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Abstract: Industry 4.0 is in continuous technological growth that benefits all sectors of industry and society in
general. This article reviews the concept of Digital Twin (DT) and the interest of its application in photovoltaic
installations. A comparison is made on how other authors use the DT approach in photovoltaic installations to
improve the efficiency of the renewable energy generated and consumed, the energy prediction and the
reduction of the operation and maintenance costs of the photovoltaic installation. It is reviewed how, by
providing real-time data and analysis, DTs enable more informed decisions in the solar energy sector. The
objectives of the review are to study the digital twin technology and to analyze its application and
implementation in photovoltaic systems.
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1. Introduction

Today's society is undergoing some major changes due to the rapid and massive technological
growth that has taken place in recent years. The advent of Industry 4.0 and the increasing availability
of data and computing power are some of the causes of this societal transformation [1]. For example,
manufacturing industries around the world, such as those in the United States, United Kingdom,
Germany, or even other countries like Italy, have come up with their own national strategies for the
development of industrial production [2]. The most basic technological drivers are digitalization and
intelligence. One of the most useful tools brought by these developments are digital twins. Digital
twins can provide services in many areas of this new smart manufacturing trend and serve as a
connecting interface between the real world and the digital or information world. In addition, they
can provide such intelligent services as efficient real-time response [3]. The concept of digital twins
has been around for several decades, but in recent years it has garnered significant attention even
though it continues to evolve and that there is no standard definition of a digital twin. It dates to a
2002 report published by the University of Michigan, but this very concept was limited by the poorly
developed data acquisition technologies and computational performance algorithms available at the
time. It was not until 2010 that NASA proposed the term "digital twin" in a paper published [1]. Later,
in 2012 NASA and the Air Force Research Laboratory worked together on proposing examples of
digital twins of future aircraft so that they could be tested under extreme conditions. Finally, in 2014,
Professor Michael Grieves defined a digital twin as consisting of three main parts: physical entities
in real space, virtual models in virtual space, and the data connection linking the two parts.

The first of these three main components, physical entities, is the basis of digital twins. They are
objective and present in the real world and can perform tasks independently. Their research focuses
on monitoring the work processes of the physical entities through any type of sensor to obtain data
on their state of operation. Virtual models, the second main component of digital twins, is the key to
differentiate this technology from any other and is also the basis of virtual-real interaction. A virtual
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model is defined as a "copy" of a physical entity that can mimic, characterize, and describe its
properties and operation from multiple temporal and spatial viewpoints [4]. It is provided with all
kinds of data, such as material properties, geometric dimensions, or historical performance data, to
drive and model a simulation that can be used to control, optimize or even predict the actual
performance of physical entities (The third and final component, twin data, is the engine of this
technology. This data typically includes physical, virtual, knowledge and derived information, and
is made up of different types, so that it enhances the tracking of the operating state of physical entities
and the performance of virtual models.

As mentioned above, digital twins can be used in a wide variety of fields; their performance is
excellent in design simulation optimization, operation monitoring and predictive maintenance, so
they can be used in industrial production or other fields. Digital twins can be used for remaining life
prediction of spacecraft, digital design of roller stores, health care for the elderly, wind turbines, and
so on. But in this specific research, the focus will be on the visualization of digital twins for
photovoltaic installations.

The adoption of digital twins in photovoltaic (PV) systems is increasing rapidly, offering
significant advantages in terms of design, optimization and operation. Digital twins can provide
accurate modeling and simulation of PV systems, enabling improved performance, reliability, and
maintenance [5]. The challenges and limitations of such systems include lack of data, complexity of
the models, and the need for expertise in different fields. The present review aims to provide a
comprehensive analysis of the state of the art of methods and tools for digital twins in PV systems,
as well as future directions for research in this field. The main search keywords were "digital twins
for photovoltaic installations" and the databases were Scopus, Web of Science and IEEE.

In terms of smart manufacturing and Industry 4.0, digital twin technologies have proven to be a
powerful tool. On the other hand, the use of these technologies focused on the improvement of
photovoltaic installations has been little investigated, so, with a detailed and insightful review, this
paper aims to:

1) Study and describe digital twin technology, its parts and how it works.

2) Analyze the different applications that have been made of this technology, summarizing from
them the significant tools that could be interesting for this study.

3) Discuss the methods available to use digital twins as an asset in PV installations and
ultimately elaborate on this technology.

The remainder of this document is organized as follows. Section 2 describes the literature review
methodology. Section 3 outlines the digital twin technology and its method. And Section 4 reviews
the different types of digital twin applications that could be transferable to our case study.

2. Materials and Methods

2.1. Classification criteria

For this article, two different searches were carried out in different sources. First, we searched
for articles published in the previous three years related to digital twins using the keywords "digital
twin", specifically ScienceDirect, Scopus and WebOfScience. A second search was then performed.
This time using the keywords "Digital twin in photovoltaic installations" in Scopus, WebOfScience,
ScienceDirect and IEEE. From the first search, the most relevant articles were selected, taking into
account their introduction and abstract parts. This selection was made in order to gather the crucial
information for the purpose of this work, which is none other than to explain the general concept of
digital twin and its main uses. The second search was performed to gather as much information as
possible about the application of the digital twin technology that most interests this research, which
is the implementation of such technology in a photovoltaic installation. From this second search very
few articles were found (9, to be precise), so it is intended to consider all of them.
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2.2. Methodology

For further explanation, the literature review method will be divided into three steps: collection,
filtering and classification.

Step 1: This first step consists of collecting the literature published in the last three years, from
January 2020 to June 2023. Select databases such as Scopus, WebOfScience, IEEE Xplore and
ScienceDirect. The literature collection method was shown above. Search keywords to see if the topic
and content of the article are useful for the purpose of this research.

Step 2: To filter the literature collected during step 1, some crucial parts of the articles (abstract,
introduction and conclusion) are read. If these parts of the article contain information that shows
relevance to any topic related to this study, such as the definition of digital twins, types and
classification of digital twins and digital twins in PV installations; it is left for review, otherwise it is
rejected.

Step 3: Classification of the previously reviewed literature is performed by peer-reviewing each
article and summarizing common claims and similarities.

3. The Digital Twin (DT)

3.1. The Digital Twin concept

The digital twin concept was first formulated by Michael Grieves in 2003 at the University of
Michigan during a product lifecycle management class. Later, Helen Gill of the National Science
Foundation invented the concept of cyber-physical systems in 2006. [1]). After that, cyber-physical
systems received a higher level of attention than digital twins, which were not really addressed until
more recent years.

In 2017, for example, cyber-physical systems were defined as "a new trend in research work
related to the Internet of Things, in which physical systems act as sensors to collect information from
the real world and communicate it to computational modules to corresponding physical systems
through a feedback loop." [6], while in 2019 "cyber-physical systems are multidimensional, complex
systems that integrate the dynamic cyber and physical worlds." [7]. On the other hand, digital twins
were defined later, in 2020 it was said that "Digital twins (DT) are defined as simulation models that
are both obtaining data from the field and triggering actions in the hardware".

