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ARTICLE INFO ABSTRACT
Keywords: PhotoVoltaic (PV) systems are often subjected to operational faults which negatively affect their performance.
PV faults Corresponding to different types and natures, such faults prevent the PV systems from achieving their nominal

Fault detection
Detection methods
Fault type

PV troubleshooting

power output and attaining the required level of energy production. Regarding the operational optimization of
PV systems, this paper aims primarily at surveying and categorizing different types of PV faults, classified as
electrical, internal, and external, where each is thoroughly investigated: internal faults occur at the PV cellular
level, and can either be short circuit, open circuit, bridging, or bypass diode faults. External faults on the other
side are mainly classified as temporary (i.e., clouds shading, snowstorms, etc.) or permanent (e.g., glass
breakage, frame defects, etc.) mismatch faults. Lastly, electrical faults involve common circuitry problems, such
as short circuits (e.g., line to ground, line to line, etc.), power processing units’ faults (e.g., inverter faults), and
arc faults. As for the detection methods, six major fault detection methods are investigated for the AC side of the
PV system with twenty-nine total AC based fault detection methods. On the other hand, eleven major fault
detection methods are surveyed for the DC side of PV systems with seventy-three total DC based fault detection
methods. The investigated methods are critically analyzed, and compared relevantly to each other, within the
mutual sub-sets. The resulting tabulated comparative data assessments for PV faults (i.e., cause-effect relation-
ships, impact on the PV system performance), as well as for faults detection methods (i.e., priority for appli-
cation, etc.) compose a rich background for related PV systems’ performance security fields, where a nexus future
work is also suggested.

and a massive popularity as a promising solution for offsetting the
Introduction underproductive problem of existing power resources and are consid-
ered to have a potential contribution to the future electricity mix [5].

Population growth and modern life commitments have led to an Unfortunately, many obstacles exist and impede PV systems from

excessive consumption of fossil fuels. This in turn caused higher emis- functioning properly. Environmental factors, such as dust, temperature,
sions of greenhouse gases, leaving future generations in danger [1]. The snowfal!, and humidity r.educe .the PV SYSt?mS’ capability in power
need for alternative power resources peaked as a result, due to the in- Productlon and cause various failure modes in the PV panels [F’]- For
crease in electricity demand on one hand, and to the underproductive instance, the dust accumulated over the PV modules’ surfaces during the
performances of existing generating units (diesel and gas-based engines) span of eight weeks under the de.sertlc environment in Saharan envi-
on the other hand [2]. Consequently, a worldwide increase in renewable ronment, decreases the PV maximum power output by ?-41 % as
energy studies, usages, and optimization has emerged [3]. compared to the same PV system without dust accumulation [7]. In

Among different types of renewable energy supplies (wind, hydro other words, the stated environmental leftovers, aside than possibly
etc.) PhotoVoltaic (PV) systems are considered the cleanest and safest damaging the ?V pangls, could create cgnsequent.prol.)l.ems for PV sys-
technology [4]. This is due to the fact that such systems do not involve tems, preventing their power production sustainability: as aqother
any mechanically moving parts (i.e., actuators, shafts, etc.) and work example, a power drop of 9.99 % and an average power reduction of

silently. Thus, such systems in particular have achieved a global interest 2.93 % is witnessed for an uncleaned PV system (from dust and dirt) in a

* Corresponding author at: School of Engineering, International University of Beirut BIU, Beirut, Lebanon.
E-mail address: mohamad.ramadan@liu.edu.lb (M. Ramadan).

https://doi.org/10.1016/j.nexus.2023.100257

Received 17 November 2022; Received in revised form 21 September 2023; Accepted 10 November 2023

Available online 11 November 2023

2772-4271/© 2023 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:mohamad.ramadan@liu.edu.lb
www.sciencedirect.com/science/journal/27724271
https://www.elsevier.com/locate/nexus
https://doi.org/10.1016/j.nexus.2023.100257
https://doi.org/10.1016/j.nexus.2023.100257
https://doi.org/10.1016/j.nexus.2023.100257
http://crossmark.crossref.org/dialog/?doi=10.1016/j.nexus.2023.100257&domain=pdf
http://creativecommons.org/licenses/by/4.0/

