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Abstract: Renewable energy-based power generation technologies are becoming more and more
popular since they represent alternative solutions to the recent economic and environmental problems
that modern society is facing. In this sense, the most widely spread applications for renewable energy
generation are the solar photovoltaic and wind generation. Once installed, typically outside, the wind
generators and photovoltaic panels suffer the environmental effects due to the weather conditions
in the geographical location where they are placed. This situation, along with the normal operation
of the systems, cause failures in their components, and on some occasions such problems could be
difficult to identify and hence to fix. Thus, there are generated energy production stops bringing as
consequence economical losses for investors. Therefore, it is important to develop strategies, schemes,
and techniques that allow to perform a proper identification of faults in systems that introduce
renewable generation, keeping energy production. In this work, an analysis of the most common
faults that appear in wind and photovoltaic generation systems is presented. Moreover, the main
techniques and strategies developed for the identification of such faults are discussed in order to
address the advantages, drawbacks, and trends in the field of detection and classification of specific
and combined faults. Due to the role played by wind and photovoltaic generation, this work aims
to serve as a guide to properly select a monitoring strategy for a more reliable and efficient power
grid. Additionally, this work will propose some prospective with views toward the existing areas of
opportunity, e.g., system improvements, lacks in the fault detection, and tendency techniques that
could be useful in solving them.

Keywords: fault conditions; fault diagnosis methodologies; photovoltaic systems; renewable energy
generation; wind turbines

1. Introduction

As the energy needs of the modern society have increased, the processes for power
generation have been forced to evolve. Thus, the idea of a centralized generation where the
sources and the loads are far from each other is less common every day, and new strategies
for distributed generation (DG) are preferred instead [1]. The concept of DG is possible, in
great measure, thanks to the development and inclusion of renewable generation sources
(RGS), such as solar photovoltaic (SPV) and wind power (WP) [2]. The inclusion of RGS
supposes some well-known benefits: reduction of pollution and greenhouse gases, utiliza-
tion of natural and unlimited energy sources, government incentives and subsidies, among
others; additionally, it has been reported the existence of some challenges and drawbacks
regarding the penetration of RGS being the principal inconvenient the high intermittence
in the generation process related with the variability of the sources like sunlight and wind.
Unfortunately, the variability of the natural resources is something that cannot be con-
trolled, and the only solution for dealing with it is the use energy storage systems and
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energy management systems that control how the energy is used. This way, if there is
surplus generation, it can be stored and used when the natural resource is unavailable, but
the energy is still required. The erratic nature of the weather conditions involves some
other issues like power factor reduction, overheating of transformers and feeders associated
with harmonic contamination, low power quality in the grid and so on [3–5]. Moreover,
and since the power generation with RGS is also a business, before installing any wind
farm or SPV plant, it is necessary to perform an analysis of applicable policies, location
restrictions, solar/wind resource potential, infrastructure, among others [6]. Finally, it must
be mentioned, that any system is prone to present faults either for an incorrect installation
procedure or for the normal effects of the operation and wear of the components. In order
to avoid financial losses and to guarantee a robust and reliable power supply for final users,
it is necessary to determine the state of operation of the whole generation system. This last
point plays a major role from both a technical and a scientific point of view. Therefore, a
big effort is put in the development of techniques and strategies for the identification of
faults in photovoltaic and wind generation systems.

In terms of SPV systems, a large amount of installed capacity was achieved during 2020
with an estimated power of 139 GW installed that year to reach a global estimated 760 GW
around the globe [7]. Although this amount seems to be high, it must be mentioned that it
represents only around the 1.7% of the global power generation [8]. However, the amount
of SPV installed power is expected to continue growing in a great measure because the
United Nations implemented the Sustainable Development Goals that, among other things,
aim to provide affordable and clean energy highly based in RGS, without compromising
the robustness and reliability of the power supply [9,10]. At this point, the techniques
and strategies for fault identification become of great importance to ensure this robustness
since they can detect an abnormal condition either for preventing or correcting any mal-
functioning. In the literature, there are several works that present different classifications
for the faults that may occur in a SPV system, with the most studied being the electrical
faults, the weather-related faults, and the panel faults [11]. Regarding the electrical faults,
they may be associated with problems in the connections or in the electrical components.
Typical examples of this classification are line-to-line faults, line-to-ground faults, open
circuit faults, arc faults, among others [12–14]. Another group in this classification can be
those faults related with the environmental and weather conditions, the partial shading
and dust accumulation being the main exponents of this set [15–17]. Finally, the faults that
are directly related with the photovoltaic panel are also a common classification. Here,
some of the most studied faults are damaged diodes, junction box fault, crack in protective
glass, hot spots and connector failures just to mention some [18–20]. What all these faults
have in common is that they directly affect the amount of energy that can be produced by
the SPV system. In all the cases, a faulty condition leads to a reduction in the generated
power, compromising the reliability of the system and, in some cases, producing financial
losses for the investors. Since the number of faults related with SPV systems is broad and
varies, it is important to count with a considerable number of techniques that allow to
identify the different types of faults regardless their nature or behavior.

Regarding to the WP generation systems, according to the Global Wind Energy Council
(GWEC) in their annual reports, in the last three years the use of WP generation systems
has growth significantly [21]. For instance, in 2019 the new wind power installations
added around 60.8 GW to reach an accumulative worldwide wind power capacity of
650 GW. Later, in 2020, the respective new wind power installations added almost 93 GW
to reach an accumulative global wind power capacity of about 743 GW, meaning a relative
growth of approximately 14% respect to the previous year [22]. Finally, in the last year,
2021, the new wind power installations added almost 94 GW to reach an accumulative
global wind power capacity of about 837 GW, meaning a relative growth of 12% respect
to previous year [23]. The above quantities and percentages indicate a rising in the use of
WP generation technologies, that are wide distributed around the globe [24], which can
be noticed by the new onshore and offshore installations [25–27]. The main technologies
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for WP generation must obey and accomplish the goals established by the 26th United
Nations Climate Change Conference of the Parties (COP26) in Glasgow and focused on
climate sustainability [28]. To this end, the generation system must be operating in optimal
conditions. However, several problems may occur of diverse nature [29]. For example,
some problems can be caused by environmental factors [30] like rain [31], humidity [32],
dust [33], high speed winds [34], low and high temperatures [35], etc. Additional problems
can be caused during installation, e.g., bad design, connection problems [36], geographical
restrictions [37], etc. Other problems are referred to the wind power system itself, here,
two main branches can be described: electrical and mechanical problems. Thus, from the
variety of problems above mentioned that can occur in the WP generation systems, the
electrical and mechanical are those on which this review is majorly focused on. Some
examples of the electrical faults are, for instance, short-circuit [38], converter faults [39],
line to ground fault [40], etc., whereas some examples of mechanical faults include gearbox
faults [41], rolling bearing faults [42], and blade faults [43], among others. Therefore,
the WP generation systems must be continuously monitored, and several investigations
have been performed with the purpose to develop methodologies capable to diagnose
the fault conditions present in them [44–49]. In summary, the presence of failures in the
WP generation systems depends on the type of technology (onshore or offshore) and the
elements that integrate the generation system. A more detailed explanation about frequent
faults and proposed solutions in the WP systems will be held further.

This work presents an extended overview of some critical concerns involved in the
process of renewable power generation based in the SPV and wind WP technologies that
directly impact on their system efficiency, as well as their maintenance costs. Therefore, a
detailed framework of the main elements that integrate the renewable power generation
systems (SPV or WP) is presented, highlighting those elements that are most frequently
studied in the state of the art and their related fault conditions, causes, and consequences.
Immediately after, the methodologies, techniques, and schemes that have been proposed
for detecting and diagnosing fault conditions in the power generation systems are de-
scribed. Here, a complete analysis of the base techniques adopted for the development of
the proposed approaches and the accuracy in the diagnosis of the fault conditions is carried
out. Additionally, a categorization of the methodologies reported is performed, providing
the guidelines on what techniques are better under certain system characteristics and for
the type of faults analyzed. Finally, an analysis and discussion are presented regarding the
trends in the fault diagnosis, new aspects that need to be addressed, proposed method-
ologies drawbacks, and some promising techniques that could be used for this task. In
summary, the review contribution focuses on five main topics: Section 2, (i) frequent fault
conditions present in the SPV systems, Section 3, (ii) current methodologies reported in
the literature for fault diagnosis of SPV systems, Section 4, (iii) frequent fault conditions
present in the WP generation systems, Section 5, (iv) current methodologies reported in
the literature for fault diagnosis of WP systems, and finally, Section 6, (v) prospective and
tendencies in the emerging methods for monitoring systems and fault diagnosis regarding
renewable power generation based on SPV and WTs.

2. Frequent Fault Conditions in SPV Generation Systems

As has been previously mentioned, the use of RGS supposes a series of advantages
and benefits and their use has been widely spread in order to attack some environmental
and economic issues related with power generation around the world. Among all the RGS
the SPV technology presents one of the biggest growth year by year [50]. This situation
is mainly explained because of the low cost associated with this type of generation [51],
the simplicity of installation and maintenance [52], the all-day availability [53], the high
number of National and state-level policies and subsidies [54,55], and so on. Additionally,
it has been reported that the use of SPV generation allows to reduce the emission of CO2
in 2.3 gigatons per year [56]. Thus, SPV generation is becoming an essential part of the
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new paradigm of the power generation process and, therefore, it is necessary to ensure the
proper operation of every element in the system.

It is well known that the operation principle of a SPV generation system is the photo-
electric effect, that allows to a semiconductor material to generate and electric current when
an electromagnetic radiation hits its surface [57–60]. Depending on how the generated
energy is used, a SPV system can work in two different modes: a grid tied mode, and an
islanding mode [61]. When a SPV system operates in the grid tied mode, the energy is
directly delivered to the main conventional power grid accomplishing the voltage, phase
and frequency established by the local standards [62]. On the other hand, the islanding
mode implies that the SPV system operates completely independent of the conventional
grid [63]. Since it has been mentioned that the power generation process is variable in a SPV
system because it depends on the amount of solar radiation that reaches the photovoltaic
panel, it is necessary to count with a backup for the moments when the generated power
is not enough for satisfying the load requirements. In the case of the grid tied mode, this
backup is provided by the conventional grid, whereas in the case of the islanding mode it is
necessary to install an energy storage system that may be constituted by batteries or capaci-
tors among other elements [64]. Therefore, the operation mode is an important factor to be
considered on the analysis of an RGS, because the components of the system are different
for both operation modes. In a grid tied system, the main components are the photovoltaic
panels and the power inverter that is the one in charge of converting the DC delivered by
photovoltaic panel into the AC with the criteria stablished by the conventional grid. Thus,
if a failure exists in the generation system it must be attached to one of these elements or to
the connections between them. On the other hand, for an islanding mode of operation, in
addition to the panels and the power inverter, a fault condition can appear in the energy
storage system or in the regulation system that is in charge of controlling the energy flow.
At this point, it is important to mention that from all the SPV installations worldwide,
around the 94% are grid tied and only the 6% operate in islanding mode [65]. This situation
is explained because the islanded SPV systems have been mainly used for electrifying rural
zones where that are not reached by the conventional grid, whereas grid tied systems now
are considered another generation plant just like the conventional ones. In this sense, most
of the literature focuses on the detection of faults in grid tied connected systems, because
they are more widespread and they are also seen as business where a fault may lead to
financial losses. Nevertheless and regardless the operation mode of the system, in terms
of what can be considered as a fault, all the authors agreed that it can be defined as any
condition that results in a loss of the expected output power [12,17]. When the state of fault
disappears by itself after a specific period, it is considered as a temporary fault. In contrast,
if the failure remains after an extended period it is addressed as a permanent fault [11].
Additionally, a permanent fault can be classified in terms of the severity and the point in
the lifetime of the system that occurs; in this sense they can be classified as early faults,
extrinsic faults and deterioration [14]. According with the reported literature, Figure 1
shows a classification that shows the main type of faults in SPV systems considering that
these faults can be due to environmental factors or a malfunctioning in any component of
the installation, but also taking into account the period in the lifecycle of the system where
the fault occurs and its severity. In this sense, Figure 1 shows a first level of classification
with temporary and permanent faults. In order to understand when a fault is considered
temporary and when permanent, five different criteria are selected: duration of the fault,
affected components, fault severity, affect on the output power, and possible causes of the
fault. Regarding the duration, a fault is considered to be temporary if it lasts from a few to
minutes to a couple of days. Furthermore, these faults are self-corrected or they require of
almost none human action to be corrected [16]. Notwithstanding, and to be fair, it must be
said that dust accumulation is a temporary fault that can lead to a high-severity fault in the
SPV panel if left unattended [66]. A permanent fault remains in the system and it cannot be
repaired by itself; it necessarily requires of the action of an expert and sometimes it cannot
be repaired at all [11]. In terms of the affected components, the temporary fault affects the
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electric generator, i.e., the SPV panel and its components, e.g., bypass diodes, or it can also
affect the power inverter if a maximum power point tracking is not implemented because,
in this case, the amount of delivered power could be improved despite de the presence of
unfavorable weather conditions. On its part, a permanent fault can also affect the SPV panel
and the power inverter, but it can also damage the cables, the supporting structures, the
grounding system and even the protections [17]. Speaking of fault severity, the temporary
conditions can intrinsically be classified as low severity faults, whereas the permanent
faults go from a medium to high since they are conditions that cannot be removed for
the system at sometimes [18]. Additionally, it must be mentioned that a temporary fault
never causes a complete outage of the production. Rather, it only can reduce the amount of
power delivered by the SPV system. On the other hand, when a permanent fault presents a
high severity, it can produce a complete interruption of the generated power [14]. Finally,
the temporary faults are primarily caused by environmental factors and the permanent
faults are caused by deterioration of the components, incorrect selection of the cables and
components, improper connections, and overvoltage or overcurrent coming from outside of
the SPV system [11]. Continuing with the fault classification, in the case of temporary faults,
they are due to cloud presence, partial shadowing, and dust accumulation. On the other
hand, the permanent faults can be early faults, extrinsic faults or deterioration depending
on when within the lifecycle of the system they occur, and they can be electrical faults or
panel related faults. Additionally, Table 1 summarizes the most common faults of every
category and provides a brief description of the fault. Table 1 also shows the different types
of faults, temporary and permanent, and it mentions every one of the faults that belong to
each of the categories describing the main characteristics of the fault and providing some
examples of how they are appreciated in an SPV system.
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Regarding Table 1, it is important to make some clarifications. For instance, all the
weather-related faults are considered temporary, because either a cloud or a partial shading
is a condition that appears only at a specific time during the day and then disappear. In the
case of dust accumulation, this is a situation that can be avoided or corrected by regularly
cleaning the panels. Therefore, if one of these situations becomes persistent, it can unchain
undesired effects that will result in different permanent damages. In this sense the dust
accumulation is the condition that requires the most care, because contrary to the general
thought, photovoltaic panels are not self-cleaning. Indeed, it is necessary to schedule
maintenance tasks that include the cleaning of the panel surface [72,82]. Otherwise, the
efficiency of the photovoltaic panel dramatically decreases and its operation temperature
increases causing hot spots and damage of the internal connections. Another important
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thing to be mentioned is that most of the early faults are related with fabrication defects of
any component, a deficient transporting method or an improper installation [83]. Therefore,
the faults that can occur at an early stage in the lifecycle of the system are practically
the same that can appear later due to deterioration. Finally, it is important to say that
the deterioration is a condition that starts at the right moment when the system starts
working [81]. However, the effects are negligible at the beginning as they gradually grow to
become unacceptable at the end of the lifecycle of the SPV system. All of the aforementioned
faults have distinctive characteristics that allow to identify their existence. Thus, several
strategies and methodologies have been implemented to properly identify them in order to
take actions to prevent catastrophic damages not only to the equipment, but to the health
and life of the people in the surroundings of the SPV system. In the next section, an analysis
of the different techniques applied for fault monitoring in SPV systems is presented.