From these definitions, the differences between these systems are very clear. Although both
technologies interact between the physical and virtual worlds, they operate and are implemented
differently. While the digital twins optimize the operating state of a physical process by simulating a
virtual model [8] cyber-physical systems control the operation of a real-world entity by analyzing the
raw data collected from it by sensors and calculating instructions on a computer. We can also make
a differentiation based on components. The main elements that make up a cyber-physical model are
the sensing, network and control layers. Separately, the basic components that make up a digital twin
are the physical entities, the virtual models and the twin data. As can be seen, a digital twin requires
the construction of a virtual model, whereas in cyber-physical systems technology this is not
necessary.

As mentioned above, digital twins are mainly composed of three elements: the physical model,
the virtual model and the twin data.

3.2. Physical entities

Physical entities are the source of data for the twins and the basis for the construction of virtual
models. As objects of study, they are machines or devices that already exist, so their study is usually
neglected, although it is essential in the development of digital twins.

3.3. Virtual Model

The virtual model is the key element in the development of digital twin technologies. A virtual
model is a digitally mirror image of a physical entity. Therefore, to optimally achieve digital twin

doi:10.20944/preprints202401.1585.v1
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technology, it is vital to develop a true virtual model that matches the physical entities to a high
degree of detail. Currently, many methodologies for designing virtual models have been developed
and proposed.

For example, a concept of a multidimensional digital twin was proposed by [9]. This modeling
method provides a detailed description of the model composition and behavior and introduces the
TRIZ function model into the five-dimensional framework, which improves the digital twin
construction process. Another example would be the biomimicry-based digital twin proposed by Liu
et al. in 2021 [10]. This simulation model emulates physical entities mainly in three different aspects:
their geometry, their behavior and their environment. This model also includes adaptive features that
make it possible to synchronize the changes of the part during its operation.

3.4. Twin Data

Twin data is the connecting element between the real and digital worlds. The sources and
categories of twin data are diverse and, in general, can be divided into physical and virtual data [11].

Data acquired by capturing information with the help of different sensors during the working
time of a physical entity is called physical data. Virtual data, on the other hand, are generated during
the operation of a virtual model (usually in the cloud).

Since these two types of information have different formats, it is necessary to study and develop
data exchange protocols that adapt to both formats in any situation, and that can optimally link
physical and virtual data. On the other hand, the main problems in this field of research arise when
trying to find the appropriate data acquisition method and treatment process for each case.

4. Digital Twin applications

In this chapter of the article, some of the most promising and emerging applications of digital
twin technology are presented.

4.1. Digital twin in agriculture

The agronomy industry is full of demanding and complex tasks. First of all, agriculture is a field
where the outcome does not always have to do with parameters under human control: weather and
climate conditions, soil quality, etc. affect the outcome of the process in unpredictable ways. In
addition, it requires continuous monitoring and management of any situation that may occur at that
time: farmers must constantly assess and address situations such as pests, diseases, etc. All of the
above makes it a vital activity for human development, and most people are not willing to sacrifice
all this effort for the little reward it offers.

In this sense, digital twins seem a very interesting tool to apply in agriculture. The use of this
technology can help to monitor, control and optimize farm management. Thus, farmers can remotely
manage operations based on digital information, without relying on live operations such as manual
tasks or direct observation. This also allows them to take immediate action when necessary or
estimate the effects of interventions through virtual farm simulations based on real-world data [1].

For example, Verdouw et al. [12] proposed a conceptual framework for the design and
implementation of digital twins in agriculture. The work includes an implementation model based
on Internet of Things that runs in real time and is characterized by fidelity and complex intelligence.
It also includes a control model based on a similar system. This model allows farmers to monitor and
simulate the effects of interventions and remotely control tools using actuators [12]. Another example
involves the application of digital twin technology in potato harvesting. In this field, the parameters
used to program the harvesters by the operators are set taking into account data from the previous
year's harvest and the intuition and wisdom of the worker, so the effectiveness of the device depends
largely on the operator's experience. Kampker et al. [13] proposed a digital twin model for this
situation: a plastic replica of a potato that weighs and measures the same as the average real potato
on the farm incorporates sensors to detect collisions and possible damage to the product, so that the
system can act and prevent possible losses at harvest time. The data is analyzed and presented to the
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machine user on a real-time basis giving the operator the opportunity to adjust parameters and
increase productivity while ensuring the integrity of the potatoes [13].

4.2. Digital twin in power supply

Digital twin technologies can be used to increase productivity and reduce waste in any industrial
process, but especially in the food manufacturing industry, which could be of particular interest. The
food processing field needs answers to issues such as food safety and wholesomeness, sustainability,
climate change and changing consumer demands. The use of digital twins makes it possible to
monitor, control and predict all these factors. The main aspect of food quality is freshness, which is
related to the environment in which the product is located and preserved. Since foods preserved at
low temperatures maintain moisture and freshness better, parameters such as temperature, humidity
or light appear as environmental factors that affect all the mentioned characteristics and that,
therefore, it is of great interest to keep under observation.

Monitoring these parameters with the help of synchronized sensors is the main data available to
reproduce the chemical decomposition of food in a virtual environment. The biochemical
degradation of molecules can be simulated because it is a known and mathematically described
process.

Verboven et al. [14] proposed a control method for food processing plants based on digital twins.
This project is composed of three main elements (as any digital twin model, as explained earlier in
this paper): food process operation (physical entity), virtual replica of the food process operation
(virtual model) and IoT platform (twin data). The IoT platform provides the framework and tools
needed to integrate sensor communication. The data collected by the sensors during the process is
used to drive the operation of the virtual model. The synchronized, real-time operation of both
processes (real and virtual) allows the process and production operation to be accurately controlled
[14].

4.3. Digital Twin in photovoltaic systems

In each of the sections we review articles that use Digital Twin (DT) technology in optimization
studies of the Maximum Power Point search, energy management in homes and power prediction,
i.e,, studies related to smart grids and the application of DT technology to photovoltaic installations.
As well as fault detection methods in distributed PV systems using DT.

4.3.1. Optimization of the search for the Maximum Power Point

This section compares the use of the Digital Twin (DT) for maximum power point tracking
(MPPT) in the article Digital Twin based Maximum Power Point Estimation for Photovoltaic Systems
Maximum and the article Power Point Tracker Controller for Solar Photovoltaic Based on
Reinforcement Learning Agent with a Digital Twin.

Photovoltaic cells have V-I characteristic curves that define their behavior under different
operating conditions. [15]. The maximum power point (MPP) is the product of the voltage at
maximum point (VMPP) and current at maximum point (IMPP) for which the power extracted from
the PV array is maximum (PMPP). The maximum power point varies continuously, as it depends on
factors such as the temperature of the solar cell and irradiance conditions [16].

4.3.1.1. Maximum Power Point (MPP) search

Maximum power point tracking (MPPT) algorithms are used in photovoltaic systems to
maximize the energy delivered by them, such tracking is basically performed by varying the useful
cycle value of a power converter [15]. There are a variety of maximum power point tracking
algorithms as shown in.[17] such as: perturb and observe, fuzzy logic based, artificial neural network
based, RCC (Ripple Correlation Control). [18], incremental conductance (INC) [19] among others. The
complexity of these algorithms varies according to the convergence speed of the MPP, the different
sensors used, the cost, etc.
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The (P&O) is widely used due to its simplicity of operation. [20]It consists in modifying the duty
cycle of a power converter (DC/DC) connected to the output of the photovoltaic string, with the
change of the duty cycle the current drawn from the photovoltaic array is modified, therefore the
power obtained is modified in relation to the modification of the duty cycle of the converter trigger
signal.