K. Osmani et al. Energy Nexus 12 (2023) 100257

Nomenclature IR Infra-red
v Current-voltage
ABCO Artificial bee colony optimization KELM Kernel extreme learning machine
AC Alternating current kNN k-nearest neighbors
AFCI Arc fault circuit interrupter LAPART-FD Laterally primed adaptive resonance theory - fault
AlTs Artificial intelligence techniques detection
ANFIS  Adaptive neuro-fuzzy inference system LCD Liquid crystal display
ANFIS-SM Adaptive neuro-fuzzy inference system-sugeno model LF Low frequency
ANN Artificial neural network L-G Line-to-ground
ANOVA ANalysis of variance LIT Lock in thermography
APRE Absolute performance ratio error L-L Line-to-line
AR Auto regressive LOF Local outlier factor
BPNN  Back propagation neural network MBDM  Model based difference measurement
CART Classification and regression time MEWMA Modified exponentially weighted moving average
CBs Circuit breakers ML Machine learning
CcC Current carrying conductor MPPT  Maximum power point tracker
CDIT Climatic data independent technique MRAS  Model reference adaptive system
CM Common mode MSDP  Multistate data processing
CMM Comparison between measured and modeled MWPT  Modified wavelet packet transform
CR Capacitive region NDZ Non detection zones
DC Direct current NOCT  Normal operating cell temperature
DC-DCFI DC-DC converters fault identification OC/SC  Open/short-circuited
DE Deviation error OCPD Over current protection device
DFI Degradation fault identification Onm/offm Online/offline model
DLL Dourly lower limit OPC Object linking and embedding for process control
D-S Dampster-Shefer PCC Points of common coupling
DSP Digital signal processor PIC Peripheral Interface controller
DT Decision tree PLA Power loss analysis
DUL Dourly upper limit PNN Probabilistic neural network
ECM Earth capacitance measurement PPs Peak points
EGC Earth ground conductors PPU Power processing unit
EI Electroluminescence imaging PS/CS  Partial/complete shading
ELM Extreme learning machine PSMFD  Partially shaded modules fault detector
EM Electrical measurement PV Photovoltaic
EMI Electro magnetic interference P-v Power-voltage
EMR Electro magnetic resonance PVA Photovoltaic array
ERV Estimating randomness in the voltage signal PVLOF  LOF based on PV string current
EWMA  Experimentally weighted moving average Q-f Reactive power-frequency
FBI/RBI Forward bias imaging/reverse bias imaging RCDs Residual current devices
FDC Fault detection and classification RCM Reliability centered maintenance
FDD Fault detection and diagnosis RDM Real-time difference measurement
FDTI Fault detection techniques for three-phase inverters RF Random forest
FF Fill factor RPS Residential photovoltaic system
FFT Fast Fourier transform SCADA  Supervisory control and data acquisition
FIRBPS  Finite impulse response band pass filter SFA Subsection fluctuation analysis
FPGA Field programmable gate array SFS Sandia frequency shift
FRSA FRequency spectrum analysis SHLFNNs Single hidden layer feedforward neural networks
FSA Frequency spectrum analysis SM Sugeno model
FTD Flash test driver SMS Slip mode frequency shift
GCPVS  Grid connected photovoltaic system SPM Signal processing methods
GFDI Ground fault detection and interruption fuse SR Shunt resistance
GISTEL GIsement solaire par teledetection SSTDR  Spread spectrum time domain reflectometry
GUIL Graphical user interface STCs Standard test conditions
HET Heat exchange and temperature STFT Short time Fourier transform
HF High frequency TDR Time domain reflectrometery
HIGF High impedance ground fault THD Total harmonic distortion
HMI Human machine interface TSKFR  Takagie-Sugeno Kahn fuzzy rule
HV/LV  High/low voltage TSKFRBS Takagie-Sugeno kahn fuzzy rule based system
ICCD Intensified charge coupled device UIM Ultrasonic inspection method
ICR Inductance capacitance resistance WOEWMA Wavelet optimized exponentially weighted moving
IDTs Islanding detection techniques average
IGBT Insulated gate bipolar transistor WPT Wavelet packet transform
IMR Insulation monitoring relay WT Wavelet transforms
In/Thl  Infrared/thermal imaging
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Mediterranean climate based region of installation, when compared to
the same cleaned PV system [8].

Other than environmental implications, PV systems are seen to
encounter inner faults for example, ranging from basic electrical faults
(open-short/circuit) to Power Processing Units (PPU) faults such as
Maximum Power Point Tracker (MPPT), and inverter malfunction [9,
10]. Consequently, such faults disturb the produced power waveforms
and could eventually cause drastic interruptions on the users’ end.