Table 1. Common faults in SPV system and their description.

Temporary Faults (Weather Related)

Ref. Fault Description Common Examples

[67–69] Cloud presence This condition is presented when a cloud or a set of
cloud passes over the photovoltaic panels.

• Temporary loss of power

[70,71] Partial shadowing

The amount of light that reaches the photovoltaic panel
surface is not uniform because some external elements
like threes or buildings block the pass of the sun light
generating shadows in some parts of the panel.

• Temporary loss of power
• Temporary hot spots

[66,72,73] Dust accumulation

The dust suspended in the environment is dragged by
the wind and it is accumulated on the surface of the
photovoltaic panel blocking the light to reach the
photovoltaic cells.

• Temporary loss of power
• Temporary hot spots
• Corrosion of the

photovoltaic panel

Permanent Faults

Ref. Fault Description Common examples

[74–77] Early fault

Electrical

These are faults that appear early in the lifecycle of the
elements of the SPV system that affect the wires and
connections between devices or the elements in charge
of the energy conversion process like the power
inverter.

• Inverter faults
• Line to line fault
• Ground faults

Panel

These are faults that appear early in the lifecycle of the
photovoltaic panels. These faults are located only in the
photovoltaic generator and its components so the DC
generation process results affected.

• Junction box fault
• Bypass diode fault
• Cracked surface

[78,79] Extrinsic fault

Electrical

The extrinsic faults are considered the midterm
problems of the system. As in the case of early faults, an
electrical fault is mainly related with problems in the
wiring and connections of the system.

• Line to line fault
• Ground faults

Panel

In this case this term refers to faults that directly affect
the photovoltaic panel or any of its components but
considering that the fault occurs at the middle age of
the panel.

• Broken surface
• Bypass diode fault
• Hot spots

[80,81] Deterioration

Electrical

It is intended that every element in the SPV system will
decrease its efficiency and capacities as an effect of the
work they perform and aging. When this situation
affects the wiring and connections in the SPV system it
occurs an electrical fault bay deterioration.

• Inverter faults
• Line to line fault
• Ground faults

Panel

The semiconductor material that composes the
photovoltaic cells as well as the outer materials that
cover them tend to suffer a degradation over the time.
The materials that are mainly affected are the silicon
cell, the tempered glass cover, the aluminum frame and
the panel seals.

• Corrosion
• Discoloration
• Delamination
• Damaged seals

Finally, and to summarize the mains aspects of the operation conditions of SPV
systems, some key points are listed below [7]:
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• A total capacity of 942 GW of energy is produced with photovoltaic systems around
the world.

• The biggest producer of SPV energy is China with around the 31% of the global production.
• The production costs regarding SPV systems are reported to be an average of 0.33 US

dollar per watt-peak.
• Main maintenance actions are cleaning of the panel surface and revision of the connec-

tions and cables.

3. Current Methodologies for Fault Diagnosis in SPV Generation Systems

Every fault condition has different behaviors and characteristics that allow to differen-
tiate one among others. That is why several techniques and methodologies prove suitable
for identifying an abnormal condition right at the moment when it appears. A single
technique or methodology may be capable of detecting more than one fault condition in
a photovoltaic system. Therefore, different strategies are listed and described below for
addressing the fault that can be identified by application.

3.1. Techniques for Temporary Fault Identification

It is important to clarify that, in the case of the temporary faults, most of them are
inevitable. For instance, it is not possible to avoid the existence of cloudy days. In this
sense, most of the methodologies that are being developed for dealing with these types of
faults try to forecast the behavior of the sunlight at a specific location or to establish optimal
maintenance schedules for preventing long term faults associated with environmental
factors. Here, three categories of techniques for the weather-related loss of power will be
discussed: the solar forecasting methods, the optimal design methods, and the strategies
for dealing with dust accumulation

3.1.1. Solar Forecasting Methods

As the name suggests, the solar forecasting consists of trying to predict the amount of
sunlight that will be available at a specific location and at a specific time, and it is one of
the oldest efforts for dealing with the variability of the renewable energies like SPV [84].
There are two main typical solutions: those that deliver a mathematical model for the
prediction (model-based), and those that only receive a set of data as inputs and deliver
an output lacking an equation (data driven). The most common solution for performing
a solar forecast is the time series analysis that delivers either a value of the amount of
solar radiation or the power delivered by the SPV system at certain hour of the day. Here,
the statistical analysis is a very popular solution for finding the relationship between an
input and a time series output and for delivering a mathematical model explaining such
a relationship. In this sense, the use of simple linear regression models [85] and multiple
linear regression [86] provide simple solutions for this problem; notwithstanding that
the seasonal autoregressive integrated moving average (SARIMA) has proven to be more
effective and reliable [87]. In all these cases, the result is a mathematical expression that
predicts the behavior of the output, and it is adaptable to the month and season of the
year. Besides the statistical analysis, the use of the artificial intelligence (AI) techniques has
shown to deliver good results. Here, different configurations of artificial neural networks
(ANN) have been explored. For instance, in [88], a bi-directional long short-term memory
(Bi-LSTM) ANN is used for estimating the time series of the solar radiation in a region in
the south of China, whereas in [89] the authors propose a convolutional neural network
(CNN) for the same purpose. Unlike the statistical regression techniques that deliver a
mathematical model, an ANN only delivers a numerical response according to certain input
values, but an equation is not obtained. This last representation has become more popular
nowadays and techniques such as support vector machines (SVM) represent another option
for predicting the solar radiation in terms of different inputs. In this sense, in [90], it is
mentioned that the most used inputs for these types of methodologies are climatic variables,
e.g., air temperature, relative humidity, wind speed, pressure, among others. Although
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these methodologies allow the producers and users to be prepared to face the variability
of the solar radiation, this is a condition that cannot be avoided, and it is necessary to
count with backup systems that allow to save energy and use it when required. This
is still an active field where the AI and the machine learning approaches are becoming
especially relevant.

3.1.2. Optimal Design and Planification Methods

Many of the faults that appear in an SPV installation are generated by the operation
of the system. However, there are conditions that can be avoided if a proper planification
is performed before and during the startup of the generation farm. In this sense, the
implementation of procedures for risk assessment turns out to be a helpful tool. Since
the photovoltaic panels are located outside, there is a high probability of occurrence
for lightning events is high. Therefore, the authors in [91] address the importance of
implementing a lightning rod system along with a proper grounding mesh for preventing
the damages associated to the surges caused by lighting events. In that work, the authors
mention that there are two principal schemes for lightning rod systems: attached to the
structure and free-standing. The former considers that the structures where the panels
are mounted can work as a path for the flow of the lightning current and the last uses
a system separated from the mounting structures and directly connected to the ground.
Although both solutions are good for prevention, in a lightning rod attached to a structure,
the selection of the construction materials and the quality of connections play a major role.
On its part, a free-standing installation must consider a correct cable routing to minimize
the loop and, therefore, the induced voltages. Due to the importance of the design of
lighting and surge protection, in [92], a description and analysis of a method for the proper
selection of the components and the procedure for the correct connection of the components
are presented. A special attention is put in the best profile for the mounting structures and
in the cable selection. These types of works are relevant because the surges that come with
lightning events may cause severe damages to the bypass diodes, the power inverters, and
to the cable and connection elements of the SPV system.

On the other hand, partial shading is a detrimental condition that generates that
the cells that receive low solar radiation turn into loads that consume energy from the
non-shaded cells. This situation results in an increment of the cell temperature that causes
long-term damage if not attended. Therefore, it is important to detect this condition and
take action to diminish its detrimental effects. To overcome the partial shading condition, a
first solution consists in performing an optimal design of the system that minimizes the
zones that are affected by the shading and that maximizes the generated power. In this
regard, the optimization techniques, such as genetic algorithms (GA) [93], particle swarm
optimization (PSO) [94] and Markov chain models [95], deliver accurate results. These
methodologies consider different configurations of the SPV system by varying parameters
like connection among panels and by-pass diodes, orientation of the panels and their
location; the optimization technique evaluates the performance of each configuration and
deliver as output the system that is less affected by the partial shadow condition. The main
disadvantage with this design strategies is that they are passive, and the configuration can-
not be changed once installed. Thus, if the surroundings of the SPV systems are modified,
then the configuration may not be valid anymore. Therefore, some other authors propose
to use active reconfiguration strategies. A reconfiguration consists in changing some of
the parameters that define the SPV system, e.g., the connection among the photovoltaic
panels, the way by-pass diodes are connected, and the orientation of the photovoltaic panels
among others [96]. To perform this reconfiguration, a static or a dynamic approach can
be implemented. The static reconfiguration only changes the position of the photovoltaic
panels for relocating the shaded cells. With this relocation, the partial shading condition
does not disappear, but the affected cells are changed so the output power is maximized
and the damage in the cells is reduced. The most explored techniques for performing
this task are the puzzle arrangement-based techniques [97] that consider the complete
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photovoltaic panel as a series of matrices and the algorithm searches the matrix that less
affects the performance and orientates the panel so the shadow is directed to this specific
matrix. Another option for SPV system reconfiguration is a dynamic approach where some
switches are located at specific points in the system allowing to dynamically changing
the connection among panels. In this type of approach, the problem to solve consists of
selecting the proper location of the switches and determining the best interconnection
strategy for minimizing the effects of the partial shading condition [98]. It is intended that
if it is possible to install the SPV system in an open space where no object interfere with
the pass of the solar radiation it is the best option. However, this is not always possible,
and the aforementioned methodologies allow to reduce the risks of premature faults in the
photovoltaic system.

3.1.3. Strategies for Dust Accumulation

Dust is a mix of soil lifted, pollutants, and other solid tiny particles that are suspended
in the atmosphere and that are carried by the wind. When dust is deposited on the surface
of the SPV panel, a layer that blocks the pass of the solar radiation to the photovoltaic
cell is formed, generating the same effects as a partial shading condition. To prevent
damage associated with dust accumulation, there are two main strategies: techniques for
the detection of abnormal levels of dust, and techniques for SPV panel cleaning. Both
strategies normally cope with the forecasting techniques previously described, because
the prediction allows to know the expected output power and if the measured value
presents a high deviation from the expected one it is indicative that there is something
wrong in the system. Additionally, both approaches require the measure of certain physical
variables as solar radiation and cell temperature. However, the former uses the values of
the environmental data only for detecting when the output power is highly reduced by the
effect of dust accumulation. In this regard, the use of statistical analysis through multiple
linear regression analysis can properly detect when the levels of dust are not tolerable [99].
The main advantage of the statistical analysis is the simplicity of the implementation
and the obtaining of a mathematical model that describes the relationships among all the
variables. Notwithstanding, these techniques suffer when the relationship among variables
is nonlinear. To overcome this situation, again, the AI is a good alternative, and in [100],
the use of an ANN is proposed for characterizing, analyzing, and quantifying the level
and distribution of the dust accumulation in the surface of a SPV panel. An alternative
for identifying dust accumulation that does not require environmental variables consists
in using a camera for taking photographs of the SPV panel, and with the use of image
processing techniques, such as morphological transformations, it is possible to determine
whether the panel is clean or not [101]. Although this methodology delivers accurate
results, it is less preferred since the cameras are sensitive equipment that can be easily
damaged if they are outdoors.

Regarding the SPV panel cleaning, there have been developed different materials that
can be used as coats in SPV panels that allow a self-cleaning process. These are hydrophobic
materials that allow to prevent not only dust accumulation, but also the droplet formation
related with rain, snow, and ice [102,103]. It has been reported that the use of hydrophobic
materials helps to reach an improvement up to 25% in the performance of the system. The
main drawback of these coating materials is that they should be integrated since the panel
is built, increasing the complexity of fabrication and the production costs. Therefore, the
design and implementation of strategies for performing an automatic cleaning of regular
SPV panels remain preferred. An interesting solution is the use of electrodynamic devices
for dust cleaning [104]. These devices work along with a methodology for determining
the level of dust accumulation. When an undesired level of dust is reached, an electric
current is directed to the cleaning device generating dielectrophoresis forces that make
the dust in the vicinity flow up in the device leaving the panel; i.e., the device acts as
sort of a vacuum cleaner for SPV panels. Another option is the use of robotic arms [105]
or automatic brush systems [106] that are activated when it is detected that the output
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power is below a threshold. These machines implement a system that can provide water
and soap during the cleaning process resulting in a clean SPV panel. These devices are
somehow complex and high cost. Thus, the use of techniques that determine when the
dust accumulation is high and perform a manual cleaning of the panels is still preferred.

3.2. Fault Detection Based on Current-Voltage (I-V) Curves

Every SPV panel can be described by two characteristic curves: the current-voltage
(I-V) curve, and the power-voltage (P-V) curve. The I-V curve shows the relationship
between the current and the voltage delivered by a SPV panel at a specific value of solar
radiation, and it considers important values as the short circuit current (Isc) and the open
circuit voltage (VOC). On the other hand, the P-V curve shows how the output power of the
SPV panel are related. In this last curve it is possible to identify the point where the output
power is maximum (Pmax) and by combining both curves it is possible to find the current
and voltage at the point of maximum power (Imp and Vmp respectively). All these values
are different from one panel to another, and they depend on factors like the peak power of
the panel, the construction material, and the surface area among others. These curves can
be observed in Figure 2 for a single value of solar radiation. Here, the maximum current
that can be delivered by the panel, Isc, and the maximum voltage reached by the panel, VOC,
are observed The point where the output power is maximum is known as the maximum
power point (MPP) and it always considers values of current and voltage lower than Isc
and VOC, respectively. Most of the manufacturers design their SPV panels to operate at an
irradiation of 1000 W/m2. However, it is impossible to keep this level of radiation all the
time due to the presence of clouds, the season of the year, and some other environmental
factors that may affect the level of radiation that reaches the panel. Therefore, the SPV
panel manufacturers usually generate a family of I-V curves considering different levels of
solar radiation. In Figure 3a, a family of I-V curves for the SPV panel STKP-60-250 from
Solar Electric is presented [107]. By looking at Figure 3a, it can be observed that the lower
the irradiation is, the lower the Isc becomes. Although VOC is also affected by the variations
in the irradiation, it is not as sensitive to these variations, and it can be considered as
almost constant for every level of irradiation. Moreover, the solar radiation is not the only
variable that affect the behavior of the I-V curves, the temperature can also severely modify
them. Figure 3b presents how the temperature variations alter the performance of the
I-V curves. Contrary to what happens in the case of irradiance, temperature variations
affect the VOC (lower temperatures generate higher VOC values), whereas the ISC remains
almost constant regardless the temperature. Finally, it is expected that if the voltage and
current performances are modified, then the MPP is modified too. Hence, as in the case
of the I-V curves, there exists a family of P-V curves for any SPV panel. It is important
to mention that the highest variations of the MPP are generated by irradiance variations.
Thus, the family of P-V curves is generated only considering different levels of irradiation
and the temperature variations are left aside. Figure 4 shows the characteristic P-V curves
for the STKP-60-250 panel, and it is observed that a reduction of the solar radiation results
in a decay of the maximum power. This is a more or less expected situation since it was
previously mentioned that when the radiation that reaches the panel is reduced, the ISC gets
lower and the VOC remains constant. Therefore, a reduction of the DC power is expected.