The perturb-and-observe algorithm is based on the following criterion: if the operating voltage,
Vpv of the PV array is perturbed in a certain direction and the power extracted from it increases it
means that the operating point has moved towards the MPP, therefore the operating voltage should
be perturbed in the same direction, otherwise if the power extracted from the PV array decreases, the
operating point has moved in the opposite direction of the location of the MPP, therefore the
operating voltage should be perturbed in the opposite direction to the one it had [20]. The PWM value
is the useful cycle value used to vary the voltage of the PV string, the algorithm compares the current
power with the previous one and based on that determines whether to continue applying the same
perturbation or it should be reversed in the next cycle [15].

At [21] reference is made that P&O algorithms require very low computational power, but have
disadvantages. One is the oscillation around the MPP point once it is reached, which is a loss of
efficiency, and the other is that a local minimum is reached instead of the global one [22,23] partial
shadow conditions (PSC). To solve these problems, one option is to reduce the step size, but this
implies that the algorithm tracks the MPP more slowly [24].

At [25] it is indicated that currently, no algorithm can accurately identify the complexity of the
shading condition and the resulting changes in the output of the PV power production system. In
that study, the gap between simulation results and actual results is intended to be decreased by
posing challenges to the practical application of MPPE algorithm. In PV systems, discrepancies in the
physical characteristics of PV strings are the main cause of the gap from simulated to real results. The
properties of PV strings can fluctuate drastically due to temperature, humidity, location or wear and
tear over time.

Many studies can be found on the development of modified and improved P&O control
algorithms. For example, several studies have been conducted to find suitable steps (Numan et al.
[26]), Méndez et al. [27] for example, compared the particle swarm optimization (PSO) and the
earthquake optimization algorithm (EOA) achieving higher energy efficiency. However, the
optimization algorithms require high computational resources to solve optimization problem [28].

Incremental conductance (InCond) algorithms track changes in voltage and current rather than
power. This makes IncCond algorithms faster and more accurate, but increases the computational
cost [21]. Li et al. [29] developed a variable step IncCond using a step size adjustment coefficient,
subsequently achieving fast response and better steady-state performance. But, IncCond algorithms
present the same behavioral problem with respect to oscillation around the MPP.

Artetxe et al [21] it is also mentioned that reinforcement learning (RL) has become a technique
that is gaining popularity for MPPT controllers, due to its resilience to environmental changes and
self-learning capability [30]. There are several types of RL agents that have been discussed previously.
Chou et al. [31]for example, compared a Q-table method (RL-QT) and a Q-network method (RL-QN),
where RL-QT demonstrated smaller oscillations and RL-QN achieving higher average power. Phant
et al. [32]chose to discuss the applicability of a DDPG agent, the one used in that work, compared to
a DON agent, comparing both, in addition, to a P&O. The DDPG works better under PSC conditions.
It extracts more power than the DON-based method and has the highest tracking speed, while being
the most efficient. The DDPG agent and its variant, Twin-Delayed control (TD3), were also used by
Nicola et al. [33].

The work developed in [21] presents a controller based on a DDPG agent that is combined with
a solar panel DT and DC/DC converter in its training. In this case, the RL algorithm (DDPG agent) is
not directly used as a controller, it helps to obtain a better performance of the controllers by providing
references of the control signals.
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To validate the efficiency of this control scheme, this paper compares and evaluates the RL
(DDPG) algorithm for MPPT control with more traditional P&O controller solutions, both in
simulation and actual implementation.

To carry out the study in [25] a Digital Twin is built for the PV system to estimate the Global
Maximum Power Point GMPP, since the point tracking algorithms (MPPT) cannot guarantee that the
GMPP is obtained. Thus seeking to eliminate or decrease the error between the real world and the
simulation environment by using an artificial environment (a neural network).

4.3.1.2. Digital Twin (DT) model

The DT model in Artetxe et al. [21] is based on mathematical equations that characterize the
behavior of the PV panel. While in Wang et al. [25] the DT of the PV module string consists of a
database of real values, the analytical model in MATLAB/Simulink and a neural network. In the
following, the DT model proposed by both studies is detailed.

In Artetxe et al [21] it is discussed that the use of DT allows to accelerate the learning process,
allows the abstraction of weather conditions and simulating any state, so that the control is more
robust. In addition, the maximum power can be used to complement the agent's reward function,
thus optimizing the entire learning process. The paper also mentions that, the use of DT reduces the
actual training time by 40.76% due to the higher speed of the simulations compared to the real system.

The characterization of the photovoltaic panel can be seen in Figure 1, in this article the single
diode model has been used. [34]as shown in Figure 1, which was used for its simplicity and accuracy
mentioned by the author of the article.

Figure 1. Electrical diagram of the single-diode model. Source: Maximum Power Point Tracker
Controller for Solar Photovoltaic Based on Reinforcement Learning Agent with a Digital Twin.

The equations obtained from the model in Figure 1 represent the mathematical equations of the
digital twin used in Artetxe et al. [21]. They represent the output current and voltage taking into
account the number of modules in parallel and in series.

The first step is to build a database with real values (xreal) by collecting the shading matrix of
real-world PV systems. Such a matrix is defined as a vectorized description of the shading condition
of a PV string according to. [35]. According to Wang et al. [25] the position of the global maximum
power point (GMPP) can be extrapolated from the shading matrix. At the same time, an analytical
model of the PV system is constructed in digital space (Matlab/Simulink) and an xmodel database is
generated [36]. [36]. The simulation-to-actual gap (the deviation between the inference results of xreal
and xmodel) is modeled through a neural network. To obtain the MPPE results, xreal is assigned to
be xmodel and the output is summed with the deviations obtained from the neural network, thus
obtaining the digital twin response which is the string voltage in the MPP (Vpv,set) (see Figure 2).
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Figure 2. Schematic diagram of the proposed MPPE system. Source: Digital Twin based Maximum
Power Point Estimation for Photovoltaic Systems.

4.3.1.3. Simulation

In Artetxe et al [21] reinforcement learning (RL) was used with the DDPG agent which is
described in the paper in great detail and is described below as written in that paper. In contrast, in
Wang et al. [25] only mentions that a neural network was used without providing more detail.

The control variable manipulated in MPPT control is the duty cycle of the converter. Therefore,
the use of a continuous action and state space is more appropriate. Among the algorithms that handle
continuous action and state spaces, the deep deterministic policy gradient (DDPG) is the most
common. DDPG is a type of reinforcement learning algorithm that combines ideas from both deep
learning and policy gradient methods [37]. DDPG is particularly suitable for continuous control
problems where the action space is continuous and high-dimensional. DDPG is an out-of-policy
algorithm, which means that it learns from a separate set of experiences called an experience buffer,
rather than directly from the agent's current interactions with the environment. This provides the
algorithm with efficient learning and improved stability.