Regardless of the fault’s types, their recurrence on PV systems, leaves
bad impacts such as harmonics distortion, voltage unbalancing, current
leakages, deviated waveforms, smaller consumable power quantities
than expected and service interruption by partial/total blackouts. For a
healthy state of PV systems, with an extended lifecycle and an accept-
able performance, abundant research is taking place to mitigate fault
residues on such systems: for example, in order to reduce the partial
shading conditions consequences’ (i.e., caused by the movements of
clouds), which partially shade the sunrays for up to 75 % of the total PV
array space, different PV array reconfiguration techniques can be
adapted [11]. From a thermal optimization point of view, the decreased
PV cell efficiency by 0.45 % for each temperature rise of 1 °C (due to
high temperature environmental conditions) can be compensated by the
application of phase change material, that are used to cool down the PV
panels’ operating temperature [12]. Adjusting the PV tilt angle from
another side is recorded elevating the PV produced power by up to
50.36 % for different regions of PV systems installations, thus
compensating the lost solar irradiance due to positioning and
self-shading [13].

As intended to optimize the performance and extend the longevity of
PV systems with minimum fault occurrences, it is imperative to know
first the difference types of possible PV faults, then accordingly
acknowledge the corresponding PV fault detection methods (that are to
be applied in real PV applications). For this purpose, ample research
took place in order to quantify different PV faults, with the relevant
detection techniques: for instance, the work in the reference [290] has
categorized all possible PV faults into five main categories, as mismatch,
ground, line-to-line, arc, and other types of faults. As for the fault
detection methods in the same study, the presented survey classified all
fault detection techniques as either visual/thermal or electrical based
methods, without considering the model-based measurements methods,
for example. From another side, the similarly related work in [291],
takes into consideration only the failure modes in the PV inverter’s
power modules. Moreover, the authors in [292] have only reviewed the
PV fault detection methods through the application of artificial neural
networks, such that the review in [293] has grouped the PV faults either
as optical degradation, electrical mismatch, or other electrical and
hardware faults, having only imaging technologies based resultant fault
detection methods. From a different approach, the work in [294]
focused mainly on the outer physical degradation of the PV encapsulant,
while the most reviewed fault detection methods emphasized on the
visual inspection. Accordingly, and for the purpose of a broader PV
faults classification with better expanded faults detection methods,
throughout this paper, different faults will be first categorized as either
internal, external, or electrical. The consequences of each will be clearly
presented in tabulated data, in order to record the affected parts of a PV
system. Moreover, two major fault detection techniques classifications
will take place, as either detection at the AC side of the PV system or at
the DC side. For each part, there exist various sets of methods, and
sometimes sub-methods. Each technique will be uniquely identified,
investigated, and compared to others within the same set. A critical
comparison between detection schemes and targeted faults will be
presented. The rest of this paper consists as follows: Section 2 presents a
general overview for a PV system with a fault detection scheme, Section
3 classifies and investigate all possible PV faults, where in Section 4 the
fault detection methods are expanded and analyzed. Section 5 presents a
discussion based on the results of the different reviewed faults and fault
detection methods with a future work recommendation, where finally in
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Section 6 conclusions are derived.
Overview of a typical PV system with a fault detection structure

As an additive to a typical off/on-grid PV system, a fault detector is
an extra equipment, with the ability to guide the PV system’s operators
about the existence of a fault, its type and location within the PV system.
Consisting of different sensors, processing units, actuators, transducers,
and different protective relays and circuit breakers, such a system can be
installed at any node indicated by the dashed polylines in Fig. 1. On its
output level, the fault detector contains a set of alarms, buzzers, and
different forms of Graphical User Interface (GUI) to acknowledge the
workers in the field about any fault incident. The full process of fault
detection takes place within two distinct steps: monitoring and
diagnosis.

Monitoring

To evaluate the PV system’s performance, the monitoring system
collects and analyzes a set of different parameters (voltage, current,
power, etc.) [14]. This process is crucially important, as a prior step
before detecting the fault, with a continuous tracking on the electrical
power generation. For data acquisition of various attributes, sensors are
the first input to the monitoring system. The data are then transferred
through signal processing units, where at final stage, they would be
stored for further investigations [14,15]. Fig. 2 reveals the cascaded
monitoring process for a PV system, embedded within a fault detection
scheme.

Diagnosis

The results of the monitoring system (in form of acquainted infor-
mation) are injected to the fault diagnosis scheme as primal data. When
compared with reference values, the inputted data can either declare a
fault or not [16,17]. Its source of acquisition (whether from the DC or
the AC side of the PV system) guides the fault detector about how to
investigate upon it. Fig. 3 reveals the different steps of PV fault diagnosis
in a cascaded form, beginning by information analysis to alarm
launching.