The curves in Figures 3 and 4 are extremely important in SPV systems because, as
previously mentioned, they define the expected behavior of the SPV panel at a specific
solar radiation. Therefore, any deviation from the values on these curves represents an
unexpected situation. There are some works that assume this characteristic and use it to
perform a fault identification in SPV systems. This technique is suitable for finding any
fault that is characterized by a fluctuation in the voltage or current levels delivered by the
SPV panel. For instance, in [108], a low-cost system that can compute the characteristic I-V
curve of a SPV panel by periodically measuring its Isc and VOC with the aim of identifying
abnormal conditions is presented. Moreover, in [109], the authors propose the use of the
I-V characteristics of the panel long with a probabilistic strategy based on feature extraction
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and learning algorithms for the identification of line-line faults in PV systems. Since the
I-V curves are different depending on the amount of solar radiation that reaches the PV
panel, in [110], the variables of temperature and solar radiation are considered to work
along with the I-V curve with the purpose of identifying short circuit, open circuit, and
degradation faults in the SPV system. By this data fusion, it is possible to enhance the
obtained results and to perform a better identification of more than one fault condition.
Finally, a methodology for the detection of line-line faults, open circuit, and bypass diode
fault is developed in [111] using the I-V curves and the k-nearest neighbors (kNN) technique
for the detection and classification of the different faults. The use of I-V curves is a powerful
technique because it directly considers the operation principle of the SPV panels. However,
to obtain the best results from this approach, it is necessary to combine the I-V curve
analysis with other techniques, such as statistical analysis or AI methods. This is why its
use is becoming less popular because these last techniques can be also used by themselves,
as shown next.
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3.3. Statistical Analysis for Fault Detection

Statistical analysis is a very versatile technique that is applied not only in the iden-
tification of faults in SPV systems, but also in many other branches of the science and
engineering. With statistics, it is possible to extract trends in the behavior of different phys-
ical variables and any deviation in the normal trend is addressed as an abnormal condition.
Among all the techniques that are applied in the field of statistics, the analysis of variance
(ANOVA) has proven to be effective for the detection of faults in SPV systems. In [112],
data from the local temperature, irradiance, and output power for different days in an SPV
system with different faults are recorded: bypass diode, open circuit, and degradation.
In this work, ANOVA is used for determining variations in the data sets that exceed a
threshold and they are associated with a fault condition in the system. Commonly, the
statistical analysis is combined with other digital signal processing techniques, as is the
case of [113] where the discrete wavelet transform (DWT) is used for separating the fault
behavior from the regular operation and then with the exponentially weighted moving
average (EWMA) the fault is characterized for its identification. This work requires the
measurement of the voltage and frequency from the grid, the current and voltage in the
DC and the AC sides of the system, the local temperature, and the solar irradiance and it
can identify faults in the SPV array, the junction box, wiring, protections, and the inverter.
What all the methodologies that use statistical analysis have in common is that they try to
find tendencies in the descriptive variables that are related with the response. It is expected
that any fault is companied with a particular tendency and there is where the statistical
analysis work for differentiate among faults. Some other well explored techniques in this
field are the generalized likelihood ratio test (GLRT) [114] and the principal component
analysis (PCA) [115].

3.4. Artificial Intelligence Techniques for Fault Detection

AI is a wide branch of the computer science that, among other things, tries to make
decisions that commonly require of human intelligence. All the AI techniques are designed
to seek and learn specific trends and characteristics that describe a specific condition.
Therefore, their use is suitable in the identification and classification of faults in SPV systems.
In this sense, the ANN probably represents the most explored technique. There is a wide
variety of ANNs in the fault identification field, including the multilayer perceptron [116],
the convolutional neural network (CNN) [117], the probabilistic neural network (PNN),
etc. [118]. All these ANN require a data set for training, and data must contain information
regarding the faults that are going to be identified so the ANN can “learn” to identify any
disturbance. Once the network is familiar with the fault condition, it is able to detect it.
Another effective technique for the classification of faults is the fuzzy logic. For instance,
in [119], a Sugeno type fuzzy logic system is used, not only for identifying the fault in
the system, but also the number of damaged modules. Fuzzy logic is a methodology
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that delivers good results, but the set of rules for solving a problem can become complex,
requiring a high computational effort. Finally, it is important to mention that all these
techniques consider that the algorithms learn how to identify an abnormal condition.
Therefore, they also belong to the machine learning classification. This is a more or less
new term for addressing AI applications that predict an outcome without being explicitly
programmed to do it.

3.5. Infrarred Termography

Every object with a temperature higher than the absolute zero emits infrared radiation,
and the infrared thermography (IRT) cameras are devices capable of capturing the heat
dissipation associated with this infrared radiation. Thus, IRT is the perfect technique for
the detection of hot spots in SPV panels. In this sense, in [120], a FLIR thermal camera is
used for acquiring infrared images from SPV panels. The images are passed through an
image enhance and noise removal filter and then the RGB image is converted in a gray scale
image. Next a feature extraction is performed by means of obtaining texture features and
some statistical features of the histogram. Finally, a support vector machine (SVM) is used
to determine whether or not the hot spot existence. The result is a high accuracy machine
learning methodology that uses thermal images as inputs. Another variant of this approach
is presented in [121]. Whereas in the previous case, thermal images as used as inputs and a
pre-processing stage that uses DWT over the images is implemented to perform the feature
extraction over the resultant modes. In this work, the fault classification is carried out by a
CNN. Again, this is a processing signal strategy that works along with the IRT. Like these
examples, there are many cases with similar procedures, varying only the feature extraction
and the classification procedures. For instance, in [122], the transform invariant low-rank
textures (TILT) method is used for feature extraction and the PCA for fault detection. In
this sense, it must be mentioned that the use of machine learning strategies has proven to
be an effective solution for the detection of faults in SPV systems when combined with IRT.

3.6. Machine Learning for Fault Detection in SPV Systems

Among all the modern approaches, the use of machine learning algorithms is one
of the most promising in the area of condition monitoring in SPV systems. This strategy
belongs to the data-driven methodologies and its operation principle is based on three
stages: preprocessing, training, and prediction. The aim of the machine learning techniques
is to perform a data analysis to predict an unknown outcome based in the information
merged in the data set, i.e., considering a set of inputs that contain the characteristics
of a specific process it is possible to determine when exists a condition that generates a
deviation from the normal operation conditions. This is why the authors in [123] used
machine learning for predicting the output power delivered by an SPV system. There,
the electric variables of the system (voltage and current) and the environmental variables
(temperature and solar radiation) are used as inputs to form the data set to be analyzed.
The authors performed a feature extraction of the aforementioned date using the correlation
feature selection (CFS) and relief feature selection (ReliefF) techniques. Then, they used a
simple regression model, a Gaussian process regression, and an ANN to determine which
of these methodologies delivers the best prediction. They concluded that the ANN is the
best tool in this particular case. Another use of machine learning techniques is presented
in [124], where the characteristic I-V curves of a SPV panel are used as inputs for the
detection of line to line and line to ground faults. From these curves, they extract a total of
16 features that describe the functioning of the system and then use the sequential forward
search to select only the best features. Next, using a hierarchical classification technique
(HCT) based on three different classifiers (SVM, naive Bayes, and logistic regression) to
identify the fault that is present in the system. Moreover, it is worth noticing that some of
the works mentioned in the previous sections also implement a machine learning scheme.
For instance, in [120], the input data are IRT images and a series of filters is used as a
preprocessing stage to obtain statistical features from them later. Finally, an SVM is used as
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classifier to perform the detection of the fault condition. In summary, machine learning
plays a major role in the condition monitoring of SPV systems since it provides a robust
and reliable tool not only for the detection of faults, but also for the prediction of the output
power delivered by a generation system. This is one of the approaches expected to continue
growing with the development of more strategies for the condition monitoring of electric
systems.

Finally, Table 2 summarizes the main techniques presented in this section, addressing
the types of faults that can be detected with each one of them. Here, it is observed that
there are different techniques for identifying the same fault, and the same technique can be
useful for the detection of more than one fault.

Table 2. Summary of the main techniques for fault detection in SPV systems.

Ref. Year Classification Technique Fault

Solar forecasting

[85] 2020 Model-based Simple linear regression • Power loss due to clouds
[86] 2020 Model-based Multiple linear regression • Power loss due to clouds
[87] 2020 Model-based SARIMA • Power loss due to clouds
[88] 2021 Data-driven Bi-LSTM • Power loss due to clouds
[89] 2020 Data-driven CNN • Power loss due to clouds
[90] 2021 Data-driven SVM • Power loss due to clouds

Optimal design methods

[93] 2018 Data-driven GA • Partial shading
[94] 2021 Data-driven PSO • Partial shading
[95] 2021 Data-driven Markov chain models • Partial shading

[97] 2022 Data-driven Static reconfiguration with puzzle
arrangement. • Partial shading

[98] 2021 Data-driven Dynamic reconfiguration • Partial shading

Strategies for dust accumulation

[99] 2018 Model-based Multiple linear regression • Dust accumulation
[100] 2022 Data-driven Deep residual neural network • Dust accumulation
[101] 2020 Data-driven Image processing and ANN • Dust accumulation
[102] 2020 Not applicable Self-cleaning coat • Dust accumulation
[103] 2022 Not applicable Self-cleaning coat • Dust accumulation
[104] 2020 Data-driven Electrodynamic cleaner • Dust accumulation
[105] 2019 Data-driven Robotic arm • Dust accumulation
[106] 2018 Data-driven Automatic brush system • Dust accumulation

Fault detection based on I-V curves

[108] 2022 Data-driven I-V curve • Power loss

[109] 2020 Data-driven I-V curve with probabilistic analysis • Line-line fault
• Line-ground fault

[110] 2019 Data-driven I-V curve with environmental conditions
• Short circuit
• Open circuit
• Degradation

[111] 2018 Model-based I-V curve and the kNN technique
• Line-line fault
• Open circuit
• Bypass diode fault
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Table 2. Cont.

Ref. Year Classification Technique Fault

Statistical analysis

[112] 2020 Model-based ANOVA
• Bypass diode fault
• Open circuit
• Degradation

[113] 2018 Data-driven DWT with EWMA

• Faults in the SPV array
• Junction box faults
• Line-line fault
• Line-ground fault
• Fault in protections
• Inverter faults

[114] 2019 Data-driven GLRT • Mismatch
• Bypass diode fault

[115] 2021 Data-driven PCA • Line-line faults
• Line-ground faults

Artificial intelligence techniques

[116] 2020 Data-driven Multilayer perceptron ANN • Panel disconnection

[117] 2020 Data-driven CNN
• Open circuit
• Line-line fault
• Arc fault

[118] 2018 Data-driven PNN
• Short circuit
• Open circuit
• Abnormal aging

[119] 2020 Data-driven ANN and Fuzzy logic • Open circuit
• Short circuit

Infrared thermography

[120] 2020 Data-driven IRT with SVM • Hot spots
[121] 2021 Data-driven IRT with CNN • Hot spots
[122] 2021 Data-driven IRT with TILT and PCA • Hot spots

Machine Learning

[122] 2019 Data-driven CFS-ReliefF-ANN • Output power forecasting

[123] 2021 Data-driven HCT with SVM, Naive Bayes, and
Logistic Regression.

• Line to line
• Line to ground

Before continuing, it is important to say that although Table 2 presents a classification
of the main techniques used for the fault detection in SPV systems, some the works listed
there can fall within more than one of these categories since they are composite methods.
For instance, the work in [109] uses the characteristic curves of the SPV panel, but it also
uses statistical analysis. On their part, the works [120–122] all consider the use of as well as
a machine learning approach. This is a common practice that tries to use the strengths of
two or more methodologies and combine them to improve the results. In this sense, it is
expected that these types of methodologies continue being implemented for the condition
monitoring of SPV systems.

4. Frequent Faults Conditions in WP Generation Systems

In general, wind power is one of the three major renewable energy sources along with
solar power and hydropower, and as energy source, wind is well distributed around the
globe being suitable to be exploited in human activities for the general society welfare, even
having the disadvantages of intermittency and unpredictability [125]. For that reason, the
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use of the technologies that extract energy from the wind, better known as wind turbines
(WTs), is nowadays very important and requires continuous actions for keeping their
operation as optimal as possible in order to reach the goals established by the international
regulatory dependencies [10,28]. Thereupon, it is well known that current WTs are modern
machines that convert the kinetic energy of the wind into mechanical energy and in turn
into electrical energy, where different aspects are considered for maximizing the output,
minimizing the maintenance costs, and increasing the efficiency and the reliability [126,127].
In this way, the WP systems have been, year to year, increasing their installations capacity
because both sectors, public and business, face the necessity to move away from fossil
fuels toward alternative and sustainable technologies, for solving the problems of energy
security, climate change, and affordability [23,28].

Regarding the wind power generation technologies, a categorization of the WTs can
be performed according to [125,128] by considering different aspects, e.g.:

• according to the geographical location for installation
• the turbine power output capacity
• the turbine blade rotor-axis configuration
• the airflow path to the turbine rotor
• the rotor-generator coupling (drivetrain)
• the power supply connection mode

According to the previous points, the WTs are classified based on their geographical
location in two main branches: onshore and offshore. In this field, the onshore WTs are
those located on land having easiness to access, low costs of maintenance and installation,
and easier integration to the electrical grid [129]. By its part, the offshore WTs are those
located in coastal waters having, respectively, excellent and continuous wind resource,
higher power output generated, more operating time along the year, less environmental
restrictions [130]. According to the power output capacity, the WTs are classified like micro
(a few kW), small (<100 kW), medium (100 kW–1 MW), large (1 MW–10 MW), and ultra-
large (>10 MW). For example, in some zones where the electric network is not available, the
use of micro-WTs operating at moderated wind speeds for minor functions, such as street
lighting and water pumping, is preferable [131]. The small WTs are typically installed in
rural zones for residential houses, farms, and small facilities of some telecommunication
companies that require electric energy [132]. The medium WTs consider applications for
powering villages, hybrid facilities, power plants, among others, and can be connected
on-grid, or off-grid [133]. Meanwhile, the large WTs and ultra-large WTs are used for
industrial applications typically with inter-connection to the grid [134]. According to the
blade rotor-axis configuration, the WTs are divided in two branches: horizontal-axis and
vertical-axis. Most of the WTs installed are horizontal-axis, because the wind flow is parallel
to the rotation axis of the blades [135]. By its part, the vertical-axis WTs can acquire the
wind flow from any direction [136]. According to the airflow path in relation to the turbine
rotor, the horizontal-axis WTs can be divided in two types: upwind and downwind. In the
first ones, the rotor face directly the wind, meanwhile, in the second ones, the wind flows
first through the nacelle and tower and finally the rotor blades [137]. According to the
generator-driving, there exist two types of WTs: direct-drive and geared-drive. In the direct-
drive WTs, the blade rotor and the generator are directly connected by a shaft, increasing
their efficiency, reliability, and design simplicity [138]. In the case of geared-drive WTs, a
multistage gearbox is used for the coupling between the blade rotor and the generator to
increase the rotation speed achieving higher power output [139]. Finally, according to the
power supply mode, the WTs can be grouped as: on-grid and off-grid. The off-grid WTs
are generally those of micro and small size, used for domestic applications in rural zones,
residential houses, etc. [140]. The on-grid WTs are commonly those of medium and large
size, used for grid connections [141]. In addition to the previous categories, there exists
an alternative classification of the horizontal-axis WT (HAWT) and the vertical-axis WT
(VAWT) [142,143]. From these, different subcategories can be defined, like those depicted
in the Figure 5 in the tree diagram. As observed from Figure 5, the rotor-axis configuration



Energies 2022, 15, 5404 17 of 36

is classified according to two main types of WTs: HAWTs and VAWTs. For HAWTs, a
subclassification considers Dutch, multibladed, and propeller types of WTs. In turn for
the propeller type WT there exist variations according to the number of rotor-blades as
one-blades, two-blades, three-blades, etc. Meanwhile, the VAWTs are divided in Savonius
and Darrieus type WTs.