Both papers use the MATLAB/Simulink environment to carry out the simulations of their DT
models. In the paper by Artetxe et al. [21] does not stop with just simulating the DT response, but
they also simulate the real system response using MicroLabBox DS1202 for this purpose. This is a
multipurpose rapid control prototyping system, a comprehensive platform that is designed for
laboratory use specifically and can also produce analog, digital and PWM signals. In addition, it
supports real-time interface (RTI), is a fast and automatic C-code generation platform, so designers
only need to focus on the Simulink interface.

Simulation, training and design in Artetxe et al. [21] was performed in Matlab 2022b and
Simulink with the RL toolbox. Windows 10 Enterprise operating system version 1809 was used. The
code was compiled and uploaded by Matlab in C++ for subsequent loading on the MicroLabBox
DS1202. Through the dSapce Controldesk software, real-time experiment data acquisition was
performed and imported into Matlab for data processing and visualization.

To carry out the training (see Figure 3), the environmental conditions (irradiance and
temperature), power output and duty cycle are sent to the controller as state space. The reward
function used in the implementation of the reward function used the highest power outputs and
positive changes in power. In addition, it will compare the power with the maximum obtained in the
DT under the same conditions, in order to improve the training efficiency.
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Figure 3. Block diagram of the simulation (training of the RL DDPG agent) with Digital Twin. Source:
Maximum Power Point Tracker Controller for Solar Photovoltaic Based on Reinforcement Learning
Agent with a Digital Twin.

Two simulations were performed, the trained DDPG agent was tested in different temperature
and irradiance conditions. First with a fixed temperature and different irradiance and then simulating
different temperatures at a fixed irradiance. Thus, the effect of these variables on the maximum power
offered by the panel was observed. Comparing in this way the response of the DDPG agent and that
of a Perturb and Observe (P&O) controller with a fixed step size and observing if there is an
improvement in the MPPT. In all cases the simulations were performed with a fixed resistance in the
DC/DC converter.

The simulation carried out in the paper Wang et al. [25] is performed with MATLAB/Simulink
to evaluate the proposed MPPE approach, which was described in the digital twin model section. In
this case by not using mathematical equations in their DT model and by referring in the article to the
panel specification table it is understood that the MATLAB/Simulink Electrical solar panel block has
been used.

4.3.1.4. Test in real environment

In Artetxe et al [21] MicroLabBox DS1202 was used to generate the PWM control signal with the
appropriate duty cycle according to the RL algorithm (DDPG agent), to make the PV module work
atits MPP. It is mentioned in Wang et al. [25] that in the PV strings they have taken data of the current,
voltage and atmospheric conditions for five days, to verify that with the DT model proposed by them
(making the PV string work at the PV string voltage obtained as the DT response at the GMPP point)
they manage to decrease the gap between the simulated and real results.

For the real environment test of the study by Artetxe et al. [21] a Peimar SG340P polycrystalline
solar panel together with a TEP-192 boost converter is used. Irradiance and temperature were
measured using a Meteo Control Si-V-010-T irradiance sensor. The PWM signal was generated using
the MicroLabBox DS1202 hardware from dSPACE. The circuit was closed with variable resistors
(BK8500) acting as an adjustable load to realize different experimental scenarios. Figure 4 shows a
diagram of the hardware and connections between the elements.
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Figure 4. Hardware implementation scheme. Source: Maximum Power Point Tracker Controller for
Solar Photovoltaic Based on Reinforcement Learning Agent with a Digital Twin.

In Wang et al. [25] the model of the PV panel is not specified, only the characteristic table with
the panel data under STC conditions is given. For the real environment test, a string of three and five
PV modules were studied separately to obtain data under different environmental conditions. Real-
time data were collected for five days from the panel strings using the PROVA PV system analyzer.
The analyzer captures I-V data as well as atmospheric information.

4.3.1.5 Results

In the work of Artetxe et al. [21] it is proved that the P&O needs more time to reach the same
point as with the DDPG. The DDPG controller acts faster compared to the P&O because the only
limiting factor on how fast the MPP is reached is the DC/DC converter itself after receiving the PWM
signal. All this can be seen in Figure 5 and 6 which are the simulation results at constant temperature
and variable irradiance and under constant irradiance and variable temperature, respectively.

Maximum power tracking with DDPG and P&O in constant temperature and variable irradiance

—P&0
DDPG Agent|

300

0 D:S 1 1‘5 2‘ 2'5 f‘i 3.‘5 :3

Time [s]
Figure 5. Peak power tracking with DDPG and P&O under constant temperature and variable
irradiance. Source: Maximum Power Point Tracker Controller for Solar Photovoltaic Based on
Reinforcement Learning Agent with a Digital Twin.
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Maxaigéup power tracking with DDPG and P&O in constant irradiation and variable temperature
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Figure 6. Maximum power tracking with DDPG and P&O under constant irradiance and varia-ble
temperature. Source: Maximum Power Point Tracker Controller for Solar Photo-voltaic Based on
Reinforcement Learning Agent with a Digital Twin.

In the real environment, tests were performed with different irradiance and temperature
conditions, as in the simulations. To make the comparison in the solar panel, the controllers are
operated one after the other in a short period of time so that the irradiance and temperature
conditions are as uniform as possible.

It should be noted that the two controllers achieve a different MPP, although they are very close.
This is because, although the two controllers have been run one after the other in short period of time
the irradiance during the whole experiment was constant, which results in a small change in the MPP
value.

The improvement of the DDPG in terms of speed and efficiency in the simulated tests and those
carried out in real environment, the 51.45% efficiency improvement obtained by the DDPG with
respect to the P&O stands out from these data. Artetxe et al [21] compares their work with other
similar works such as. [32] Phant et al. where two similar simulations were carried out, obtaining an
efficiency of 0.96% compared to the 8.59% obtained in [21]. In this other work the simulation with
constant irradiation and temperature variation obtained an efficiency of 2.74% while in Artetxe et al.
[21] an efficiency of 10.45% was achieved. He makes another comparison with another work that also
used neural networks, where the authors. [38] compared their incremental method with a
conventional P&O in simulation. Obtaining an efficiency improvement of 5.2% with respect to a
conventional P&O, reaching an improvement of 10.45% in Artetxe et al. [21].

A significant improvement is obtained with the proposed method, being 4% and 5% the
estimated error between the simulation model and the real world, respectively.

It can be said that in Artetxe et al. [21] focuses their study on finding the MPP for a panel, in
contrast in the study of Wang et al. [25] does it for a string of photovoltaic panels searching for the
GMPPT. But both studies contribute to the field of research in advancing MPPT algorithms by
incorporating digital twin technology and neural networks. Providing improved performance
compared to current MPPT algorithms and decreasing the gap between simulated and real results.

In Artetxe et al [21] RL (DDPG agent) with a DT was used as the MPPT method of a solar PV
panel, comparing the results with the P&O controller. First, the simulation of the proposed study was
performed and then tested in a real environment. After the tests performed, it can be concluded that
the performance of the DDPG is better in finding the MPP in different environmental conditions in
both simulated and real tests. It reaches the desired power in a shorter time, as it is only limited by
the slow dynamics of the converter. In addition, it does not show any oscillation when reaching the
MPP value as the P&O does.