Different PV system’s faults

Due to their outdoor nature, PV systems encounter diverse faults,
causing a massive decrease in the PV energy outcome, potential reduc-
tion, and most importantly the inability to satisfy various load demands.
The fault classification can be mainly classified into three categories as
follows:

e Internal
e External
e Electrical

The internal PV faults take place inside a PV module (underneath the
protective glass), on the level of PV cells, and strings. External faults
localize outside the PV module protective glass and are perceived as
either temporary mismatch or permanent mismatch faults. Electrical
faults on the other hand, refer to the perturbations of physical entities (i.
e., voltage, current, power, etc.) in terms of quantities and waveforms.
Fig. 4 entitles the triggers for each set of PV faults.

Internal PV faults

Internal PV faults take place inside the PV module itself. Their initial
cause is the manufacturer’s defects, poor quality of fabrication, damages
due to inconvenient packaging, and improper methods of wiring.
Regardless of their root cause, internal faults are classified according to
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Fig. 1. Fault detector allocation in an off-grid PV system.

Sensors
Signal
rocessin

Data
cquisition

Fig. 2. Block diagram of PV monitoring system.
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Fig. 3. Block diagram of PV fault diagnosis scheme.

the effects they impose on a PV system, as either open/short-circuit,
bridging and bypass diode faults. Table 1 groups the causes to conse-
quences of different internal faults.

Short circuit fault

Improper connections (low impedance and sometimes bolted path-
ways) between the solar cells, or defects from initial manufacturing
circuitry [18,19], lead to a short circuit on the module or on the bypass
diode [20].

Bridging fault

Improper connection (high impedance and sometimes complete
open circuit) between PV modules [21], causes such types of faults
where the output tends to become null.

Inverted bypass diode fault/bypass diode fault
Faulty wiring made by the operator [22,23], resulting in bypass
diode fault, reflects as abnormal voltage conditions on the output level.

Open circuit with/without bypass diode fault

An open circuit fault, reflected as maximum cell’s output voltage,
with no ability of current to flow (hence no power output) is often
caused by broken cells, damaged connections between them, loose
connections, and defected power cables due to aging. The excessive
plugging/unplugging routines, yield to faulty open-circuited terminals
mainly at junction boxes [23].

External PV faults

Due to the fact that PV systems need to be installed outdoors to
receive direct solar radiation, they often interact with undesired envi-
ronmental conditions. The weather for instance can fluctuate, ranging
from hot (elevated ambient temperature) to cold (rain/snow accumu-
lation). Accordingly, PV modules would rarely operate under the Stan-
dard Test Conditions (STCs), thus their nameplate power is never
attained.

Moreover, natural disasters like intense lightning can burn PV
panels. On the other hand, dust/leave accumulation results in partial
shading/impedance mismatch. From another part, PV panels fall from
height as well as abuse by stones throwing inflects a permanent damage
(glass/frames breakage). Table 2 encapsulates the causes-to-
consequences relation for different external faults.

Temporary mismatch fault

When the irradiation varies, the PV system performance (i.e., in
terms of power production) changes accordingly (e.g., low irradiation
reflects lower power production, and vice-versa). Some regions of the PV
system (i.e., zones of PV arrays) produce larger power quantities than
others [24]. Even though, faulty PV regions due to temporary mismatch
do not produce power as rated values or even close. This can be referred
to a non-homogeneous PV output due to non-homogeneous shading
[25-27].

This heterogeneity in power production which is caused by physical
light barriers, such as trees, buildings, and overhead power lines, results
in detrimental effects over the PV panels [28]. Depending on the climate
conditions and geographical locations, snow can cover some panels of
the PV system as well. From another part, biological conditions such as
bird’s droppings, and leaves accumulation on the surfaces of the PV
modules can also lead to partial shading conditions [29,30]. Dust and
dirt from another side, can cover the PV arrays’ surfaces, and sometimes
sudden natural disasters as lightning and storms can also leave a PV
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Table 1

Cause-effect relationship of different PV internal faults.

Fig. 4. Summarizing block diagram representation of PV fault types and characterization.

Internal faults

Types Causes Results Consequences
Short Manufacturer’s Low impedance/ Inability to deliver
circuit defects bolted path power to DC load or to
between internal the power conditioning
power rails unit
Bridging Manufacturer’s Creation of Null power output
defects/improper impedance faulted
wiring linking path
Bypass Manufacturer’s Bypass diode Inability to mitigate
diode defects/improper cannot be forward hotspots events
wiring biased
Open Manufacturer’s Absence of link Inability to deliver
circuit defects between power power to DC load or to
paths the power conditioning
unit
Table 2

Cause-effect relationship of different PV external faults.