There exist specific characteristics for each one of the subvariants of Figure 5. However,
for the sake of simplicity and considering that in the classifications the common general
branches are HAWT and VAWT, they will be adopted and referred to in the future. Although
several authors agree that most of the WTs installed around the world are the HAWT types
because of the technology mature and their performance, recently these turbines have faced
several challenges for the generation of multi mega-watt range, and the VAWT types could
be a possible solution [144–146]. Therefore, it is important to identify the main components
for these two types of WTs. In one hand, the VAWTs are omni-directional wind catchers
devises, a reason for which they have fewer components than HAWTs and require less
maintenance, but their main components also depend on the turbine subtype (Darrieus or
Savonius) [145]. In general terms, the components of VAWTs look to achieve, like any other
devise, the best efficiency, obeying three basic aspects namely the airfoil, the solidity, and
the blade design [146], so the elements can be grouped as [125,142,147]:

• Blades, which could be curved (bend) or straight (flat) [146].
• Rotor shaft ensemble, that considers the rotor shaft, the upper and lower bearings, the

brake system (disk and caliper), rubber isolators, torque sensors, and the coupling to
the drivetrain [147].

• Tower or foundation, enclosing the drivetrain and control system, gearbox, and gener-
ator [147].

• Rotor column or stator shaft, possibly including the upper and lower hubs, and the
guy wires [142].
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Figure 5. Classification of WTs according to the rotation-axis like HAWTs and VAWTs type (adapted
with permission from Ref. [142] Copyright 2021, Bhattacharjee, S).

On the other hand, the modern HAWTs vary in terms of design and power rat-
ings, but the majority are the propeller type [128], from the three-blade type (most
common) to multiple blades [125]. Several authors, consider as main components the
followings [36,39,125,128,142,143,148]:

• The foundation, in general terms, is a base structure for giving support to the WT by
connecting the tower to the ground [128].

• Tower: This component is a structure that supports the nacelle, the rotor, and the
blades allowing them to reach an adequate height for catching the wind flow [142].
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• Blades: Components designed to catch the wind flow for converting kinetic energy of
the wind into mechanical energy, that means, movement of the WT rotor [143].

• Nacelle: A structure that encloses and protect the drivetrain of a WT from environmen-
tal conditions, i.e., a housing for the coupling of the kinematic chain break-gearbox-
generator [125].

• Break: Normally the WTs do not operate at extreme rotational torque or speeds, for
these cases a brake system is designed to slow down the turbine at a cut-out wind
speed for safeguard it [143].

• Gearbox: A mechanical element that connects the blade rotor to the generator for
matching the speed difference between them, by converting the low-speed high-torque
from the blade rotor shaft into high-speed low-torque of the generator shaft, to raise
the power output of the WT [36].

• Generator: Converts the mechanical power into electrical power thanks to the high
rotation speed achieved by the gearbox from the blade rotor, thus the energy is
obtained by spinning cooper windings in a magnetic field [39].

• Power converter: Many WTs are equipped with a devise that converts the AC power
output to a DC signal for storage purposes [148].

Having identified the general components of HAWTs and VAWTs, following in this
study is an analysis of the frequent failures or fault conditions. Prior to this, however, a
general classification of those faults will be adopted by considering two groups: Electrical
and Mechanical.

A brief summary of the main aspects regarding the operating conditions of WP
generation systems is listed below [7]:

• Around 845 GW of energy are generated using WP around the world;
• The biggest producer of this type of energy is China with the 40.5% of the global

production;
• The global weighted-average cost of electricity for WP projects has reached the 0.033

US dollars per kWh, making this energy the cheapest;
• Since WTs include many mobile parts, their maintenance is complicated and requires

a shutdown of energy production;
• Main maintenance tasks include the lubrication of the moving parts, revision of the

blades, the connections, cables, and protection of the whole system.

4.1. Faults in the Electrical Components of WTs

In relation to the most common faults, regarding the electrical components of HAWTs
and VAWTs, some sensible components are prone to fail, e.g., the generator, the power
converter, and the controller, among others [147,148]. For example, in [30], a collection
of environmental conditions, including humidity, temperature, and salt conditions of
the geographical location, negatively affects the lifetime of the electrical components of
a WT installation, by wearing and corroding elements, e.g., contacts and wirings, and
even the materials of the foundation, nacelle, and blades are deteriorated. In addition,
the investigations carried out by [32] clearly indicate how the amount of humidity cause
a reduction in the kinetic energy of the wind. As a consequence, the amount of power
production by a WT is reduced, yielding less production in winter than summer. On another
topic, some works address the relation between the wind speed and possible failures in the
power converter system since the reliability of a power device depends on factors, such
as its topology, the electronics components’ reliability, the operating temperature, etc. In
this sense, a failure in the semiconductor is directly related with their junction component
temperature, so, the wind speed defines the power flow through the converter and so
will the components temperature of the junctions [34]. By other part, the WTs that are
connected to the grid can be affected by the faults present in the power lines, e.g., tripping
of transmission lines, short-circuits, or loss in the production capacity, causing, for instance,
malfunctioning in the operation of the generator and the power converter [36]. Moreover,
during short circuits in WTs connected to the grid, the current could yield in a voltage drop
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in the generator terminals that spur an electromagnetic torque reduction that leads to a
rotor acceleration and voltage reduction. As a result, as voltage decreases, high current
transients are generated in the generator stator and rotor, affecting the power converter [39].
By the other part, some problems are present when the WTs are connected in wind farms
and the collector system uses a set-up substation transformer in a delta connection at the
collector side, because this system is non-effectively grounded. Therefore, a single-phase-
to-ground fault can be developed to a three-phase-to-ground fault. It is worthwhile to
mention that these faults are caused by improper fault isolation [40]. Moreover, several
studies have revealed that power converter failures are the principal cause for WT stops
and shutdowns mainly caused by the presence of short-circuit faults and open-circuit faults
in the power switch, making the converter replacement very expensive [148]. Therefore,
the failure of power converters is very common, but faults can also be caused by abnormal
operations of the grid, the loads, as well as the generator problems [49]. Additionally, when
the power converter fails, this can in turn damage the peripheral components of the WT,
e.g., the generator and other electrical elements, generating abnormal operation of the
whole system [149]. Other examples of faults are the short-circuits than occur in the large
power ratings WTs, which are typically in the high temperature superconducting (HTS)
generators, characterized by their small reactance making them sensible to higher fault
currents and large torques [38]. These HTS generators can be damaged by the presence
of short-circuits in the three phases, phase to phase clear of earth, phase to phase earth,
and phase earth, caused by large forces from the WT rotor. Finally, when the stator, or the
rotor, in generators of offshore WTs present problems due to the high electric and thermal
stresses, then asymmetries are introduced into the generator causing faults that are reflected
as a temperature rising observed by the supervisory control and data acquisition (SCADA)
system of the turbine [150].

4.2. Faults in the Electrical Components of WTs

On the other hand, the faults regarding the mechanical components of HAWTs and
VAWTs consider those problems that could be present in the components like the gearbox,
the blades, the main bearings of the WTs, among others [41]. For example, the work
in [21] presents an overview of the failure modes of the WT bearings for large-scale power
generation. This review presents three main aspects: a subdivision of WT bearings like
gearbox bearings and adjustment system bearings, failure modes of the bearings, and
causes and consequences. Therefore, it is mentioned that typically the main bearings in
WTs suffer from changes in their temperature due to load variations and changes in the
rotation speed. However, there also exist other factors that affect the normal operation
of the bearings connected, for instance, to the gearbox, e.g., unbalance, rolling bearing
breakage, or grease excess in the bearings, caused by load variations, changes in rotation
speed, or bad maintenance [42]. The rolling bearings of WTs installed in wind farms
are subject to adverse conditions variations like the wind speed, for long-term periods,
also icing and dust accumulation in the rotor-blades cause load variations in the main
shafts of the drivetrain affecting these elements causing elements wear [151]. Besides, WTs
gearboxes are one of the principal components that could lead to shutdowns of the entire
drivetrain causing major economic losses, some factors like cracking or breakage in the
elements, broken tooths, elements wear or aging, corrosion, among others, may cause a
problem in the gearbox [152]. In this sense, during WT operation, if the gearbox has faults
on its elements, such as journal damage in the gearbox [44] or bearing imbalance [45], then
sudden drops in the generated power, voltage, current, and rotation speed are observed in
the generator output, even when the wind speed keep into their normal ranges for system
operation. In contrast, in the work presented by [48], planetary gearbox faults are studied
by using a real WT but simulating the faults. That study considers damages in two principal
elements of the planetary gearbox: bearings (inner race, outer race, inner-outer race, balls)
and gear (broken tooth and gear wear). Last, but not least, some studies handle with the
problems related to the WTs rotor-blades failures. In this field, the work in [31] contains
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a study of the coating rotor-blades of WTs that get fatigued by the impact of raindrops
or rain erosion. This study considers a variety of raindrop characteristics, such as impact
speed, impact angle, drop size, and shape (flat, spherical, and spindle). From that work
can be concluded that erosion by rain in the coating rotor-blades material may lead to a
crack initiation and propagation, which is very harmful for the blade structure integrity.
However, not only the rain, but also the effect of the dust in the wind may change the
rotor-blade properties. For instance, the work presented in [33] presets an investigation of
the effects of dust on the rotor-blade surface, concluding that roughness is altered by the
accumulation of dust particles. In this same line, it can be said that other environmental
factors, such as temperature, specifically speaking about very low values, affect the rate of
erosion mechanisms of the coating of rotor-blades as described in [35]. In such research, it
is found that low temperatures affect the wear-related properties of the coating polymer,
such as its ductility, and hence, erosion caused by dust, sand, and hailstones is accelerated,
damaging mainly the leading-edges coating of the rotor-blades.

In Table 3, the most frequent faults in the WTs (HAWTs and VAWTs) are presented,
summarizing the year, reference number, type of fault, a simplified description, and
some examples.

Table 3. Summary of the common faults of WTS reported in the literature. Considering electrical and
mechanical components faults.

Electrical Components Faults

Ref. Year Fault Description Examples

[30] 1999 Degradation Wheatear, or environmental conditions, affect the
electric materials of the WTs components.

Corrosion in contacts,
wires, and generator
elements

[36] 2015 Power disturbs Power disturbs in the on-grid connection damage
the generator and power converter of WTs.

Voltage variations,
short-circuits, and voltage
unbalance.

[39] 2009 Failure of power converter Torque reduction in WTs cause current transients
in the generator affecting the power converter.

Short-circuit in the on-grid
connection.

[49] 2021 Failure of power converter Problems caused by anomalies in the grid, loads
and generator problems.

Power disturbs, variations
in load, generator problems

[32] 2019 Loss power generation Humidity changes air density reducing the
amount of power production in WTs

Loss of power in the
generator output.

[34] 2012 Failure of power converter
Changes in wind speeds vary the power through
the converter, causing temperature changes
affecting its hardware.

Temperature changes of the
power converter hardware.

[38] 2017 Failures of the generator
Large forces cause short-circuits in
high-temperature superconducting generators
affecting their operation.

Short-circuit in
high-temperature
superconducting
generators.

[40] 2018 Sigle-phase-to-ground fault
Collector systems of WTs are not effectively
grounded and substation transformers are delta
connected at collector line side.

Sigle-phase-to-ground fault
in collector system

[148] 2022 Failure of power converter Short circuits faults and open-circuits fault cause
failures in the power converter of WTs.

Short circuits faults and
open-circuits faults in the
power converter.

[150] 2021 Failure of the generator
The stator and rotor problems usually occur
because of the high electric and thermal stresses
introducing asymmetries in the generator of WTs.

Thermal stress in the
generator
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Table 3. Cont.

Mechanical Components Faults

Ref. Year Fault Description

[21] 2020 Bearings faults
Overview about failure modes of two main
branches of bearing in WTs: gearbox bearings
and WT adjustment system bearings.

Faults in gearbox bearings
and adjustment
system bearings

[42] 2020 Bearings faults Damaged by factors like load variations, fatigue,
or bad maintenance.

Imbalance, breakage, and
excess of grease in the
rolling bearing.

[151] 2021 Bearings faults
Adverse conditions like long-term and variable
wind speed, variable load can compromise the
integrity of WTs bearings.

Bearing fault: ball fault,
inner raceway fault, outer
raceway fault.

[152] 2021 Gearbox faults The gearbox can be damaged by elements cracks,
corrosion, aging, wear, etc.

Rotor imbalance and
gearbox faults

[44] 2022 Gearbox faults
When gearbox components are damaged drops in
voltage, current and power of the generator are
observed.

Gearbox bearings failure,
or journal damage in the
gearbox.

[45] 2022 Gearbox faults
Industrial WTs have imbalance problems in the
gearbox caused by damages in the gearbox
bearings, gear aging or breakage.

Imbalance in the gearbox
bearings

[48] 2021 Gearbox faults
Simulated faults are induced in a real WT
considering damage in the main bearings, broken
tooth, and gear wear of a planetary gearbox.

Planetary gearbox: outer
race fault, inner race fault,
inner-outer race fault, ball’s
fault, gear wear, broken
tooth.

[31] 2021 Rotor-blades faults Raindrops can induce fatigue to the WTs blades
by impact erosion. Blade coating fatigue.

[33] 2007 Rotor-blades faults Dust in the wind cause changes in the rotor-blade
surface roughness by particles accumulation.

Blade surface roughness
modification.

[35] 2021 Rotor-blades faults Low temperatures cause erosion of leading-edges
and protective coating in rotor-blades.

Blade leading-edge coating
erosion.

As seen from table, the most frequent faults according to the number of works reported
in the literature rely in the following components of WTs: the generator, the power converter,
the gearbox, main gearings, and turbine blades. Although there exist other elements that
integrate the WP generation system, they have not been addressed due to the particularity
and complexity of the system. This means that some subsystems of HAWTs and VAWTs
are very particular. Hence, a generalized approach for fault diagnosis cannot be proposed
as in the classical fault studies.

5. Current Methodologies for Fault Diagnosis in WP Generation Systems

In the last section, several works were analyzed to define the most frequent faults
studied in the literature of the WP generation systems, which leads to considering what
solutions have been proposed to identify and diagnose such fault conditions. Therefore,
this section will address the state-of-the-art regarding the proposed methodologies for
identification and fault diagnosis, better known as fault detection and diagnosis methods
(FDDMs) [43], in the HAWTs and VAWTs. In the reported work, the FDDMs can be divided
in three main groups: model-based, knowledge-based, and data-driven [43,148]. Model-
based FDDMs require a mathematical representation, or a parameterized model, of the
system [153]. Knowledge-based FDDMs need the expertise knowledge about the system
analyzed, sometimes these methods are named signal-based because the techniques used to
treat the signals require such knowledge [154]. Data-driven FDDMs make use of statistical
analysis or data mining to perform the diagnosis, and their results depend directly on
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the data quality [155]. At the end of the section, a table will be presented summarizing
the reported methods considering type of FDDM, fault addressed, techniques used, and
accuracy reached. However, in the next lines, several works reported in the literature will
be described detailing the methodology used for the fault detection and diagnosis (FD) in
the electrical and mechanical components of WTs.

Before starting the in-detail revision of the methodologies for the fault detection in
WP generation systems, it is important to mention that, as in the case of SPV systems, these
types of installations are highly exposed to the presence of surges due to lightning events.
In fact, the standard IEC 61400-24 defines the criteria that must be met for every lightning
protection system (LPS) in wind generation [156]. The higher the WT is located, the greater
the probability of being struck by lightning. Therefore, the high-power wind generator are
more prone to result hurt [157]. Moreover, due to their geometry and location, the blades
of the WTs are the most exposed parts, and they are constantly damaged by the action of
lightning resulting in unexpected outages in the generation process. According to [158], a
conventional LPS can be divided into three parts: an external lightning protection system,
an internal lightning protection system, and the grounding system. The external protection
system is the part of the LPS that is in direct contact with the lightning, and it composed
of an air-termination system and a down conduction system to conduct the current to the
ground. The internal lightning protection system is composed of an equipotential bonding
that considers the correct selection of the cables, the separation between conductors, the
routing and shielding, as well as surge protection devices. Finally, and as is well-known,
there is the system in charge of dissipating the discharge currents, avoiding hazards. All
these elements must work together to achieve a reliable and efficient LPS. The use of
these protection systems must be considered before the wind farm starts working and its
implementation may prevent some fault conditions in the blades, nacelle, and tower of the
wind generator. Notwithstanding, there are many other sources of faults in WP generation
systems and they can be treated using the techniques described below.