Although the results are promising, Artetxe et al. [21] states that more studies and tests are
needed to validate the effectiveness of the DDPG agent under different conditions, such as partial
shade condition (PSC). It should be noted that weather dependence is a problem, it is not possible to
recreate scenarios in which it is possible to study how best to improve the response of the controllers,
as could be achieved in a controlled environment.
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Artetxe et al [21] mentions that it would be interesting to explore the possibility of combining
reinforcement learning techniques or the use of digital twins with other control optimization
methods, such as feedback control or model predictive control. In addition, it would be valuable to
test reinforcement learning control with an array of solar PV panels to examine its performance in a
more complex system.

In this article by Wang et al. [25], they study the MPPE approach based on digital twins t states
that the work done shows that the use of digital twin to estimate the GMPP can close the gap between
simulation and real. And that the proposed method improved the estimation performance and shows
a promising application for GMPPT system. Table 1 shows a summary of what we have seen in this

point.
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4.3.2. Power prediction

Renewable technologies are currently growing rapidly and becoming increasingly efficient and
competitive and are at the heart of the energy transition. Renewable energy forecasting enables
efficient management of renewable energy. With the increasing adoption of renewable energy and
the ongoing reforms in the energy market, the implementation of Al Grid technology (also the terms,
smart grid (SG), smart grid, smart grid, intelligrid, Futuregrid, intergrid or intragrid) has become a
prominent trend in the development of energy systems and is an improvement of the 20th century
power grid. [39].

In this section we review the article by Wang et al. [40] regarding the use of DT, for energy
forecasting in wind and photovoltaic systems. As the subject of this article is photovoltaic systems,
only the study of the photovoltaic system will be discussed.

In Wang et al. [40] a digital twin power forecasting platform for Al Grid is proposed. [10]. That
starting from historical power load data and weather conditions. [40] the platform predicts wind and
PV power generation for a given date. Thus providing a platform that offers support to end
consumers in the electricity market when making consumption decisions, allowing a better
management of the electricity system.

Ultimately, the work in Wang et al. [40] consisted of the creation of a real PV and wind power
generation database through Elia Open Renewable Energy Generation (Elia Transmission Belgium
operates the electricity transmission network in Belgium), the development of the load power
forecasting model, and finally the visualization through the DT module.
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In the work of [41] two complementary approaches for energy prediction of a solar panel are
presented. These approaches are carried out using the object-oriented modeling language Modelica
and the long-term memory model (LSTM).

4.3.2.1. Digital Twin (DT) model

The work in Wang et al. [40] presents a digital twin power forecasting platform for AI Grids,
using DT model to create a realistic simulation environment on par with accurate forecasting of wind
and PV loads.

The DT model proposed in this work consists of creating a 3D model of the PV plant (data
collection and creation of the 3D digital twin) and an intuitive interface with the prediction results.
Periodically, polling requests are sent to the server to update the view in real time.

In 3D digital space, a real photovoltaic plant is modeled as a research scenario with the SDSMAX
program. At the same time using Blender 3.4 to have a more refined model.

The platform developed for the visualization of the DT updates the data and graphs of the
interface in real time. It is a very intuitive platform that allows selecting the desired forecast date and
visualizing the predicted results, see Figure 7. This platform allows data analysis and forecasting,
contributing to an improvement in the management and optimization of PV power generation plants.

At [41] the DT approach using Modelica consists of physical-numeric model, based on
mathematical equations representing the behavior of the solar panel. And the second approach is
based on machine learning algorithm (LSTM), which is trained with historical data of temperature,
irradiance and energy production.

Al Power Visual Interface & 17-28C  2023-04-13 13:21:18

INumber of ondine generators

1 Flanders estimated power

Flight

1 Wallen estimated power -
| Estimated power generation

Wind Power Details Light Power Details

A,

Figure 7. DT visualization platform. Source: The Wind and Photovoltaic Power Forecasting Method
Based on Digital Twins.

For the data update in the digital twin platform, the server periodically sends the updated data
retrieved from the cloud, with those of the WPNet model results sent by the local server to the cloud.

4.3.2.2. Simulation

From the literature review in Wang et al. [40] Regarding power forecasting models in
photovoltaic systems. [42,43] it is concluded that the best results were obtained with the deep learning
approach. Furthermore, it is concluded that most of the current deep learning algorithms are used to
predict power loads of nonrenewable energy sources [44—47]. And that the research related to
prediction of renewable energy based on meteorological data is scarce, therefore, in this study, the
WPNet model based on deep learning is developed. Such a model has first the data processing layer,
another GRU layer, and finally the Dense layer.
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The power generated by a photovoltaic installation is determined mainly by irradiance and
temperature. Current prediction models do not provide accurate forecasts of environmental
conditions.

In Wang et al. [40] over eighteen thousand PV generation log data and weather conditions from
the year 2021 to the year 2023 from the Belgian regions of Flanders and Wallonia were used. The data
was taken from Elia Open Renewable Energy Generation and a filtered real PV load power database
was built with the data in order to make the forecast. The data used are, PV power, wind power and
generation impact factor. On the other hand, meteorological data are taken from Brussels.

As mentioned above, the WPNet model was used to carry out the prediction model. The metrics
used to evaluate this method were the mean square error (MSE), the absolute mean square error
(MAE) and the root mean square error (RMSE).

Simulation of the two approaches proposed in [41] is performed in the Modelica simulation
environment.

4.3.2.3. Results

In the simulations performed in Wang et al. [40] the proposed WPNet model was compared with
other load power forecasting models including LSTM, CNN, Attention, and Transformer models.
The load power data and weather conditions were used as inputs for the simulation to obtain the
predicted load power values. The results obtained were that the model proposed in Wang et al. [40]
provides results with higher accuracy than the other models.

After filtering and processing the weather data, the WPNet model is used to predict the power
at different time intervals and these are sent to the digital twin model visualization platform.

Ultimately, this study achieved milestones through a digital twin-based approach for wind
power and PV power forecasting, but the limitations and therefore future lines of work in this study
will be the study of failure and scale changes in equipment, for more accurate renewable power
forecasting. Aiming to contribute to optimal smart grid operation and better planning decisions.

The results of the two approaches proposed in [41] show that the model's ability to predict the
hourly frequency during the day the worst model is LSTM, while for RMSE values the worst model
is the one based entirely on mathematical equations in Modelica. Table 2 shows a summary of what
we have seen in this point.
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4.3.3. Energy management in buildings

An important point in a microgrid is the balance between production and load, where the users
are involved in achieving this balance. [48]. For users to commit to shifting the load involves carrying
out various demand response schemes [49]. Price-based demand response is one of the main points
to be studied. Algorithms and automation technologies are also needed to schedule loads. There are
several research in this field as is the case of. [50] y [51] where household energy use scheduling and
energy management scheduling of different loads are studied, respectively.

In the article under review here, Yuan et al. [52], user preferences are taken into account at the
time of load scheduling as in. [53-55]. In Yuan et al. [52] the uncertainty associated with solar
irradiance has been taken into account unlike in the paper by. [56] where a residential load
management system was proposed using distributed generation sources.

In Yuan et al. [52] the RL algorithm was used to perform several simulations to schedule loads
with the lowest daily cost of electricity, efficiently utilizing PV and grid-sourced energy by taking
into account the user's load operation preferences. The paper provides a mathematical formulation,
the use of the Beta probability density function to model the uncertainty of PV production and the
development of an algorithm using Digital Twin model, to minimize energy bills by including
renewable energy resources for load scheduling.