External faults

Types Causes Results Consequences
Temporary e Occasional Non homogeneous Low power

mismatch shading power production production

fault e Environmental across PV surfaces compared to

conditions and creation of standard values
e Natural disasters  hotspots and risk of burning

Permanent Equipment Null power Complete blackout

mismatch permanent damage  production

fault

system with a non-uniform irradiance distribution [31,32].

Permanent mismatch fault

Unlike partial mismatch fault conditions, a permanent mismatch
cannot be reversed. It can be a result of bad soldering, degradation of
modules, glass breakage, delamination, discoloration, defects in frame,
cell breakage and micro-cracks.

These triggers have a wide range of causes, of which some are
manifested by bad operations such as manual soldering of the cell at a
breaking temperature, or poor packaging during transportation. Per-
manent mismatch faults can also be triggered during manufacturing
processes, like inconvenient wafer slicing, cell production stringing and
other embedded operations that eventually lead to cell cracks.

Such causes are referred to manufacturing defects. Environmental
conditions can lead also to permanent mismatch faults. For instance,
heavy snow loads in cold regions can break PV modules. Also, frequent
temperature changes can wear out the cell interconnections [33,34].
Fig. 5 reveals the physical delamination (indicated by red arrows) of the
front encapsulation of a PV module, caused by external faults.

Electrical PV faults

Aside than the physical PV faults occurrence, driven by physical
barriers (dust/snow/leaves accumulation) and internal manufacturing
defects, PV systems also encounter intrinsic electrical faults. According
to the PV system’s electrical network distribution, electrical faults can
occur as ground, line to line, line to ground, arc, and power conditioning
units’ faults. Table 3 summarizes the causes-to-consequences relation
for different electrical faults.
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Fig. 5. Delamination of the PV module’s front encapsulation [51].

Ground faults

The PV system includes parts that aren’t designed nor supposed to be
exposed to any current, like the metallic part of a PV array, the enclo-
sures and other equipment [35,36]. These non-current carrying labels
are protected using Earth Ground Conductors (EGC) in order to elimi-
nate any possibility for an electric shock which the operators might
examine when working in field, such that the sudden electric current
find its way to the ground instead of being trapped inside the equipment
[37,38]. When the ground contains active currents, the analysis turns to
the case of a fault [39,40]. This type can be decomposed into two
sub-parts:

e Upper ground fault: an unintentional low impedance or bolted path
between the Current Carrying Conductors (CCC) of the last two
modules in a PV string and the ground [41].

e Lower ground fault: an unintentional low impedance or bolted path
between the CCC of the second and third modules in a PV string and
the ground with large feedback current [41].

Line to line faults

The cascading of PV modules creates PV strings, which in turn are
wired in parallel to create an array, in order to deliver higher power
outputs. The Line to Line (L-L) faults denote erroneous connection be-
tween different strings/arrays potentials. By taking an example of a PV
string, a L-L cross string fault exists between one string and another.
Such faults are very hard to detect and cause severe losses in the overall
output before being distinguished [42]. It can be summarized by unin-
tentional connections between two or more nodes of the PV string-
s/arrays [43,44] and is considered as a top reason for inducing
open-circuit faults (due to electrical switchgear tripping mechanisms).

Table 3
Cause-effect relationship of different electrical faults.

Energy Nexus 12 (2023) 100257

Line to ground faults

When there is a physical connection between the current carrying
conductor and the ground, whether directly or through a low impedance
path, a Line to Ground (L-G) fault takes place [45]. A L-G fault is
extremely hazardous, as it causes a massive electron flow, in a timely
manner, across a faulty small path when compared to the total system’s
wiring, what would generally result in fire hazards.

Arc faults

The conductors used in electrical circuits, often confront corrosion
and lack of conductivity due to their chemical reaction with the sur-
rounding environments, and damages resulting of excessive usage. This
phenomenon creates an arc current high enough to ignite the sur-
rounding material [46,47]. Such faults are chaotic, random, and might
be active for a dangerous amount of time before being detected or
resolved. When there is an insulation breakdown, parallel arc faults are
ignited. Series arc faults on the other hand, take place when the con-
nections get loose, the connection cables are damaged, or in the event of
hotspots [47]. The resultant spontaneous faulty current is often too
small to be detected by safety equipment such as Residual Current De-
vices (RCDs) [48,49].