5.1. FDDM Regarding Electrical Components of WTs

Regarding the FDDM proposed for faults present in electrical components of WTs, the
work presented in [49] analyses power converters when the available data from SCADA
are insufficient, or with a small-scale. Therefore, to overcome this drawback, the authors
proposed a methodology that integrates the parameters-based transfer learning (PBTL)
and the convolutional autoencoder (CAE). The general procedure consists in transferring
information from a similar WT to a target WT with the aim of using the information
about the failure’s properties. The data used come from a SCADA system considering real
conditions. The component with the highest frequency was the power converter system
and the accuracy achieved by this approach was of 97.7% in the fault prediction.

In relation to problems in the generators of WTs and the proposed approaches for
FDD, several works have handled this issue. For instance, in [150], a data-driven approach
is proposed for monitoring the generator conditions of offshore WTs. The approach first
applies a processing of data coming from a SCADA system consisting in data re-sampling,
outlier treatment, removal of redundant information, and extraction of the optimal k-best
features. Later, an ensemble model of the extreme gradient boosting (XGBoost) framework
is applied for estimating and predicting the state conditions of the system. In counterpart,
SCADA systems could also generate large volume of data with multivariable time series
having high spatio-temporal correlations that are a challenging task. Here, the research
presented in [159] handled this drawback by proposing a spatio-temporal fusion neural
network scheme to generate fault condition labels. First, feature extraction is performed
considering spatial and temporal features through a multi-kernel fusion convolutional
neural network (MKFCNN). The MKFCNN uses multiple convolution kernels of different
sizes and learns about multi-scale spatial features; it also reduces the number of parameters
required for training. Later, a long short-term memory (LSTM) scheme obtains the correla-
tions among the spatial features extracted. Finally, the classification of fault conditions is
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made by means of a SoftMax classifier achieving average accuracies of 97.6% and 93.8%
for historical dataset and real SCADA values, respectively. Meanwhile, the relationship
between SCADA data of wind speed, turbine ambient temperature, and generator tempera-
ture by means of a sensor model (SM), or parameterized model, for FDD in WTs is studied
in [160]. The parameters of the model provide information related to the fault, and these
parameters are updated every day by using an estimation procedure to reflect changes in
the relationship in real time. Then, the parameters of the model are taken, or extracted, e.g.,
sensitive features, using a nonlinear output frequency response function (NOFRF). The
validation of the model is performed on three WTs, identifying generator faults related to
rotor winding short circuits.

In addition, when WTs reflect power loss faults, some methodologies, as in [161],
apply FDD for WTs based on fuzzy logic systems (FLS) and artificial neural networks
(ANN). Thus, the ANN constructs the membership functions considering SCADA data and
application environment, so the wind speed and active power are measured to construct
the FLS. Posteriorly, SCADA data are grouped to calculate average values and the error
is obtained between measured and predicted data. Hence, error and average values are
input to the FLS with extended data-driven membership functions for detecting changes in
the system that can be considered as anomalies. By its part, the single-phase-to-ground
fault is studied in [40] by developing a resonance model of a wind farm with distributed
parameters. Later, the correct lines from the collector wires are selected to identify the
fault through a method based in Dempster–Shafer theory (D-S T). Then, two strategies for
isolating faults are proposed to avoid overvoltage: gradual tripping of WTs and installation
of a breaker at the WTs side. The proposed scheme achieves an accuracy of 99.6% for the
correct line selection with the faults.

Finally, some problems of the pitch control system are treated in [162] for a spar-type
floating WT model, focusing on the faults of the pitch sensor (bias value and fixed output)
and the directional control valve (excessive friction, slit lock on spool, wrong voltage, and
circuit shortage). The proposed scheme uses a Kalman filter (KF) to estimate the pitch
angle and the valve spool position. Then, a residual signal between the estimated and
the measured output is compared with a threshold to identify conditions changes in the
system. Next, the KF output is fed to an artificial neural network (ANN) for performing
the diagnosis, achieving an accuracy of 98%.

5.2. FDDM Regarding Mechanical Components of WTs

Regarding the FDDM proposed for faults present in mechanical components of WTs,
many investigations have addressed the problems of the gearbox. For example, the work
in [44] uses a statistical approach based on the Wilcoxon rank sum test (WRST) for detecting
and categorizing fault conditions: abnormal operation, fault in the gearbox, and normal
condition. This approach is applied in statistical hypothesis tests for the fault conditions
and the normal operation is the null hypothesis, achieving a 95% of confidence level for
the detected fault. Furthermore, a novel scheme based on data-driven FDD of gearboxes is
presented in [48] using two techniques, the refined time-shift multiscale fluctuation-based
dispersion entropy (RTSMFDE) and the cosine pairwise-constrained supervised manifold
mapping (CPCSMM). The RTSMFDE generates a high-dimensional set of features that is
reduced to a low dimensional representation through the CPCSMM. Then, the classifica-
tion is performed in simulations through a beetle antennae search-based support vector
machine (BAS-SVM) with an 100% of accuracy reached. Likewise, a scheme for performing
FDD of gearboxes through a multi-channel convolutional neural network (MC-CNN) on a
benchmark model considering a 5 MW WT is presented in [152]. This scheme first converts
the time-domain signals acquired from the system into images. Posteriorly, the images are
processed by the MC-CNN applying multiple parallel local heads to observe the changes in
every measured variable separately to detect faults of rotor imbalance and gearbox damage.
The accuracy achieved by this scheme is of 99.85% for the database. Another scheme for
FDD in gearboxes of a wind farm is developed in [155], where a relief series algorithm
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(ReliefF) extracts important information (features) regarding the system conditions from a
SCADA data set. As the number of features extracted is of high dimensionality, a reduc-
tion is performed through the principal component analysis (PCA) avoiding information
redundancy. Then, a deep neural network (DNN) performs diagnosis for single and for
multiple faults, achieving accuracies in the diagnosis of 98.5% and 96%, respectively. Sim-
ilarly, in [163], a methodology that combines the convolutional neural network (CNN),
the long short-term memory (LSTM), and the attention mechanism (AM) is developed for
differentiating anomalies in gearboxes during WTs operation. The analyzed data come
from a SCADA system for being preprocessed. Thus, the CNN extracts main features
from data, allowing the LSTM algorithm to learn the system operation, while the AM
enhances the accuracy of the detection of faults. This methodology reaches a confidentiality
of 97.7% based on the statistical indicator R2. In this same field, the developed work of [164]
proposes a method for diagnosis compound faults in WTs gearboxes. The approach uses
the fast spectral kurtosis (FSK) for transforming the measured signal from a vibration
sensor into a two-dimensional image named fast kurtogram. After that, a multi-branch
convolutional neural network (MBCNN) takes the image of the FSK as an input feature map
for selecting the optimal branch for the convolutional stage, finally yielding the output fault
pattern. The validation of the method achieves 90% and 97% of accuracy in the diagnosis
for signals with and without noise, respectively. Finally, FDD in planetary gearbox bearings
for WTs by using an enhanced sparse representation-based intelligent recognition (ESRIR)
is tackled in [165]. Here, a first stage design is structured using dictionaries by means of
an overlapping segmentation strategy through measurements of vibration sensors, taking
advantage of the periodic self-similarity and shift-invariance property of planetary bearings.
At a second stage, fault recognition is achieved by a sparsity-based diagnosis strategy using
a minimum sparse reconstruction error criterion. The scheme obtains between 99.9% and
100% of accuracy for the considered conditions.

By the other part, the FDD applied over the rotor-blades of WTs shows works that have
proposed some approaches, like the study presented in [31] that describes a computational
framework to model the wind turbine blade coating fatigue caused by raindrop impact.
The analysis presents a stochastic rain field simulation (SRFS), considering the size, impact
speed, impact angle, and different raindrop shapes, e.g., spherical, flat, and spindle. Later,
the raindrop impact stress is computed through the smooth particle hydrodynamics (SPH).
Then, the analysis of coating fatigue modeling is performed through the mass-loss-rate
(MLR) increasing period, reaching 97% of accuracy in the model prediction. In this same
line, the fault conditions of WTs blades are also analyzed in [43] by means of a data-driven
approach adopting a SCADA system. In this study, the proposal integrates a hybrid FDD
approach based on three techniques: generalized regression neural network ensemble
for single imputation (GRNN-ESI), recursive principal component analysis (RPCA), and
wavelet-based probability density function (PDF). The GRNN-ESI is applied to impute the
noise and missing data. Then, RPCA performs dimensionality reduction from the dataset
to obtain meaningful features, and PDF detects incipient faults in blades with an accuracy
of 88.7%. Otherwise, the work developed in [153] presents a mixed model-based and a
signal-based FDD for rotor-blades of floating offshore WTs. The model-based scheme uses
the fault detection and approximation estimator (FDAE) and the fault isolation estimator
(FIE) for detecting and isolating faults in the system. Then, the signal-based method uses
the frequency domain analysis through short time Fourier transform (STFT) and a K-nearest
neighbor (KNN) classifier for detecting and isolating mooring lines faults. The validation
is made for a 10MW WT benchmark implemented in Simulink. Additionally, the problems
caused by icing in rotor blades is tackled in [166] where a scheme that handles data
characterized by sets of high dimensionalities, data imbalance, and differences in statistical
distributions is proposed. In general, the analyzed data from SCADA are preprocessed with
re-sampling and normalizing. Later, data are divided for model construction and model
verification. The model construction considers subsets for training and testing, and here
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the machine learning algorithm K-nearest neighbor (KNN) and transfer learning algorithm
TrAdaBoost are applied. The TrAdaBoost reaches above 99% of accuracy in the diagnosis.

Addressing the FDDMs focused on bearing faults, the investigation described in [151]
develops a methodology based on a hybrid attention improved residual network (HA-
ResNet) for diagnosing faults in the main bearings of WTs. First, the wavelet package
transformation (WPT) is applied to highlight the main band frequencies of the wavelet
coefficients. Later, the extraction of features is improved by a channel attention framework
for the diagnosis, so, the proposal achieves a 98.79% of accuracy for simulated drivetrain
and real data from a wind farm. Moreover, the study in [167] addresses the FDD for
WTs rolling bearings by proposing an intelligent method based on three stages: feature
extraction, dimensionality reduction, and pattern recognition. The extraction of features is
performed through the multiscale permutation entropy (MPE) from the vibration signals of
rolling bearings, yielding a set of features of high dimensionality. Since the MPE measures
the complexity of time series detecting weak changes, then if rolling bearings have faults,
their non-linear dynamic will change accordingly. The dimensionality reduction of features
is performed through a manifold learning algorithm, named Mahalanobis semi-supervised
mapping (MSSM), to overcome the problems of Euclidean distance. Thus, the pattern
recognition of faults is conducted by means of a heuristic approach known as the beetle
antennae search (BAS) that optimizes the parameters of a support vector machine (SVM)
reaching a 100% of diagnosis accuracy.

At last, but not least, some other problems of diverse nature must be considered to
define alarms that allow the WTs keep at safe ranges. In this sense, the work in [168]
addresses the frequent principal fault detection and localization (FPFDL) approach. This
approach first applies an improved oversampling algorithm to generate and develop the
balanced data from the imbalanced dataset of real wind farms. The oversampling is
achieved through a synthetic and dependent wild bootstrapped oversampling technique
(SDWBOTE) that combines the dependent wild bootstrap (DWB) and a modified synthetic
minority oversampling technique (SMOTE). Finally, a one-dimensional convolutional
neural network (1D-CNN) model based on FPFDL automatically extracts features from the
pre-processed data for fault identification with 99% diagnosis accuracy.

Table 4 presents a summary of the previously discussed works presenting them in two
branches of FDDMs regarding electrical and mechanical components. Into this division,
the works are depicted indicating the year, the fault handled, the type of methodology
(model-based or data-driven), the techniques used or integrated, and the accuracy reached,
if available.

At this point, it becomes relevant to make some clarifications. First, it has been
previously mentioned that the machine learning implementations are very promising in
the field of condition monitoring of electric systems such as SPV and WP generators. In
this sense, most of the works presented in this section that adopt a data-driven approach
also use machine learning methods [49,155,159,167]. This situation reinforces the fact that
machine learning is a versatile tool that can be adapted to solve a wide variety of problems.
Therefore, the role of the machine learning in the fault detection in WP generators consists
in characterizing the system, detecting deviations from the normal operating conditions,
and classifying the fault that is present in the system. This promises to be of great help for
the operators around the world that will be allowed to perform a diagnosis even without
having an in-depth knowledge of al the theoretical principles involved in SPV and WP
generation systems.

Moreover, as in the case of SPV systems, it is common to fuse different techniques
for the condition monitoring of WP systems in order to improve the results delivered by
each methodology separately. An example of this situation is presented in [155] where the
statistical analysis is combined with the AI to obtain a machine learning approach that can
identify mechanical faults with high accuracy. Additionally, in [48], heuristic algorithms are
combined with SVM and they also prove to be effective for the detection and classification
of faults in a WT. Therefore, composite methods represent a very popular solution for the
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condition monitoring of WP generation systems since they help to improve the accuracy in
the detection of specific faults. These methodologies are expected to continue providing
reliable and robust solutions for the renewable generation industry by facilitating the
maintenance and reducing the unexpected stops in the production due to faults.

Table 4. Summary of the reported FDDMs.

FDDM Regarding Electrical Components

Ref. Year Fault FDDM Techniques Accuracy

[49] 2021 Power converter faults Data-driven CAE + PBTL 92.5%
[150] 2021 Generator faults Data-driven XBoost —
[159] 2020 Generator faults Data-driven MKFCNN + LSTM + SoftMax 93.8%
[160] 2020 Generator faults Model-based SM + NOFRF —
[161] 2020 Loss power generation Data-driven ANN + FLS —
[40] 2018 Sigle-phase-to-ground fault Model-based D-S T 99.6%

[162] 2021 Pitch control system faults Model-based KF + ANN 98%

FDDM regarding mechanical components

Ref. Year Fault FDDM Techniques Accuracy

[44] 2020 Gearbox faults Data-driven WRST 95%

[48] 2021 Gearbox faults Data-driven RTSMFDE + CPCSMM, BAS +
SVM 100%

[152] 2021 Gearbox faults Data-driven MC-CNN 99.85%
[155] 2021 Gearbox faults Data-driven ReliefF + PCA + DNN 96–98.5%
[163] 2021 Gearbox faults Data-driven CNN + LSTM + AM 97.7%
[164] 2021 Gearbox faults Data-driven FSK + MBCNN 90–97%
[165] 2021 Gearbox faults Data-driven ESRIR 99.9–100%
[31] 2021 Rotor-blade faults Model-based SRFS + SPH + MLR 97%
[43] 2020 Rotor-blade faults Data-driven GRNN-ESI + RPCA + PDF 88.7%

[153] 2021 Rotor-blade faults Model-based FDAE + FIE and STFT + kNN —
[166] 2021 Rotor-blade faults Data-driven TrAdaBoost + TL 99.1–99.8%
[151] 2021 Bearings faults Data-driven HA-ResNet + WPT 98.79%
[167] 2020 Bearing faults Data-driven MPE + MSSM + BAS-SVM 100%
[168] 2021 Diverse nature faults Data-driven SDWBOTE + CNN 99%

6. Prospective and Tendencies in the Emerging Methods for Monitoring Systems and
Fault Diagnosis Regarding Renewable Power Generation Based on SPV and WTs

In this section, the prospects and trends of SPV systems and WPG systems will be
discussed. The main purpose of this discussion is to highlight the areas of opportunity
considering possible contributions of future methodological developments in both the
faults of the systems (SPV and WPG) and FDDMs.