The purpose of the study by Al-Isawi et al. [57] is to seek the balance between energy generation
and demand in buildings with an innovative approach in creating DT from solar PV energy
production. The PV system under study is a two-panel PV system located on the rooftop of the
renewable energy research laboratory at the University of Sharjah. Power production predictions are
made 15 minutes in advance using the LSTM network. As well as, an application with MATLAB APP
Designer to visualize the performance of the Digital Twin allowing the anticipation of energy
imbalances.

4.3.3.1. Digital Twin (DT) model

The DT approach proposed in [52] consists of a multi-layer framework for processing and
collecting information with a bidirectional flow, thus differentiating itself from centralized
processing methods as in. [58,59]. The suggested multilayer method, which is explained below, from.
[52] is sought to reduce the peak power demand, a rate optimization and the configuration of the
central power control parameters of the upper layer of the suggested DT.

The upper layer is called the Electrical Digital Twin (EDT), which represents the electrical control
center. In this layer the central controller adjusts the billing after receiving consumption data from
the lower layer.

The lower layer of the DT of each smart home is referred to in this article as the Home Hk Digital
Twin (HDTX). In this layer, the local controller of the smart home collects information and data from
the upper layer of the Digital Twin (EDT) and the devices in the home, representing with this
information a digital replica of the behavior of the devices in the home. Taking into account the user's
preferences and the expected energy price, the aim is to improve the energy consumption patterns of
the replicas of electrical devices. The data that is collected to create the replica of the devices in the
home is done through the IoT, in this way the hourly energy consumption is known. And if this data
reading is not possible, as mentioned in the article, the information from the datasheet of the device
is used, obtaining what they call the nominal energy use.

In a neighborhood, each HDT in each home estimates the periods of best consumption of each
device based on the user's consumption habits and preferences.
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The model of the DT of the photovoltaic installation studied in [57], two 335 W panels placed in
series were carried out with renewable energy block diagram, MATLAB/Simulink Simscape
Electrical.

4.3.3.2. Simulation

In order to integrate photovoltaics into the load scheduling, a stochastic model is created due to
the unpredictable nature of solar radiation. The implementation of the Beta distribution function
(Beta PDF) has been chosen based on previous data collected over a year studying hourly solar
radiation, in order to capture the random behavior of this resource [60]. PV modules generate power
as a function of solar radiation, ambient temperature, and module characteristics. Using the
associated PDF Beta, the solar irradiance for a specific hour is determined. The photovoltaic power
output (PS) of the item under review here is obtained as a function of the estimated irradiance and
using mathematical equations. This power is used for load scheduling with distributed generation
(DG).

The mathematical model they provide to solve the LCP load scheduling problem aims to
minimize the economic cost of total electricity in a day taking into account the degree of user
inconvenience due to load operation delay. The problem formulation is posed for both the case of no
and n resources, such as photovoltaics, grids, wind turbines and energy storage.

In formulating the problem they took into account the number of loads in a household, the time
division of the day into 24 time periods (k =1, ..., 24), the load operation interval (start and end time
of load operation), the load operation duration, and the rated power in kW of the load. In addition,
they introduced the udc parameter to capture the degree of user inconvenience when there are
operating delays, such as in washing machine operation. A low udc value indicates comfort with the
delay, while a high udc value indicates the opposite, thus generating higher energy costs.

To carry out the simulations, an algorithm for the LCP is developed using DG, for a grid-
connected house with PV installation, data and performance specifications for each load. The
objective of the RL algorithm is to minimize the daily cost of electricity using two resources, PV and
grid, taking into account user preferences. The aim is to reduce the energy cost in each hour interval
of each day, for each type of resource.

In addition, the appliances are assigned preferences according to consumption priorities,
knowing which appliance the user accepts if there is a delay in its operation. We study and take into
account the energy use patterns that may exist in a neighborhood depending on the type of users, in
order to know, among other parameters, the peak hour of the highest consumption.

In Yuan et al. [52] several simulation tests were carried out evaluating and testing the flexibility
of the algorithm designed for the load scheduling problem (LCP) using RL both in the case of having
and not having DG, the results of these simulations are detailed in the results section.

At [57] long-term memory networks (LSTM) were used, with an irradiance and temperature
data period of two weeks (a part of the recorded historical data). Simulation of the dc power
generated every 15 minutes was carried out in MATLAB and Simulink.

4.3.3.3. Test in real environment

The work of Yuan et al. [52] was completely simulated, they have not performed any tests in the
real environment of the Digital Twin based algorithm.

For the test in real situation in [57] the rooftop installation of the renewable energy laboratory of
the University of Sharjah was used. The Profitest measuring device was used for receiving the data
of power, inclined global irradiance and module temperature every 15 minutes from the installation.
In addition, what is actually consumed in the laboratory was compared with what is generated by
the photovoltaic installation to obtain a variable to evaluate this difference. In this way, the
possibility of achieving NZEB buildings in the renewable energy laboratory was evaluated.
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4.3.3.4. Results

First they perform test with 6 loads, disregarding the PV power source in the simulation. The
loads were scheduled in a low energy price range. In the simulations different udc values were used
in order to study their effect, so that it was concluded that increasing the udc value, i.e. when comfort
is a priority and no delays in operation are accepted, this means a higher energy price.

Then a differential tariff is selected and 100 random loads are created with a load generator to
check and validate the results according to the udc values in terms of their operating schedule. The
operating intervals of the loads are randomized. Later in this paper they evaluate the results obtained
with those of the LA algorithm in [61] where the RL algorithm in Yuan et al. [52] presents a shorter
computational time.

The next scenario they simulate is to include the PV resource, the randomness of the solar
radiation is represented using the Beta distribution function, so that the RL algorithm learns at each
iteration. They perform the same procedure first with 6 loads and then with 100 random loads. In
such a scenario, the energy cost decreases, as well as the power consumption of the grid decreases.
In addition, the usage time using RL is higher as more actions are performed.

Another simulation scenario is the investigation of the efficiency of the suggested scheduling
algorithm using a small microgrid with residential scheduled and unscheduled devices, and also a
PV resource. Initially, the DG resource is not considered in the analysis.

Simulation is compared with the gray wolf optimization algorithm (GWOA). [[62], Ch. 72] with
residential loads with the proposed RL algorithm. A similar minimum price is obtained in the two
The GWOA algorithm requires more computational time and presents greater
difficulty when PV resources are present than the RL algorithm using the Beta probability density
function.

The results of [57] indicate that the power production forecast of the developed LSTM network
is reliable (R=0.99831). The balance between demand and consumption in the laboratory was studied

simulations.

and it was determined that the current installation does not cover the demand of the renewable
energy laboratory. Table 3 shows a summary of what we have seen in this point.

