421029440801823;0.88658421587163661;-
0.68065138634336786;0.21679859910885299;0.12098895155292323;-
2.1059690261634141;0.45115933175230249;-1.0249936465060878;-
2.179046112509694;1.9500568908151776;1.7573249369962363];

IW1_1 = [0.25135343666320231 2.2200369794238464 -0.19103769153788885 0.037326464511691027
0.60542815015084128 0.40707667750529336 -0.96058272254164689 -0.12272477295596733
0.93381823673876274 0.44939190910529137;0.86764108986960575 1.2970695756417814
0.87089465069664218 -1.0608652309697024 1.2566082125554907 -0.65598538372516102
0.29871410959519834 0.89747212337103521 -0.31386819191117621 -0.21822164124207646;-
0.10437802752198724 -0.54947254730402151 -1.0843146614639683 0.0029777701415117132
0.20116344090210511 0.89191151128012658 0.37937404186382101 -0.53991450111499029

0.49514521265557676 -0.98333551255040141;-0.44423238561897088 -0.11061193353266725
0.52793661756133869 -0.64647521497400873 -0.58568815112715811 0.66518892473956504
0.31563658679532458 0.071513247961091125 0.058876450037957065
0.35475451245762135;0.7094086954741643 -0.063757919375982103 -0.6959028599266196
0.44818509032187942 1.3011451048000413 -0.013548464164914049 0.11525551204271212
0.51094181374420256 -1.1174294416443449 0.29867332047670786;0.62665519660505065

0.34625628630894878  0.2547412153542345  -1.0786876950883473  0.83259999373666937 -
0.96934475046733337 1.1182698101631328 0.53916376072493577 0.1123086347442325 -
0.27604016550039384;0.98111665604953413 0.30553616243291887 0.27891438169663241
0.59608396972012057  -0.14920765316533288  -1.3003540214725178  0.93571116753032801 -
0.18077355705416215 -0.49347958865713082 -1.2093669623445502;-0.35179034946790744 -
0.31694144405536162 0.44301507417371377 0.15191907229694887 0.22291153768515373
0.53631780136373663 1.1955562167221128 0.23643528345228693 1.2830870633239366
1.2956426619096841;1.079009917 1973491 -0.10609339208730839 1.020941090245278 -
1.1876419638389351 1.1973930177166108  -0.5988026353659901 -0.10199054462262155 -
0.15408212067568022 -1.0007414357830271 -0.11071855482712892;0.89581664127446547 -
0.010715430758994386 1.0787350593517566 -0.12614489282585087 0.27249375518594404
1.2728996946264639  -0.12757646424372279  0.076848889000360632  0.51188550114200493 -

0.2393515027333292;0.83228932171418069 -0.48015320185155919 -0.13675500656659595
0.10734236352061971 -0.04727379406860463 0.64216847588508097 0.041905541304288217
0.72991042411430862 0.8917695710600626 0.21494349049023134;-0.36537761684045256

0.25097326231285177  -0.25621317552407502 0.79417118986404067 -0.052404360141884349 -
0.21007310245571589 0.93273972827000162 1.0985751457478141 -0.1351819781710932 -
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0.4878835635914639;2.7042369667441841 -2.1064212208589521 -1.7387405918876451
0.45084454670506457 -0.17527307314355889 1.0334140303554937 0.44494273732555878
0.8299859660998522 -0.71282865510809268 -0.133552097485306;-0.048798639798191309 -
0.34534051530330134 2.1187634870938452 0.36826720799025681 -0.061418503964738726
0.86038449449585441 -0.89360778760204207 0.24608703069376225 0.76731026530812141

0.32594841287290771;-1.4891246830536549 0.33783387573257811 -0.21149678125979274
0.71616506426802984  -0.4443574096567342  0.014803327920995127  0.55405565065047524 -
0.9351631934320549 0.6430296681290798 0.28765457431199387;0.31043077615429249
0.41892911449177672 -0.59383263530084907 -1.2830019226360581 1.0513527754609555

0.30486932630923885  -0.24419401920980149  0.94577868773534113  0.4801573638607865 -
0.63750714124681884;-0.15053411774558223  -0.66765994929904404  -0.067866713645861235 -
0.1044149825536257  -0.43685888847194376  2.0541290854164016  -0.71823653834123957 -
0.091751663041859707 0.50198434795107982 0.86955121115290335;0.36938160088707223 -
0.23455921226982823 -0.49729550558785574 -0.78239045766494153 0.13787840104210849
0.43024231604349811 0.19103534586256229 -0.32882654128382699 -0.7377567108319969
0.73251302583261024;1.024215609989495 0.3649003190784943 -0.12953246499724322 -
0.42308870940465054 -0.1885252338175851 0.56528603007770173 0.99665209361916718
0.65694678679928054 -0.24510622818581226 0.92773202605048144;2.2827124011547877 -

0.8460362940482169 -1.0643574937551594 0.68919855913987571 -0.9346250763534405
0.35751307070952326 0.79105235188852929 -0.13418476653392167 0.11333222474878721
0.88657844961273591];

% Layer 2

b2 =-0.90570906796381223;

LW2_1 = [-0.92474945084102955 0.55755738734068649 -0.34220509648738562 -0.38713274115950858
0.38341924943928479  -0.021170184863182329  0.36895025642055007  0.21118506440417223 -
0.31546163262736177  0.59332482931739561  0.31649596768521393  -0.59471051232018701 -
0.023308418082055915  -0.55438883896478997  -0.17528297592529721 -0.33850756669250626
0.33235223305491401 0.39811091159645529 -0.066902382063219856 0.1645680475649029];

% Output 1

y1_step1_ymin = -1;

y1_step1_gain = 3.73826012562395e-06;
y1_step1_xoffset = 148551.724680299;

% Dimensions
Q = size(x1,2); % samples

% Input 1
xp1 = mapminmax_apply(x1,x1_step1_gain,x1_step1_xoffset,x1_step1_ymin);

% Layer 1
al = tansig_apply(repmat(b1,1,Q) + IW1_1*xp1);

% Layer 2
a2 = repmat(b2,1,Q) + LW2_1*a1;

% Output 1
y1 = mapminmax_reverse(a2,y1_step1_gain,y1_step1_xoffset,y1_step1_ymin);
end

% Map Minimum and Maximum Input Processing Function

function y = mapminmax_apply(x,settings_gain,settings_xoffset,settings_ymin)
y = bsxfun(@minus,x,settings_xoffset);

y = bsxfun(@times,y,settings_gain);

y = bsxfun(@plus,y,settings_ymin);

end

% Sigmoid Symmetric Transfer Function

function a = tansig_apply(n)

a=2./(1+exp(-2*n)) - 1;

end

=

% Map Minimum and Maximum Output Reverse-Processing Function

function x = mapminmax_reverse(y,settings_gain,settings_xoffset,settings_ymin)
x = bsxfun(@minus,y,settings_ymin);

x = bsxfun(@rdivide,x,settings_gain);

x = bsxfun(@plus,x,settings_xoffset);

end
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