6.1. Prospective and Trends for SPV Systems Studies

It is clear that SPV systems have highly evolved and they are capable of supplying a
good part of the energy requirements of modern society. Notwithstanding, right now, it is
hard to believe that in the context of an electrical system constituted only for renewable en-
ergies. More important than the fault detection, already a well-studied field, it is necessary
to develop efficient and reliable strategies for dealing with the variability of the natural
resources as sun and wind. Nowadays, the energy storage systems try to fulfill this need.
These energy storage systems are primarily based on batteries and capacitors, but these
elements remain sensitive and inefficient. Therefore, an important part that is expected
to find relevance is the monitoring and diagnosis of energy storage systems. This task is
already performed, but mainly at a small scale. The development of large-scale storage
systems is likely and it will be essential to count with devices and strategies that guarantee
the correct operation and maintenance of such systems.

Additionally, and in the light of this research, it is noticeable that most of the current
methodologies for fault detection in SPV systems focus on the detection of faults on the
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DC side of the system. Problems associated with the SPV panels, e.g., partial shading,
dust accumulation, hot spots, and bypass diode faults, are vastly treated in the literature.
The same situation occurs with the faults related with the interconnection among SPV
panels where line-line faults, line to ground, arc faults, open circuit, and short circuit
faults are highly boarded. This is not a weird situation considering that all the generation
process is carried out in DC and then the energy is converted into AC by means of an
inverter. In this sense, if the electric generator (the SPV panels in this case) fails, the
inverter is unable to take some action to continue with the generation process. This is
why it is important to pay special attention in the operation of the SPV panels and their
interconnections. Notwithstanding, the inverter plays a major role in terms of efficiency,
reliability and quality of the supply. The power quality is still a hot topic, and several
concerns related with this issue appear when speaking of renewable energies. In this
sense, a marked trend in SPV systems consists in the design of new topologies for power
inverters that increase the quality and reliability of the power supply. These designs
include reactive power compensators, high speed switching devices, harmonic filters,
and some other modules that pretend to increase the quality in the energy conversion
process. Therefore, more attention must be paid to the monitoring of inverters and
problems in the AC side of the system since all of the equipment that is connected to
the grid, at industrial and residential levels, operates with AC and a low quality causes
damages to the loads that reduces their lifetime and generates unexpected stops in
industries, representing financial loses.

Finally, there is a wide variety of algorithms that deliver good results for the identifi-
cation and classification of different faults in SPV systems, but the most recent strategies
are mainly based on the use of machine learning. This is a tendency that is expected
to continue because of the versatility of these techniques. The main advantage of the
machine learning techniques is that they can work with a broad type of inputs that
go from weather conditions and electrical signal to images. In this sense, the upcom-
ing methodologies are expected to be hybrid approaches that fuses the advantages of
different areas. For instance, signal analysis based on space transforms, e.g., Fourier
transform, wavelets, and empirical mode decomposition, can work along with statistical
analysis-based techniques and with AI-based classifiers to perform an accurate and reli-
able monitoring of the condition of any system. Such methodologies have been widely
explored in other areas of the engineering and they have started to being used in the fault
detection and classification in SPV systems. These schemes present a high adaptability to
new conditions making them robust and efficient. Moreover, the new trends of novelty
detection and transfer learning are strategies becoming popular in some fields of science
and engineering that have the potential to be useful in the condition monitoring of
SPV systems.

6.2. Prospective and Trends for WPG Systems Studies

The revision of the reported literature makes it clear that wind power is today,
and will remain in future, a very important source of renewable energy that faces
important changes and a rapid development. The design and development of new WP
generation technologies has allowed to install a wide variety of WTs that match with
some classifications seen in previous sections. Nevertheless, they are still prone to fail
due to environmental adversities, malfunctioning, as well as aging and wearing due to
their operation through the time. As seen from the revision of the reported works, there
are several elements that integrate the WTs. However, the main elements that have been
addressed for research are the generator, the power converter, the gearbox, the main
bearings of the drivetrain, and the rotor-blades. This fact does not imply that the rest
of the elements on the WTs are less important, it simply reflects that much effort and
research has been focused on such elements because of their importance and effects in
the final power generation capacity, maintenance, and costs. Now, it was also observed
that the faults that are most commonly analyzed and diagnosed are precisely of the
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variety of problems associated to the elements previously mentioned, i.e., generator
short-circuits, wiring faults, power loss, hardware heating of the converter, broken
teeth of gear, damage in the rolling bearings, and in general aging, wear, and corrosion
of mechanical elements. Perhaps it is worthwhile to mention that many of the faults
studied can be simulated in the physical WTs, in other cases through test benches, or
the authors could access historical datasets, or model using a benchmarking framework.
This gives the general perspective that such faults are still going to be studied since
technological developments concerning WTs will continue to be seen in new contexts of
application, installation, and environments, among others. However, there also exists an
area of opportunity in those elements and their associated faults that has not yet been
completely explored and exploited due to the inherent complexity or particularity.

In relation to the FDDMs, it can be said that some years ago the proposed solutions
for FDD use to rely on the signal-based and knowledge-based schemes, where the focus
was on measuring and monitoring signals coming from sensors like current, voltage,
temperature, encoders, and vibrations. Such approaches used to pre-process and pro-
cess the measured signals by means of some space-transformation technique to analyze
the resulting information in a particular domain: time, frequency, or time-frequency.
However, some limitations and drawbacks, e.g., non-linearities, datasets of high dimen-
sionality, multiple or combined conditions, among others, have prompted investigations
to look for new approximations with better benefits. Thus, as an alternative solution, the
model-based methodologies have been considered for performing FDD for any type of
WT technology since a physical system is not required. Moreover, a hybrid approach
model-prediction and physical system can be used, but the main disadvantage of these
approaches is the inherent inaccuracy when system conditions change. Therefore, a
clear tendency in the adoption and development of data-driven methodologies is highly
noticeable, as seen in Table 2. In this sense, most of the current works used machine
learning and deep learning techniques for solving the FDD problem. It is also remarkable
for data-driven schemes that the classical space transform techniques, e.g., STFT, WPT,
FLS, etc., are commonly used for data pre-processing, while techniques, such as TL, PCA,
LSTM, etc., perform feature extraction and dataset reduction, and variants of ANN, e.g.,
DNN, CNN, or SVM, etc., perform fault classification.

Up to now, most investigations have been performed on the common HAWTs for
both onshore and offshore installation due to the reliability, maintenance, and cost.
However, currently, these WP generation systems are facing major challenges in terms of
power generation capacity in the large-scale range, and new investigations are moving
towards VAWTs due to the technological gap limiting these technologies being reduced.
Therefore, this situation also represents an area of opportunity since the design, modeling,
implementation, and study of VAWTs remain complex and underexplored, but with the
new advances in software modelling, the machine learning implementations, and deep
learning techniques, it is possible to explore solutions for these systems.

7. Conclusions

This paper presents a general overview of the two main renewable energy genera-
tion systems, namely the SPV and the WP, regarding two main topics of interest: faults
present in the generation system and the proposed methodologies for fault identifica-
tion. Since the SPV generated energy reaching a global capacity of 760 GW and the
WP generated energy reaching an accumulative global capacity of 837 GW, it is very
important to keep these systems in optimal operation conditions, and for that reason
fault detection and diagnosis are of such importance in this work. Therefore, the first
aspect considered in this review was to present an analysis of the most frequent faults
present in both the SPV and the WP. In summary, the faults present in the SPV systems
can be classified as temporary faults and permanent faults. Thus, the temporary faults
are related with the weather conditions, e.g., cloud presence, partial shadowing, and
dust accumulation. In the case of the permanent faults, a study considering early, ex-
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trinsic, and deterioration faults can be performed. By its part, the faults present in the
WP generation systems can be divided in two main branches, namely faults related to
electrical components and faults related to mechanical components. On one side, the
faults related to the electrical components in turn are those that affect the performance
of an electrical element of a WT, such as the generator or the power converter. On
the other side, the faults related to mechanical components are those that affect some
mechanical part, such as the gearbox, the main bearings, or the rotor-blade. All the faults
analyzed in this review affect main aspects of the operation condition in the SPV and WP
generation systems, e.g., reducing their power output capacity, disrupting maintenance
actions, and increasing the operation costs. Therefore, as a complement and to provide a
solution to these problems, several methodologies have been reported in the literature
for performing fault detection and diagnosis. It is very interesting how in both SPV and
WP the tendency in the investigations is towards the use of data-driven methodologies
that implement machine learning and use deep learning techniques. It worthwhile to
mention that the general current schemes for fault detection and diagnosis imply in
general five main steps: data acquisition, data pre-processing, features extraction, feature
dimensionality reduction, and classification. There exist several areas of opportunity
regarding the energy generation systems, specifically considering fault detection and
diagnosis. For instance, there are few works of WP generation systems that handle
elements, other than generators, power converters, gearboxes, and blades, that have
not been deep explored. Besides, although the data-driven approaches are used with
most frequency today, there are still drawbacks, limitations, and optimizations that need
to be considered, and the combination of techniques in the five main steps previously
mentioned still requires attention.
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Nomenclature
CAE Convolutional Auto-Encoder PBTL Parameters-based Transfer Learning
XBoost Extreme Gradient Boosting LSTM Long Short-Term Memory
ANN Artificial Neural Networks FLS Fuzzy Logic System
WRST Wilcoxon Rank Sum Test BAS beetle antennae search-based
PCA Principal Component Analysis DNN Deep Neural Network
FSK Fast Spectral Kurtosis AM Attention Mechanism
MLR Mass-Loss-Rate ReliefF Relief series algorithm
FIE Fault Isolation Estimator kNN K-Nearest Neighbor
TL Transfer Learning STFT Short Time Fourier Transform
MKFCNN Multi-kernel Fusion Convolutional D-S T Dempster-Shafer theory

Neural Network
MC-CNN Multi-Channel Convolutional Neural Network KF Kalman Filter
RPCA Recursive Principal Component Analysis SM Sensor Model
FDAE Fault Detection and Approximation Estimator SVM Support Vector Machine
RTSMFDE Refined Time-Shift Multiscale CNN Convolutional Neural Network

Fluctuation-based Dispersion Entropy
CPCSMM Cosine Pairwise-Constrained SPH Smooth Particle Hydrodynamics

Supervised Manifold Mapping
ESRIR Enhanced Sparse Representation-based PDF Probability Density Function

Intelligent Recognition
GRNN-ESI Generalized Regression Neural Network WPT Wavelet Package Transformation

Ensemble for Single Imputation
HA-ResNet Hybrid Attention Improved Residual Network MPE Multiscale Permutation Entropy
SDWBOTE Dependent Wild Bootstrapped NOFRF Nonlinear Output Frequency

Oversampling Technique Response Function
SRFS Stochastic Rain Field Simulation MBCNN Multi-Branch Convolutional

Neural Network
MSSM Mahalanobis Semi-supervised Mapping
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66. Jaszczur, M.; Koshti, A.; Nawrot, W.; Sędor, P. An Investigation of the Dust Accumulation on Photovoltaic Panels. Environ. Sci.
Pollut. Res. 2020, 27, 2001–2014. [CrossRef]

67. Lau, C.Y.; Gan, C.K.; Baharin, K.A.; Sulaima, M.F. A Review on the Impacts of Passing-Clouds on Distribution Network Connected
with Solar Photovoltaic System. Int. Rev. Electr. Eng. IREE 2015, 10, 449–457. [CrossRef]

http://doi.org/10.1109/ACCESS.2021.3110909
http://doi.org/10.1109/TLA.2020.9111685
http://doi.org/10.1109/JSEN.2019.2948997
http://doi.org/10.1016/j.apenergy.2022.119209
http://doi.org/10.1016/j.renene.2021.12.054
http://doi.org/10.1016/j.neucom.2022.01.067
http://doi.org/10.1016/j.renene.2021.12.056
http://doi.org/10.1016/j.knosys.2021.107276
http://doi.org/10.1016/j.renene.2021.01.143
http://doi.org/10.1016/j.enconman.2017.10.090
http://doi.org/10.3390/electronics10010078
http://doi.org/10.1049/iet-rpg.2018.5649
http://doi.org/10.1016/j.enpol.2017.11.008
http://doi.org/10.1109/ACCESS.2019.2937100
http://doi.org/10.1016/j.jclepro.2019.04.107
http://doi.org/10.1016/j.rser.2020.110347
http://doi.org/10.1016/j.solener.2019.06.017
http://doi.org/10.3103/S0003701X19040054
http://doi.org/10.14419/ijet.v8i1.7.25950
http://doi.org/10.1016/j.egyr.2021.09.006
http://doi.org/10.3390/su122410598
http://doi.org/10.1016/j.apenergy.2018.04.106
http://doi.org/10.1016/j.apenergy.2020.115507
http://doi.org/10.1007/s11356-019-06742-2
http://doi.org/10.15866/iree.v10i3.5817


Energies 2022, 15, 5404 33 of 36

68. Lappalainen, K.; Valkealahti, S. Photovoltaic Mismatch Losses Caused by Moving Clouds. Sol. Energy 2017, 158, 455–461.
[CrossRef]

69. Lappalainen, K.; Valkealahti, S. Number of Maximum Power Points in Photovoltaic Arrays during Partial Shading Events by
Clouds. Renew. Energy 2020, 152, 812–822. [CrossRef]

70. Mostafaee, G.; Ghandehari, R. Power Enhancement of Photovoltaic Arrays under Partial Shading Conditions by a New Dynamic
Reconfiguration Method. J. Energy Manag. Technol. 2020, 4, 46–51. [CrossRef]

71. Bodkhe, S.; Sawarkar, P.; Bopche, M.; Kumbhare, P.; Deshpande, V. Partial Shading, Effects and Solution for Photovoltaic String:
A Review. Helix-Sci. Explor. Peer Rev. Bimon. Int. J. 2020, 10, 58–62.

72. Kazem, H.A.; Chaichan, M.T.; Al-Waeli, A.H.A.; Sopian, K. A Review of Dust Accumulation and Cleaning Methods for Solar
Photovoltaic Systems. J. Clean. Prod. 2020, 276, 123187. [CrossRef]

73. Fan, S.; Wang, Y.; Cao, S.; Sun, T.; Liu, P. A Novel Method for Analyzing the Effect of Dust Accumulation on Energy Efficiency
Loss in Photovoltaic (PV) System. Energy 2021, 234, 121112. [CrossRef]

74. Köntges, M.; Kurtz, S.; Packard, C.E.; Jahn, U.; Berger, K.A.; Kato, K.; Friesen, T.; Liu, H.; Van Iseghem, M.; Wohlgemuth, J.; et al.
Review of Failures of Photovoltaic Modules; IEA International Energy Agency: Paris, France, 2014.

75. Schuss, C.; Leppänen, K.; Remes, K.; Saarela, J.; Fabritius, T.; Eichberger, B.; Rahkonen, T. Detecting Defects in Photovoltaic Cells
and Panels and Evaluating the Impact on Output Performances. IEEE Trans. Instrum. Meas. 2016, 65, 1108–1119. [CrossRef]

76. Ancuta, F.; Cepisca, C. Fault Analysis Possibilities for PV Panels. In Proceedings of the 2011 3rd International Youth Conference
on Energetics (IYCE), Leiria, Portugal, 7–9 July 2011; pp. 1–5.

77. Mastny, P.; Radil, L.; Mastna, Z. Possibilities of PV Panels Defects Identification and Determination of Its Effect on the Economy
of Photovoltaic Power Plants Operation. In MMES’11/DEEE’11/COMATIA’11: Proceedings of the 2nd International Conference on
Mathematical Models for Engineering Science, and Proceedings of the 2nd international conference on Development, Energy, Environment,
Economics, and Proceedings of the 2nd International Conference on Communication and Management in Technological Innovation and Academic
Globalization; World Scientific and Engineering Academy and Society (WSEAS): Stevens Point, WI, USA, 2011; pp. 233–238.