Power processing units’ faults

The Power Processing Units (PPUs) are equipment that work on
shaping the resultant signals waveforms or modifying their quantities.
For PV systems, two main PPUs exist:

e Inverter: used to transform the original DC power to consumable AC
power (since most industrial/residential loads operate on AC).

e Maximum Power Point Tracker (MPPT): included in charge con-
trollers, to extract the maximum available power under partial
shading conditions.

These elements in turn, can interact with faulty scenarios, prohibit-
ing them from achieving their destined functions. The PPUs faults are

Table 4
Cause-effect relationship of different PPUs faults.

Power conditioning units faults

Electrical faults

Types Causes Results

Types Causes Results Consequences
Inverter e High temperature for ~ Failure in e Disturbance in the
failure prolonged amount of  switching resulting AC
operating time mechanisms waveform
e Excessive operations e Load malfunctioning
MPPT e Sensors e Delayed time e Shortening the life
failure malfunctioning for battery cycle of the batteries
e Algorithm bugs bank o Batteries permanent
charging damage
e Battery bank e Lowering the
over- standby time under
charging low irradiance
conditions
Consequences

Ground fault Improper wiring of ground/earth

Existence of a large feedback current in the ground

Risk of operator electrocution and voltage

connections instability

Line to line fault Existence of a faulty connection link Power loss on the output level (three-phase system) Risk of equipment burning and wire
between different power rails damage

Line to ground fault Short circuit between current carrying Power loss on the output level (single-phase system) Risk of equipment burning and wire
conductor and the ground damage

Arc fault Loose connections/loss of conductivity Creation of arc current/sparks Risk of burning/fire

Power conditioning Malfunctioning of PPUs due to internal Inability to efficiently charge the battery bank and existence of =~ Lowering the PV system efficiency and

units fault fault disturbances on the output AC waveform decreasing its standby time
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summarized in Table 4.

Inverter failure. Inverters can have their efficiency reduced, with faulty
operational behavior, when exposed for example to continuous high
temperatures for a prolonged amount of time, and when experiencing an
excessive mechanical stress on their power switches. For instance, when
Insulated Gate Bipolar Transistor (IGBT) fails as a solid-state switch in
conduction for example, the algorithm conducting other IGBTs resets
and the entire power electronics switching circuit fails, hence the
inverter fault [50].

Impurities
in output

signals

homogeneous
power
production

Non

Partial
blackout

MPPT fault. The MPPT works in collaboration with sensors and charge
controllers, to be able to identify the Peak Points (PPs) in the charac-
teristic Current-Voltage (I-V) curve of the PV module and calibrate the
charging process of the batteries [52]. When sensors get dis-
connected/defected, and the MPPT’s algorithm experiences an erro-
neous workflow, the MPPT zone within the PV system gets faulty [53].

When the MPPT fails, it often leads to a damage on the level of the
battery bank: the charge controller abnormally selects reference voltage
levels. This yields to over-charging where the bank is exposed to higher
than standards voltage inputs, for prolonged amounts of time. Under-
charging from another part also takes place when the MPPT fails:
consequently, the electrodes are damaged inside the batteries due to low
input voltage feeding [54]. Since each type of the faults affects the
performance of the PV system in a specific severity, Table 5 in accor-
dance provides a comparative assessment between the different
reviewed PV faults.

Fault severity
Complete
blackout

fabrication and
expertise in
labor working
(depending on
circuitry design

Depending on
High

the level of
manufacturer

Medium to
and safety
precautions)

Possibility of
occurrence
high

MPPT

Arc
v

Fault detection methods

Circuitry

L
L
v

The approaches to detect faults in PV systems are classified to work
in either the DC or the AC regions of the PV system [246]. The entirety of
techniques can be summed up as in Fig. 6, where six major techniques
are listed on the AC side and eleven techniques on the DC side of the PV
system.

Bad
design

Manufacturer

defects
Low
quality

Reason

Detection at AC side

Shading

This set of fault detection techniques covers up the zone in PV sys-
tems where all AC quantities exist. The red dashed area in Fig. 7 enfolds
the referred region for detection. The output of the inverter is fed and
distributed into the AC grid, by means of Main Distribution Boards
(MDBs). Any power failure in the red dashed zone, needs AC relevant
protective equipment, such as Circuit Breakers (CBs), Residual Current
Devices (RCDs), and others protective switchgear. To be able to send
tripping/switching commands to the AC safety switchgear, specific al-
gorithms are required, which rely under Artificial Intelligence Tech-
niques (AITs), Real-time Difference Measurement models (RDM), Fault
Detection Techniques for three-phase Inverters (FDTI) and Islanding
Detection Techniques (IDTs).