Table 3. Energy management in buildings.
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4.3.4. Fault detection in distributed photovoltaic systems

There are many articles that study how failures in photovoltaic installations affect performance
and safety, for example in [63,64]. Therefore, many other studies investigate the detection and
diagnosis of failures of different components in PV systems [65-67], such as solar panel breakage
(microcracks), solar cell or bypass diode breakage, wiring failures, potential induced degradation
(PID) and short circuit problems in power converters [68,69]. Work on the detection and classification
of faults in photovoltaic installations through artificial intelligence techniques has been increasing
[70-72]. And not all studies include a system for alerting the user when the fault occurs [70-72]. In
Yalgin et al.[73] it is referenced that DT technology is used for operation and maintenance in solar
power systems according to several studies. For the life cycle management of the solar plant. [74] Or
for the monitoring of decentralized renewable energy sources. [75].

This section compares the articles by Jain et al. [76], Hong et al. [77] and Yalgin et al.[73], in their
approach of using DT for fault diagnosis in a PV system.

In the article Jain et al. [76] mentioned that there is little research for fault diagnosis for a
complete PVECU (a PV panel together with a power converter). Implying that, hence the need for
their study, they carry out a digital twin approach for fault diagnosis for a distributed power
electronics-based PV system. For each PVECU a fault diagnosis is performed, the output of the digital
twin and the physical model is compared obtaining a residual vector whose values allow the
detection and identification of the fault. The proposed approach is tested in a real environment and
carried out in an FPGA to show the effectiveness of being able to detect up to ten different types of
faults and to distinguish whether they are faults in the photovoltaic panel, the power converter at the
panel level or electrical sensor faults. In short, the paper explains how a prototype source-level power
converter has been developed and designed to create a fault detection and identification system in a
distributed photovoltaic system.

A novel Deep Learning method is presented in Hong et al. [77] developed a PV fault detection
method using Digital Twin (DT) model, a convolutional mixer (ConvMixer) for fault classification.
And all this together with a long-range notification (LoRa) system. Using the Markov transition field
transform (MTF), 2D images with the simulated PV faults are generated and used as input to
ConvMixer. The PV system studied in this paper is a 49 kW grid-connected system at Chung Yuan
Christian University, Taoyuan, Taiwan.

The real-time simulation to verify the effectiveness of the proposed method of integrating DT
for fault detection and ConvMixer for calification together with the LoRoa notification system was
carried out with Opal-RT eMegasim (real-time digital simulator representing the real PV installation).

An innovative TD approach applied to photovoltaic installations mainly aimed at the operation
and maintenance of such installations is proposed. In Yalgin et al.[73] it is proposed to create the DT
of each component of the PV installation (PV panel, DC converter and final output power of the
system or power grid as mentioned in the article) and not a general DT model of the whole system.
Thus, seeking a better knowledge of the state of each component and an efficient fault detection. The
behavior of the PV system is predicted by training three different machine learning algorithms
(random forest regression, deep neural network regression and catboost regression) for it, thus being
able to detect component malfunction.

4.3.4.1. Digital Twin (DT) model

In all three papers, the DT model takes into account the meteorological conditions of
temperature and irradiance as inputs. In Jain et al. [76] and in Hong et al. [77] mathematical equations
are used to model the DT and consider the whole PV installation to which they do the DT, while the
third one, Yalcin et al.[73], uses a DT approach for each part of the PV installation. It should be
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differentiated that in the first one the simulation of the digital twin is done in MATLB/Simulink and
in the second one in Python. In contrast, the DT model proposed in Yalcin et al.[73] which consisted
of creating DT of each part of the photovoltaic installation (PV panel, DC converter and power grid)
uses the PV panel, converter and power grid blocks that come in MATLAB/Simulink Electrical. In
both cases the output of the real system is compared with the output of the digital system for fault
detection.

The DT model presented in Jain et al. [76] is represented by a set of equations modeling the
behavior of a PVECU having a four-switch step-down power electronic converter. For the choice of
such a converter they relied, among many others, on. [78] because it allows greater flexibility in the
number of panels in series with higher efficiency. The DT response according to temperature and
irradiance conditions contains information on the state of the power converter (power converter
inductor current and power converter capacitor voltage), the solar panel current and voltage at the
MPP point, as well as the sensor gains represented in an identity matrix. The paper further assures
that the solar panel current and voltage equations are within +5% error. The DT simulation is
performed in MATLAB/Simulink.

In Hong et al. [77] the DT model based on mathematical equations is used. [79] for PV fault
detection which is implemented in Python 3.7. They perform the PV fault detection by comparing the
PV power of the output dc array of the physical system and the digital system. In Hong et al. [77]
indicate that they consider that there is a fault when the difference of the dc power of the real PV
array and that of the DT is less than 0.5 % of the dc PV array power of the DT. The physical system is
implemented in Opal-RT, as will be explained in the real environment test section, the DT receives
the temperature and irradiance data through the data sent by Opal-RT and the user diagram protocol
(UDP). Once the fault is detected, the Python program uses the ConvMixer previously trained in
Matlab/Simulink for fault classification.

The DT approach for each component of the PV system (PV panel, DC converter and power
grid) in the work of Yalgin et al.[73] consists of creating a single platform on which to have all the
necessary information for the operation and maintenance of the grid-connected PV installation. The
proposed platform is developed on Docker (an open source platform that encapsulates applications
facilitating software development and deployment). They created a REST API for interaction with
the outside to receive irradiance and temperature data, as well as MATLAB/Simulink PV installation
data and prediction models. They use the skitlearn framework and keras for machine learning,
prediction or retraining commands are received through the Redis database. The Inlux DB database
is used to store the time series data. The DT approach proposed in Yalcin et al.[73] is visualized in
Grafana (a free software that allows the visualization of graphs from multiple sources such as Inlux
DB, etc.). The objective of the DT is that with the trained model it is possible to predict how each
component of the PV system would behave and to be able to compare with the real behavior, thus
being able to know if there is any deviation and possible failure in the installation. The failure signal
is sent to the user when there is a 20% difference between the response of the real twin and the digital
twin.

4.3.4.2. Simulation

Neural network models are trained in the simulation in order to differentiate the type of failure
occurring in Hong et al. [77] and Yalgin et al.[73], while in Jain et al. [76] a library is created with the
faults induced in the simulated PV system. In all three works MATLAB/Simulink was used to
perform the simulation and to be able to differentiate the type of failure. Of the works that used
neural networks, Hong et al. [77] presents an innovative method of their own developed for fault
identification. In contrast, in Yalgin et al.[73] 3 existing models were tested to determine which one
provides the best result. The study by Hong et al. [77] and Yalgin et al.[73] was fully simulated, to
give a closer approach to the real environment in Hong et al. [77] the real-time digital simulator Opal-
RT eMegasim was used.

The methodology for detecting failures proposed in Jain et al. [76] involves digitally comparing
the real-time physical system output with the DT output (the real system output values are subtracted


https://doi.org/10.20944/preprints202401.1585.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 January 2024 doi:10.20944/preprints202401.1585.v1

20

from the DT output values), so that when there are no faults both outputs are the same, thus
generating an error vector. In order to put all this into practice and to be able to differentiate the type
of fault that can occur in the PVECU, they use the MATLAB/Simulink electrical circuit simulation
toolbox to study and create a fault library, according to the responses of the DT to the faults induced
in the simulation. In the study by Jain et al. [76] neural networks are not used. In MATLAB/Simulink
simulations they simulated different types of faults and observed the responses of the DT. So that it
could be observed that each type of fault evolves and takes a different direction in space, thus being
able to create a library with 16 different types of faults, related to solar panel, converter and sensor.
To test the fault detection and diagnosis approach, a PV system is simulated with two PVECUs
connected in series, each with its own control and monitoring system. The simulation shows good
results so the next step they perform is testing in a real environment.