78. Alam, M.K.; Khan, F.; Johnson, J.; Flicker, J. A Comprehensive Review of Catastrophic Faults in PV Arrays: Types, Detection, and
Mitigation Techniques. IEEE J. Photovolt. 2015, 5, 982–997. [CrossRef]

79. Xia, K.; He, Z.; Yuan, Y.; Wang, Y.; Xu, P. An Arc Fault Detection System for the Household Photovoltaic Inverter According to the
DC Bus Currents. In Proceedings of the 2015 18th International Conference on Electrical Machines and Systems (ICEMS), Pattaya,
Thailand, 25–28 October 2015; pp. 1687–1690.

80. Sabbaghpur Arani, M.; Hejazi, M.A. The Comprehensive Study of Electrical Faults in PV Arrays. J. Electr. Comput. Eng. 2016,
2016, e8712960. [CrossRef]

81. Lu, S.; Phung, B.T.; Zhang, D. A Comprehensive Review on DC Arc Faults and Their Diagnosis Methods in Photovoltaic Systems.
Renew. Sustain. Energy Rev. 2018, 89, 88–98. [CrossRef]

82. Liu, X.; Yue, S.; Lu, L.; Li, J. Investigation of the Dust Scaling Behaviour on Solar Photovoltaic Panels. J. Clean. Prod. 2021, 295, 126391.
[CrossRef]

83. Balasubramani, G.; Thangavelu, V.; Chinnusamy, M.; Subramaniam, U.; Padmanaban, S.; Mihet-Popa, L. Infrared Thermography
Based Defects Testing of Solar Photovoltaic Panel with Fuzzy Rule-Based Evaluation. Energies 2020, 13, 1343. [CrossRef]

84. Inman, R.H.; Pedro, H.T.C.; Coimbra, C.F.M. Solar Forecasting Methods for Renewable Energy Integration. Prog. Energy Combust.
Sci. 2013, 39, 535–576. [CrossRef]

85. Park, C.-Y.; Hong, S.-H.; Lim, S.-C.; Song, B.-S.; Park, S.-W.; Huh, J.-H.; Kim, J.-C. Inverter Efficiency Analysis Model Based on
Solar Power Estimation Using Solar Radiation. Processes 2020, 8, 1225. [CrossRef]

86. Farias-Basulto, G.A.; Reyes-Figueroa, P.; Ulbrich, C.; Szyszka, B.; Schlatmann, R.; Klenk, R. Validation of a Multiple Linear
Regression Model for CIGSSe Photovoltaic Module Performance and Pmpp Prediction. Sol. Energy 2020, 208, 859–865. [CrossRef]

87. Shadab, A.; Ahmad, S.; Said, S. Spatial Forecasting of Solar Radiation Using ARIMA Model. Remote Sens. Appl. Soc. Environ. 2020,
20, 100427. [CrossRef]

88. Sharadga, H.; Hajimirza, S.; Balog, R.S. Time Series Forecasting of Solar Power Generation for Large-Scale Photovoltaic Plants.
Renew. Energy 2020, 150, 797–807. [CrossRef]

89. Suresh, V.; Janik, P.; Rezmer, J.; Leonowicz, Z. Forecasting Solar PV Output Using Convolutional Neural Networks with a Sliding
Window Algorithm. Energies 2020, 13, 723. [CrossRef]

90. Álvarez-Alvarado, J.M.; Ríos-Moreno, J.G.; Obregón-Biosca, S.A.; Ronquillo-Lomelí, G.; Ventura-Ramos, E.; Trejo-Perea, M.
Hybrid Techniques to Predict Solar Radiation Using Support Vector Machine and Search Optimization Algorithms: A Review.
Appl. Sci. 2021, 11, 1044. [CrossRef]

91. Sobolewski, K.; Sobieska, E. Analysis of the Effectiveness of Lightning and Surge Protection in a Large Solar Farm. Arch. Electr.
Eng. 2022, 523–542. [CrossRef]

92. Zhang, Y.; Chen, H.; Du, Y. Lightning Protection Design of Solar Photovoltaic Systems: Methodology and Guidelines. Electr.
Power Syst. Res. 2019, 174, 105877. [CrossRef]

93. Zhai, R.; Chen, Y.; Liu, H.; Wu, H.; Yang, Y. Optimal Design Method of a Hybrid CSP-PV Plant Based on Genetic Algorithm
Considering the Operation Strategy. Int. J. Photoenergy 2018, 2018, e8380276. [CrossRef]

94. Kefale, H.A.; Getie, E.M.; Eshetie, K.G. Optimal Design of Grid-Connected Solar Photovoltaic System Using Selective Particle
Swarm Optimization. Int. J. Photoenergy 2021, 2021, e6632859. [CrossRef]

http://doi.org/10.1016/j.solener.2017.10.001
http://doi.org/10.1016/j.renene.2020.01.119
http://doi.org/10.22109/jemt.2019.150205.1126
http://doi.org/10.1016/j.jclepro.2020.123187
http://doi.org/10.1016/j.energy.2021.121112
http://doi.org/10.1109/TIM.2015.2508287
http://doi.org/10.1109/JPHOTOV.2015.2397599
http://doi.org/10.1155/2016/8712960
http://doi.org/10.1016/j.rser.2018.03.010
http://doi.org/10.1016/j.jclepro.2021.126391
http://doi.org/10.3390/en13061343
http://doi.org/10.1016/j.pecs.2013.06.002
http://doi.org/10.3390/pr8101225
http://doi.org/10.1016/j.solener.2020.08.040
http://doi.org/10.1016/j.rsase.2020.100427
http://doi.org/10.1016/j.renene.2019.12.131
http://doi.org/10.3390/en13030723
http://doi.org/10.3390/app11031044
http://doi.org/10.24425/aee.2022.140726
http://doi.org/10.1016/j.epsr.2019.105877
http://doi.org/10.1155/2018/8380276
http://doi.org/10.1155/2021/6632859


Energies 2022, 15, 5404 34 of 36

95. Kim, W.; Eom, H.; Kwon, Y. Optimal Design of Photovoltaic Connected Energy Storage System Using Markov Chain Models.
Sustainability 2021, 13, 3837. [CrossRef]

96. Ajmal, A.M.; Babu, T.S.; Ramachandaramurthy, V.K.; Yousri, D.; Ekanayake, J.B. Static and Dynamic Reconfiguration Approaches
for Mitigation of Partial Shading Influence in Photovoltaic Arrays. Sustain. Energy Technol. Assess. 2020, 40, 100738. [CrossRef]

97. Yang, Z.; Zhang, N.; Wang, J.; Liu, Y.; Fu, L. Improved Non-Symmetrical Puzzle Reconfiguration Scheme for Power Loss
Reduction in Photovoltaic Systems under Partial Shading Conditions. Sustain. Energy Technol. Assess. 2022, 51, 101934. [CrossRef]

98. Xue, S.; Jia, Q.; Tian, S.; Su, Y.; Yu, H. Performance Improvement Strategy for Photovoltaic Generation through Dynamic
Reconfiguration of Cell Strings. Int. J. Electr. Power Energy Syst. 2021, 125, 106456. [CrossRef]

99. Hammad, B.; Al-Abed, M.; Al-Ghandoor, A.; Al-Sardeah, A.; Al-Bashir, A. Modeling and Analysis of Dust and Temperature
Effects on Photovoltaic Systems’ Performance and Optimal Cleaning Frequency: Jordan Case Study. Renew. Sustain. Energy Rev.
2018, 82, 2218–2234. [CrossRef]

100. Fan, S.; Wang, Y.; Cao, S.; Zhao, B.; Sun, T.; Liu, P. A Deep Residual Neural Network Identification Method for Uneven Dust
Accumulation on Photovoltaic (PV) Panels. Energy 2022, 239, 122302. [CrossRef]

101. Saquib, D.; Nasser, M.N.; Ramaswamy, S. Image Processing Based Dust Detection and Prediction of Power Using ANN in
PV Systems. In Proceedings of the 2020 Third International Conference on Smart Systems and Inventive Technology (ICSSIT),
Tirunelveli, India, 20–22 August 2020; pp. 1286–1292.

102. Lu, H.; Cai, R.; Zhang, L.-Z.; Lu, L.; Zhang, L. Experimental Investigation on Deposition Reduction of Different Types of Dust on
Solar PV Cells by Self-Cleaning Coatings. Sol. Energy 2020, 206, 365–373. [CrossRef]

103. Syafiq, A.; Balakrishnan, V.; Ali, M.S.; Dhoble, S.J.; Rahim, N.A.; Omar, A.; Bakar, A.H.A. Application of Transparent Self-Cleaning
Coating for Photovoltaic Panel: A Review. Curr. Opin. Chem. Eng. 2022, 36, 100801. [CrossRef]

104. Kawamoto, H. Improved Detachable Electrodynamic Cleaning System for Dust Removal from Soiled Photovoltaic Panels.
J. Electrost. 2020, 107, 103481. [CrossRef]

105. Ghodki, M.K.; Swarup, A.; Pal, Y. A New IR and Sprinkler Based Embedded Controller Directed Robotic Arm for Automatic
Cleaning of Solar Panel. J. Eng. Des. Technol. 2019, 18, 905–921. [CrossRef]

106. Parrott, B.; Carrasco Zanini, P.; Shehri, A.; Kotsovos, K.; Gereige, I. Automated, Robotic Dry-Cleaning of Solar Panels in Thuwal,
Saudi Arabia Using a Silicone Rubber Brush. Sol. Energy 2018, 171, 526–533. [CrossRef]

107. Solar Electric, Glass/Glass Model No STKP-60-250, 250Wp Polycrystaline 60 Cell Module. Available online: http://www.
solarelectricuk.com/datasheets/Glass-Model-STKP-60-250-Polycrystalline-Cell-Module.pdf (accessed on 16 July 2022).

108. García, E.; Ponluisa, N.; Quiles, E.; Zotovic-Stanisic, R.; Gutiérrez, S.C. Solar Panels String Predictive and Parametric Fault
Diagnosis Using Low-Cost Sensors. Sensors 2022, 22, 332. [CrossRef] [PubMed]

109. Eskandari, A.; Milimonfared, J.; Aghaei, M. Line-Line Fault Detection and Classification for Photovoltaic Systems Using Ensemble
Learning Model Based on I-V Characteristics. Sol. Energy 2020, 211, 354–365. [CrossRef]

110. Chen, Z.; Chen, Y.; Wu, L.; Cheng, S.; Lin, P. Deep Residual Network Based Fault Detection and Diagnosis of Photovoltaic Arrays
Using Current-Voltage Curves and Ambient Conditions. Energy Convers. Manag. 2019, 198, 111793. [CrossRef]

111. Madeti, S.R.; Singh, S.N. Modeling of PV System Based on Experimental Data for Fault Detection Using KNN Method. Sol. Energy
2018, 173, 139–151. [CrossRef]

112. Murillo-Soto, L.D.; Meza, C. Photovoltaic Array Fault Detection Algorithm Based on Least Significant Difference Test. In
Applied Computer Sciences in Engineering; Figueroa-García, J.C., Garay-Rairán, F.S., Hernández-Pérez, G.J., Díaz-Gutierrez, Y., Eds.;
Springer International Publishing: Cham, Switzerland, 2020; pp. 501–515.

113. Mansouri, M.; Al-khazraji, A.; Hajji, M.; Harkat, M.F.; Nounou, H.; Nounou, M. Wavelet Optimized EWMA for Fault Detection
and Application to Photovoltaic Systems. Sol. Energy 2018, 167, 125–136. [CrossRef]

114. Fazai, R.; Abodayeh, K.; Mansouri, M.; Trabelsi, M.; Nounou, H.; Nounou, M.; Georghiou, G.E. Machine Learning-Based
Statistical Testing Hypothesis for Fault Detection in Photovoltaic Systems. Sol. Energy 2019, 190, 405–413. [CrossRef]

115. Hajji, M.; Harkat, M.-F.; Kouadri, A.; Abodayeh, K.; Mansouri, M.; Nounou, H.; Nounou, M. Multivariate Feature Extraction
Based Supervised Machine Learning for Fault Detection and Diagnosis in Photovoltaic Systems. Eur. J. Control 2021, 59, 313–321.
[CrossRef]

116. Hussain, M.; Dhimish, M.; Titarenko, S.; Mather, P. Artificial Neural Network Based Photovoltaic Fault Detection Algorithm
Integrating Two Bi-Directional Input Parameters. Renew. Energy 2020, 155, 1272–1292. [CrossRef]

117. Aziz, F.; Ul Haq, A.; Ahmad, S.; Mahmoud, Y.; Jalal, M.; Ali, U. A Novel Convolutional Neural Network-Based Approach for
Fault Classification in Photovoltaic Arrays. IEEE Access 2020, 8, 41889–41904. [CrossRef]

118. Zhu, H.; Lu, L.; Yao, J.; Dai, S.; Hu, Y. Fault Diagnosis Approach for Photovoltaic Arrays Based on Unsupervised Sample
Clustering and Probabilistic Neural Network Model. Sol. Energy 2018, 176, 395–405. [CrossRef]

119. Vieira, R.G.; Dhimish, M.; de Araújo, F.M.U.; Guerra, M.I.S. PV Module Fault Detection Using Combined Artificial Neural
Network and Sugeno Fuzzy Logic. Electronics 2020, 9, 2150. [CrossRef]

120. Ali, M.U.; Khan, H.F.; Masud, M.; Kallu, K.D.; Zafar, A. A Machine Learning Framework to Identify the Hotspot in Photovoltaic
Module Using Infrared Thermography. Sol. Energy 2020, 208, 643–651. [CrossRef]

121. Manno, D.; Cipriani, G.; Ciulla, G.; Di Dio, V.; Guarino, S.; Lo Brano, V. Deep Learning Strategies for Automatic Fault Diagnosis
in Photovoltaic Systems by Thermographic Images. Energy Convers. Manag. 2021, 241, 114315. [CrossRef]

http://doi.org/10.3390/su13073837
http://doi.org/10.1016/j.seta.2020.100738
http://doi.org/10.1016/j.seta.2021.101934
http://doi.org/10.1016/j.ijepes.2020.106456
http://doi.org/10.1016/j.rser.2017.08.070
http://doi.org/10.1016/j.energy.2021.122302
http://doi.org/10.1016/j.solener.2020.06.012
http://doi.org/10.1016/j.coche.2022.100801
http://doi.org/10.1016/j.elstat.2020.103481
http://doi.org/10.1108/JEDT-10-2019-0253
http://doi.org/10.1016/j.solener.2018.06.104
http://www.solarelectricuk.com/datasheets/Glass-Model-STKP-60-250-Polycrystalline-Cell-Module.pdf
http://www.solarelectricuk.com/datasheets/Glass-Model-STKP-60-250-Polycrystalline-Cell-Module.pdf
http://doi.org/10.3390/s22010332
http://www.ncbi.nlm.nih.gov/pubmed/35009874
http://doi.org/10.1016/j.solener.2020.09.071
http://doi.org/10.1016/j.enconman.2019.111793
http://doi.org/10.1016/j.solener.2018.07.038
http://doi.org/10.1016/j.solener.2018.03.073
http://doi.org/10.1016/j.solener.2019.08.032
http://doi.org/10.1016/j.ejcon.2020.03.004
http://doi.org/10.1016/j.renene.2020.04.023
http://doi.org/10.1109/ACCESS.2020.2977116
http://doi.org/10.1016/j.solener.2018.10.054
http://doi.org/10.3390/electronics9122150
http://doi.org/10.1016/j.solener.2020.08.027
http://doi.org/10.1016/j.enconman.2021.114315


Energies 2022, 15, 5404 35 of 36

122. Wang, Q.; Paynabar, K.; Pacella, M. Online Automatic Anomaly Detection for Photovoltaic Systems Using Thermography Imaging
and Low Rank Matrix Decomposition. J. Qual. Technol. 2021, 1–14. [CrossRef]

123. Khandakar, A.; Chowdhury, M.E.H.; Kazi, M.K.; Benhmed, K.; Touati, F.; Al-Hitmi, M.; Gonzales, A.S.P., Jr. Machine Learning
Based Photovoltaics (PV) Power Prediction Using Different Environmental Parameters of Qatar. Energies 2019, 12, 2782. [CrossRef]

124. Eskandari, A.; Milimonfared, J.; Aghaei, M. Fault Detection and Classification for Photovoltaic Systems Based on Hierarchical
Classification and Machine Learning Technique. IEEE Trans. Ind. Electron. 2021, 68, 12750–12759. [CrossRef]

125. Breeze, P. Wind Power Generation, 1st ed.; Academic Press: Oxford, UK; Elservier: New York, NY, USA, 2016; ISBN 978-0-12-804038-6.
126. McMillan, D.; Ault, G.W. Techno-Economic Comparison of Operational Aspects for Direct Drive and Gearbox-Driven Wind

Turbines. IEEE Trans. Energy Convers. 2010, 25, 191–198. [CrossRef]
127. Liu, P.; Meng, F.; Barlow, C.Y. Wind Turbine Blade End-of-Life Options: An Economic Comparison. Resour. Conserv. Recycl. 2022,

180, 106202. [CrossRef]
128. Tong, W. Wind Power Generation and Wind Turbine Design, 1st ed.; WIT Press: Southampton, UK, 2010; ISBN 978-1-84564-205-1.
129. Hand, B.; Cashman, A. A Review on the Historical Development of the Lift-Type Vertical Axis Wind Turbine: From Onshore to

Offshore Floating Application. Sustain. Energy Technol. Assess. 2020, 38, 100646. [CrossRef]
130. Shin, J.-S.; Kim, J.-O. Optimal Design for Offshore Wind Farm Considering Inner Grid Layout and Offshore Substation Location.