Bird
dropping

Physical
Stones

Lightning

Storms

Artificial intelligence techniques (AIT)

Artificial intelligence used in PV systems’ fault detection aims to
transfer a certain knowledge into computers and make decisions
accordingly. Based on computational algorithms, this set of techniques
allows computers to learn using human-inspired reasoning. When
applied, their implementation results in a faster and more accurate de-
cision making [278]. The following methods represent some examples
about AIT for PV fault detection:

Weather
Snow

Soil
v

Dust

Environmental

Reason
Leaves

a) PIC based extension matter.

b) SCADA for Ground Connected Photo Voltaic Systems GCPVS/NUI
algorithm based on SCADA inputs.

c) Automated diagnostic signal software tool based on comparison of
APRE.

Internal
PV
faults

External
PV
faults

Electrical
PV
faults

Type

Comparison of different types of PV fault consequences.

Table 5
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Fig. 6. Complete PV fault detection methods at AC/DC sides of the PV system.
diagnosis only requires small amounts of data to construct the matter-
element model, while providing a high fault detection accuracy [55].
Recent evolution in computerized and embedded systems has led to
Charge
controller more powerful micro-controllers than the one used in [55], where in
(PWM »| DCload terms of computational speed, a programmable logic controller is better
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Fig. 7. AC detection zone.

d) SA-RBF Kernel Extreme Learning Machine KELM.
e) Predictive Maintenance and Anomaly detection.
f) ANN model detecting operational and environmental faults.

PIC based extension matter. A Peripheral Interface Controller (PIC) is
implemented for fault diagnosis. By combination of PIC micro-
controller, coded in assembly, with a ZigBee wireless sensor, a remote
access is granted on monitoring the occurring faults in the AC parts of PV
systems. The power generation of a PV system is firstly analyzed under
normal/defected operations. Then by relying on extension theory, a
matter-element model (problem solving tactic based on human
thinking) is constructed from the initial data collections. This PV fault

Systems GCPVS/NUI algorithm based on SCADA inputs

This algorithm based model feeds input signals to a Supervisory
Control And Data Acquisition (SCADA) system to categorize and identify
different electrical faults such as string fault, short circuit fault and line
to line fault for Grid Connected PhotoVoltaic System (GCPVS). The
needed attributes are ambient temperature, irradiation (measured via a
pyranometer), and power ratio [56]. The synoptic scheme for this model
is shown in Fig. 8.

The fault detection model has achieved a high detection accuracy of
99.80 %, but this value may fluctuate due to the major system’s
dependability on meteorological/electrical sensors, which might give
false readings due to false/inaccurate calibration [56]. Similarly, a fault
detector for PV plants using a web server relying on Non-Uniformity
Index (NUI) can also act as a remote server based on SCADA inputs.
The NUI algorithm which allows remote supervision and fault detection
has been examined and with such model, the faulty PV zones within a PV
farm can be identified according to their produced energy levels either
as acceptable or not. With the usage of special temperature/irradiance
models, this system seems to have diminished the required number of
sensors for PV fault identification [164].

Automated diagnostic signal software tool based on comparison of APRE.

Using certain electrical quantities (i.e., voltage, current) as reference
values, an automated diagnostic signal tool to detect non-recoverable
faults at AC sides of a PV system can be established [57]. The failure
identification process takes place with the two indicators R¢ (DC cur-
rent) and Ry (DC voltage) as shown in Eq. (1) and Eq. (2) respectively.
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with Ipy_sim, Ipv_mess denoting the simulated and measured array’s DC
current respectively and Vpy_sm, Vpy_meas the simulated and measured
array’s DC voltage respectively. A set of comparison takes place for the
two equations where each translates into a specific fault situation. The
entire procedure is based on Absolute Performance Ratio Error ((APRE)
which represents a performance metric for machine learning), where the
fault is located inside a GCPV plant by monitoring the DC and AC power
ratio. The model has resulted in a good detection accuracy with a great
potential for future adaptation as a widespread tool for GCPV [57].

SA-RBF kernel extreme learning machine (KELM). This intelligent fault
diagnostic tool uses simulated annealing algorithm based on radial
function Kernel Extreme Learning Machine (KELM). The method begins
by establishing the fault model and optimizes it using the Simulated
Annealing (SA) algorithm [62]. The adopted KELM function Qg is
shown in the following equation.