A new Deep Learnig method is presented in Hong et al. [77], convolutional mixer (ConvMixer),
which receives dc PV power output data from the array in the form of 2D images, such data-to-image
transformation is performed by Markov transition field transform (MTF). They mention in [77] that
such a method adapts and learns quickly under changing conditions. One convolution layer is used
to position the images in space and the other for the channel information to be mixed. The results of
the PV power value at the output of the DC converter in the PV fault simulation in
MATLAB/Simulink were input to the MTF which converts them into 2D images. After having the 2D
images they feed them into the ConvMixer for training. So the ConMixer is trained in
Matlab/Simulink to be able to classify the faults.

ConvMixer training in Hong et al. [77] was performed in MATLAB/Simulink in order to simulate
and detect line-to-line, panel open-circuit, panel short-circuit, open string, shorted string, and partial
shading faults. The power value of the PV array after the converter was used to create 2D images
with the MTF and then use those images to input to the ConvMixer and train it. The PV system under
study. [77]was implemented in Opal-RT and MATLAB/Simulink (version 2018a). So that a real-time
simulation was carried out for the diagnosis, classification and fault reporting of the installation
under study. As already mentioned in the Digital Twin model section, they create in the Python
program the DT model of the photovoltaic installation to be studied, which receives through UDP
communication with the physical model the data of temperature, irradiance and power output of the
photovoltaic array in DC to make the comparison and to be able to detect possible in the installation.
Then, with the ConvMixer trained in MATLAB/Simulink and loaded in the Python program, the
faults are classified. Once classified the faults are sent to the LoRa gateway and from there they are
sent to NodeRed (programming tool that allows the connection of hardware devices, online services
and APIs in real time) and from there it is connected to IFTT (web service to program as to create
actions for the automation of different actions and tasks online), for the fault notification to the user.

In the research of Yalcin et al.[73] three different machine learning (ML) algorithms were used.
Since our data are nonlinear and based on time series, linear models would not work well, so they
were eliminated. These three regression models are Deep Neural Networks (DNN), Random Forest
(RF) and CatBoost. In Yalgin et al.[73] created the MATLAB/Simulink PV installation plant, in order
to train the ML models. First, meteorological data for several years were obtained from PVGIS and
then part of them are used in the simulation of the PV installation, thus obtaining the experimental
data to train the ML models. Since, as mentioned in the article itself, data from a real installation was
not available and they had to use the model data in MATLAB/Simulink as if it were a real installation
in order to train the ML models. At each step they built containers with Docker, these being Influx
DB, ML, Redis, FastAPI and Grafana.

4.3.4.3. Test in real environment

The test in real environment in Jain et al. [76] was carried out using the dc converter designed
and developed in that work, where all the simulated fault detection and identification logic, as well
as the library created in the simulation, is loaded into an FPGA. In Hong et al. [77] a hardware
emulator of the PV plant was used in the laboratory (Opal-RT), so it itself is not carried out in
authentic real environment. The study by Yal¢in et al.[73] was fully simulated.
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On the roof of a building on the campus of the National University of Singapore, they used a 260
W photovoltaic panel to which the 120 mm x 100 mm prototype was connected on its backside for
testing in a real-world environment. The 300 W step-down converter-booster prototype was realized
on the Artix-7 FPGA. A weather station was used to receive temperature and irradiance data. The DT
model, the fault detection and identification methodology, as well as the fault library that was
developed were implemented on the Artix-7 FPGA. In addition, they included the tracking of the
MPP of the solar panel according to. [80]in the control logic.

In Hong et al. [77] the grid-connected PV system at Chung Yuan Christian University, Taoyuan,
Taiwan was the object of study. But no tests were conducted in the real installation environment, all
measurements and tests to demonstrate the effectiveness of the proposed fault classification detection
study were carried out through Opal-RT together with MATLAB/Simulink.

The study by Yalcin et al.[73] was fully simulated as indicated in the article itself.

4.3.4.4. Results

In the real environment, the different types of faults that had been recorded in the fault library
were tested, taking into account that the prototype fault detection and identification either in the PV
panel, the converter or in the sensors (panel current, panel voltage and converter inductor current
sensors), can only be done for the faults found in that library. The detection time for PV panel faults
is the longest and the shortest detection time was due to sensor faults. In Jain et al. [76] a comparative
table with other works is presented. The main conclusions they draw from that comparison is that
the other works do not have a general application approach as it is in the case of Jain et al. [76] which
can be applied to other energy conversion systems. And that the ability to detect and identify
failures up to the date of the study (January 2020) no other studies have achieved. [81-84]. They
further mention that such a DT model proposed in Jain et al. [76] is applicable to other energy
systems.

With the simulation results of Hong et al. [77] showed that their proposed ConvMixer method
for classifying faults in PV installations performs better than the random forest, the decision tree, as
well as other CNN-based methods. In addition, it is highlighted that the computational cost of the
proposed method compared to the other CNN methods is lower (ConvMixer training time required
30,057 min). In that paper, they mention that the proposed method is much better than the
multivariate statistical technique proposed in Fadhel et al. (2019). Moreover, the obtained results
show in the fault classification very good results in general (97.00 % in the accuracy tests), mentioning
that there is a small confusion in the line-to-line faults and open-circuit faults in the panel, but that
this does not influence in overall performance of the proposed model.

The simulation results of Yal¢in et al.[73] in Matlab/Simulink of a 150 kW power PV plant were
obtained the values of root mean square error (RMSE) and mean absolute error (MAE) for each ML
model and for each part of the PV system or for each DT created, i.e., for the solar panel, the DC
converter and the power grid. In the case of the PV panel, the performance of the panel is studied
according to weather conditions. The deep regression neural network (DNN) model presents the
lowest and the catboost the highest error in prediction. For the DC-DC converter taking into account
the difficulty of modeling by ML models, the Random Forest (RF) model presented the best results,
while in the case of DNN it was the opposite. For the part corresponding to the electrical network the
inputs were the outputs of the DC converter, evaluating the output power of the system they obtained
that the three methods are very good and had practically the same RMSE and MAE values. But in the
latter case they chose the catboost, since they used the size, speed and complexity of the model as
criteria. Table 4 shows a summary of what we have seen in this point.

doi:10.20944/preprints202401.1585.v1
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4.4. Other applications

In addition to these specific application examples, digital twin technology is also used in more
diverse and peculiar fields, although research in these areas is somewhat scarce at present.

Other application examples could be the use for indoor security management, such as the one
proposed by Liu et al. In this model, an indoor security management framework that leverages
Building Information Management (BIM) is proposed. It also integrates technologies such as Internet
of Things (IoT). Indoor performance is monitored in real time with IoT sensors and reproduced in a
3D geometric model generated with BIM (Z. Liu et al., 2020). It can also be used to assist in supply
chain management (Marmolejo-Saucedo, 2020) or mineral resource procurement (Dli et al., 2020).
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