IEEE Trans. Power Syst. 2017, 32, 2041–2048. [CrossRef]
131. Pellegrini, M.; Guzzini, A.; Saccani, C. Experimental Measurements of the Performance of a Micro-Wind Turbine Located in an

Urban Area. Energy Rep. 2021, 7, 3922–3934. [CrossRef]
132. De Kooning, J.D.M.; Samani, A.E.; De Zutter, S.; De Maeyer, J.; Vandevelde, L. Techno-Economic Optimisation of Small Wind

Turbines Using Co-Design on a Parametrised Model. Sustain. Energy Technol. Assess. 2021, 45, 101165. [CrossRef]
133. Hall, J.F.; Chen, D. Performance of a 100 KW Wind Turbine with a Variable Ratio Gearbox. Renew. Energy 2012, 44, 261–266.

[CrossRef]
134. Xu, Y.; Maki, N.; Izumi, M. Overview Study on Electrical Design of Large-Scale Wind Turbine HTS Generators. IEEE Trans. Appl.

Supercond. 2018, 28, 17745502. [CrossRef]
135. Mérida, J.; Aguilar, L.T.; Dávila, J. Increasing Power Generation Efficiency in Horizontal Wind Turbines by Rejecting Electrome-

chanical Uncertainties Due to the Wind. IEEE Control Syst. Lett. 2022, 6, 217–222. [CrossRef]
136. Möllerström, E.; Gipe, P.; Beurskens, J.; Ottermo, F. A Historical Review of Vertical Axis Wind Turbines Rated 100 KW and Above.

Renew. Sustain. Energy Rev. 2019, 105, 1–13. [CrossRef]
137. Wang, Z.; Tian, W.; Hu, H. A Comparative Study on the Aeromechanic Performances of Upwind and Downwind Horizontal-Axis

Wind Turbines. Energy Convers. Manag. 2018, 163, 100–110. [CrossRef]
138. Singh, A.; Benzaquen, J.; Mirafzal, B. Current Source Generator–Converter Topology for Direct-Drive Wind Turbines. IEEE Trans.

Ind. Appl. 2018, 54, 1663–1670. [CrossRef]
139. Taherian-Fard, E.; Sahebi, R.; Niknam, T.; Izadian, A.; Shasadeghi, M. Wind Turbine Drivetrain Technologies. IEEE Trans. Ind.

Appl. 2020, 56, 1729–1741. [CrossRef]
140. Baniassadi, A.; Shirinbakhsh, M.; Torabi, F. Multivariate Optimization of Off-Grid Wind Turbines with Variable Demand—Case

Study of a Remote Commercial Building. Renew. Energy 2017, 101, 1021–1029. [CrossRef]
141. Sayahi, K.; Kadri, A.; Bacha, F.; Marzougui, H. Implementation of a D-STATCOM Control Strategy Based on Direct Power Control

Method for Grid Connected Wind Turbine. Int. J. Electr. Power Energy Syst. 2020, 121, 106105. [CrossRef]
142. Bhattacharjee, S. 5—Wind Power Technology. In Sustainable Fuel Technologies Handbook; Dutta, S., Mustansar Hussain, C., Eds.;

Academic Press: New York, NY, USA, 2021; pp. 123–170; ISBN 978-0-12-822989-7.
143. Roga, S.; Bardhan, S.; Kumar, Y.; Dubey, S.K. Recent Technology and Challenges of Wind Energy Generation: A Review. Sustain.

Energy Technol. Assess. 2022, 52, 102239. [CrossRef]
144. Tjiu, W.; Marnoto, T.; Mat, S.; Ruslan, M.H.; Sopian, K. Darrieus Vertical Axis Wind Turbine for Power Generation II: Challenges

in HAWT and the Opportunity of Multi-Megawatt Darrieus VAWT Development. Renew. Energy 2015, 75, 560–571. [CrossRef]
145. Liu, J.; Lin, H.; Zhang, J. Review on the Technical Perspectives and Commercial Viability of Vertical Axis Wind Turbines. Ocean

Eng. 2019, 182, 608–626. [CrossRef]
146. Barnes, A.; Marshall-Cross, D.; Hughes, B.R. Towards a Standard Approach for Future Vertical Axis Wind Turbine Aerodynamics

Research and Development. Renew. Sustain. Energy Rev. 2021, 148, 111221. [CrossRef]
147. Tjiu, W.; Marnoto, T.; Mat, S.; Ruslan, M.H.; Sopian, K. Darrieus Vertical Axis Wind Turbine for Power Generation I: Assessment

of Darrieus VAWT Configurations. Renew. Energy 2015, 75, 50–67. [CrossRef]
148. Liang, J.; Zhang, K.; Al-Durra, A.; Muyeen, S.M.; Zhou, D. A State-of-the-Art Review on Wind Power Converter Fault Diagnosis.

Energy Rep. 2022, 8, 5341–5369. [CrossRef]
149. Smet, V.; Forest, F.; Huselstein, J.-J.; Richardeau, F.; Khatir, Z.; Lefebvre, S.; Berkani, M. Ageing and Failure Modes of IGBT

Modules in High-Temperature Power Cycling. IEEE Trans. Ind. Electron. 2011, 58, 4931–4941. [CrossRef]
150. Trizoglou, P.; Liu, X.; Lin, Z. Fault Detection by an Ensemble Framework of Extreme Gradient Boosting (XGBoost) in the Operation

of Offshore Wind Turbines. Renew. Energy 2021, 179, 945–962. [CrossRef]
151. Zare, S.; Ayati, M. Simultaneous Fault Diagnosis of Wind Turbine Using Multichannel Convolutional Neural Networks. ISA

Trans. 2021, 108, 230–239. [CrossRef] [PubMed]

http://doi.org/10.1080/00224065.2021.1948372
http://doi.org/10.3390/en12142782
http://doi.org/10.1109/TIE.2020.3047066
http://doi.org/10.1109/TEC.2009.2032596
http://doi.org/10.1016/j.resconrec.2022.106202
http://doi.org/10.1016/j.seta.2020.100646
http://doi.org/10.1109/TPWRS.2016.2593501
http://doi.org/10.1016/j.egyr.2021.05.081
http://doi.org/10.1016/j.seta.2021.101165
http://doi.org/10.1016/j.renene.2012.01.094
http://doi.org/10.1109/TASC.2018.2815918
http://doi.org/10.1109/LCSYS.2021.3060157
http://doi.org/10.1016/j.rser.2018.12.022
http://doi.org/10.1016/j.enconman.2018.02.038
http://doi.org/10.1109/TIA.2017.2781646
http://doi.org/10.1109/TIA.2020.2966169
http://doi.org/10.1016/j.renene.2016.09.067
http://doi.org/10.1016/j.ijepes.2020.106105
http://doi.org/10.1016/j.seta.2022.102239
http://doi.org/10.1016/j.renene.2014.10.039
http://doi.org/10.1016/j.oceaneng.2019.04.086
http://doi.org/10.1016/j.rser.2021.111221
http://doi.org/10.1016/j.renene.2014.09.038
http://doi.org/10.1016/j.egyr.2022.03.178
http://doi.org/10.1109/TIE.2011.2114313
http://doi.org/10.1016/j.renene.2021.07.085
http://doi.org/10.1016/j.isatra.2020.08.021
http://www.ncbi.nlm.nih.gov/pubmed/32861480


Energies 2022, 15, 5404 36 of 36

152. Zhang, K.; Tang, B.; Deng, L.; Liu, X. A Hybrid Attention Improved ResNet Based Fault Diagnosis Method of Wind Turbines
Gearbox. Measurement 2021, 179, 109491. [CrossRef]

153. Liu, Y.; Ferrari, R.; Wu, P.; Jiang, X.; Li, S.; Wingerden, J.-W. van Fault Diagnosis of the 10MW Floating Offshore Wind Turbine
Benchmark: A Mixed Model and Signal-Based Approach. Renew. Energy 2021, 164, 391–406. [CrossRef]

154. Jiang, G.; Jia, C.; Nie, S.; Wu, X.; He, Q.; Xie, P. Multiview Enhanced Fault Diagnosis for Wind Turbine Gearbox Bearings with
Fusion of Vibration and Current Signals. Measurement 2022, 196, 111159. [CrossRef]

155. Wen, X.; Xu, Z. Wind Turbine Fault Diagnosis Based on ReliefF-PCA and DNN. Expert Syst. Appl. 2021, 178, 115016. [CrossRef]
156. International Electrotechnical Commission. IEC 61400-24:2019 Wind Energy Generation Systems; Part 24: Lightning Protection;

International Electrotechnical Commission: Geneva, Switzerland, 2019.
157. Callegari, R.H.M.; Pissolato, J.; De Araujo, R.A. Analysis of Lightning Protection Models for Wind Turbine Blades. In Proceedings

of the 2021 IEEE URUCON, Montevideo, Uruguay, 24–26 November 2021; pp. 472–475.
158. Deshagoni, R.G.; Auditore, T.; Rayudu, R.; Moore, C.P. Factors Determining the Effectiveness of a Wind Turbine Generator

Lightning Protection System. IEEE Trans. Ind. Appl. 2019, 55, 6585–6592. [CrossRef]
159. Pang, Y.; He, Q.; Jiang, G.; Xie, P. Spatio-Temporal Fusion Neural Network for Multi-Class Fault Diagnosis of Wind Turbines

Based on SCADA Data. Renew. Energy 2020, 161, 510–524. [CrossRef]
160. Zhang, S.; Lang, Z.-Q. SCADA-Data-Based Wind Turbine Fault Detection: A Dynamic Model Sensor Method. Control Eng. Pract.

2020, 102, 104546. [CrossRef]
161. Zhu, H.; Liu, J.; Zhu, H.; Lu, D.; Wang, Z. A Novel Wind Turbine Fault Detection Method Based on Fuzzy Logic System Using

Neural Network Construction Method. IFAC-PapersOnLine 2020, 53, 664–668. [CrossRef]
162. Cho, S.; Choi, M.; Gao, Z.; Moan, T. Fault Detection and Diagnosis of a Blade Pitch System in a Floating Wind Turbine Based on

Kalman Filters and Artificial Neural Networks. Renew. Energy 2021, 169, 1–13. [CrossRef]
163. Xiang, L.; Wang, P.; Yang, X.; Hu, A.; Su, H. Fault Detection of Wind Turbine Based on SCADA Data Analysis Using CNN and

LSTM with Attention Mechanism. Measurement 2021, 175, 109094. [CrossRef]
164. Zhang, J.; Xu, B.; Wang, Z.; Zhang, J. An FSK-MBCNN Based Method for Compound Fault Diagnosis in Wind Turbine Gearboxes.

Measurement 2021, 172, 108933. [CrossRef]
165. Kong, Y.; Qin, Z.; Wang, T.; Han, Q.; Chu, F. An Enhanced Sparse Representation-Based Intelligent Recognition Method for Planet

Bearing Fault Diagnosis in Wind Turbines. Renew. Energy 2021, 173, 987–1004. [CrossRef]
166. Chen, W.; Qiu, Y.; Feng, Y.; Li, Y.; Kusiak, A. Diagnosis of Wind Turbine Faults with Transfer Learning Algorithms. Renew. Energy

2021, 163, 2053–2067. [CrossRef]
167. Wang, Z.; Yao, L.; Cai, Y.; Zhang, J. Mahalanobis Semi-Supervised Mapping and Beetle Antennae Search Based Support Vector

Machine for Wind Turbine Rolling Bearings Fault Diagnosis. Renew. Energy 2020, 155, 1312–1327. [CrossRef]
168. Jiang, N.; Li, N. A Wind Turbine Frequent Principal Fault Detection and Localization Approach with Imbalanced Data Using an

Improved Synthetic Oversampling Technique. Int. J. Electr. Power Energy Syst. 2021, 126, 106595. [CrossRef]

http://doi.org/10.1016/j.measurement.2021.109491
http://doi.org/10.1016/j.renene.2020.06.130
http://doi.org/10.1016/j.measurement.2022.111159
http://doi.org/10.1016/j.eswa.2021.115016
http://doi.org/10.1109/TIA.2019.2931866
http://doi.org/10.1016/j.renene.2020.06.154
http://doi.org/10.1016/j.conengprac.2020.104546
http://doi.org/10.1016/j.ifacol.2021.04.157
http://doi.org/10.1016/j.renene.2020.12.116
http://doi.org/10.1016/j.measurement.2021.109094
http://doi.org/10.1016/j.measurement.2020.108933
http://doi.org/10.1016/j.renene.2021.04.019
http://doi.org/10.1016/j.renene.2020.10.121
http://doi.org/10.1016/j.renene.2020.04.041
http://doi.org/10.1016/j.ijepes.2020.106595

	Introduction 
	Frequent Fault Conditions in SPV Generation Systems 
	Current Methodologies for Fault Diagnosis in SPV Generation Systems 
	Techniques for Temporary Fault Identification 
	Solar Forecasting Methods 
	Optimal Design and Planification Methods 
	Strategies for Dust Accumulation 

	Fault Detection Based on Current-Voltage (I-V) Curves 
	Statistical Analysis for Fault Detection 
	Artificial Intelligence Techniques for Fault Detection 
	Infrarred Termography 
	Machine Learning for Fault Detection in SPV Systems 

	Frequent Faults Conditions in WP Generation Systems 
	Faults in the Electrical Components of WTs 
	Faults in the Electrical Components of WTs 

	Current Methodologies for Fault Diagnosis in WP Generation Systems 
	FDDM Regarding Electrical Components of WTs 
	FDDM Regarding Mechanical Components of WTs 

	Prospective and Tendencies in the Emerging Methods for Monitoring Systems and Fault Diagnosis Regarding Renewable Power Generation Based on SPV and WTs 
	Prospective and Trends for SPV Systems Studies 
	Prospective and Trends for WPG Systems Studies 

	Conclusions 
	References