2
Qe = CXP( - b — x| ) 3

20?2

where o is the radial width parameter and x, x; composers of target value
vector. The SA algorithm optimizes the parameters for radial basis
function KELM, where the resultant algorithm can quickly and effec-
tively identify short circuit, aging and PV faults related to partial
shading [62].

Predictive maintenance and anomaly detection. Working upon historical
data, specifically using the actual two-year measurements of irradiance,
temperature, and other climatic conditions as historical data to be fed
into a predictive algorithm database, a learning-approach-based model
can detect any reduced output fault by comparing both measured and
predicted values of AC power [63]. Two normal operation limits were
classified as Dourly Lower Limit (DLL) and Dourly Upper Limit (DUL),
are expressed in Eq. (4) and Eq. (5) respectively.

where o4 denotes a daily-equivalent standard deviation index. Samples
which are numerically compared to the thresholds DLL and DUL repre-
sent normal/faulty operations of the PV system [63].

ANN model detecting operational and environmental faults. A two-layer
Artificial Neural Network (ANN) based model that works as a Supervi-
sory Control and Data Acquisition (SCADA) system, operates as a
monitoring tool on PV assets as well as on their environmental condi-
tions. This methodology can perform also economic evaluations about
the current PV system’s states, also on upgrading the previously
designed PV systems to supply larger loads. It consists of a two-layer
ANN model that states any lack of insulation, or solar tracker blockage
using a private logic decision making [66]. Fig. 9 reveals the connections
between the input/output layers of the algorithm, where b represents
the bias, n the neuron, Wj; the weight of the input (j,i), and W; 4; the
output weight of the ANN.

Different attributes, such as internal and ambient temperatures, ra-
diation and time of performance are mutually linked to different nodes
within the hidden layer. The probabilities of occurrence of an attribute
within a specific node, are all taken into consideration. This would
finally result in an estimated accumulated active energy level, to deduce
the fault impact on the overall power production.

Real-time difference measurement (RDM)

Real-time difference measurement systems acquire instantaneous
physical samples (voltage, current, etc.), resulting from experimental/
analytical measurements to dynamically provide data concerning the
process of PV functioning (fault detection). This set of methods contains
the following sub-methods:

a) Using AC output data
b) Using capacitance change criteria

Using AC output data. Using AC output data in PV system, a preliminary
method consisting of three sub-methods used entirely to detect faults.
The first sub-method relies on comparing both measured output values



K. Osmani et al.

X1: ambient
temperature

X2: internal
temperature

R

X3: global
horizental
radiation

X4: operation
time of the p.

inverter e
: e

Input Layer

Hidden Layer

Energy Nexus 12 (2023) 100257

nl

yd: estimated
accumulated
active energy

Output Layer

Fig. 9. Multi-layer ANN back propagation [66].

and estimated values. The second deals with present and past perfor-
mance ratios and finally the last relies on comparing present and past
output differences. By combining these three sub-methods, the resultant
model overcomes the erroneous fault identification of other AC based PV
fault methods for specific PV circuitry [68].

Using capacitance change criteria. Using AC parameter characterization,
hot spots in PV systems can be detected by noticing the capacitance
change within a single cell (that is comprised of series/parallel re-
sistances and parallel capacitance). The measuring the AC impedance
value in the range of 10-70 kHz the capacitance change is detected by
monitoring first a High Frequency (HF) in the Capacitive Region (CR)
and Low Frequency (LF) in DC impedance region. Such a fault detection
system does not only help in identifying the formation of hotspots but
can also help in the optimization of MPPT algorithms [155].

Fault detection techniques for three-phase inverters (FDTI)

Embodying the raw source of AC power in a PV system, good
monitoring and control techniques are required for inverters for a safe
switch off, and an optimum overall performance of the system. Locating
the fault of the inverter enables the usage of standby equipment (to get
rid of blackouts) and modifications in the functional strategy [80-88].
There are two general ways to detect faults in inverters:

I Signal-based methods
1 By measurements of inverter’s output voltages
2 By measurements of load currents

II Models-based methods

10

Signal-based methods
These methods require the measurements of inverter output voltages
[110-116], or load currents [117-120,173-181].

Measurements of inverter’s output voltages

Mass center of the voltage pattern. To identify an open switch fault
inside the inverter, an analysis of the pattern mass center derives an
algorithm for that aim. First the algorithm starts by acquiring the AC
voltages of the inverter and results of histograms created according to
Eq. (6) [89].

PR ()jva(va) = Ny
PR Oij(Vb) = Mg
PR 0fv.(v,) = 1

©

where PR represents the reference for the inverter’s histogram voltage
representations, V,, Vj, and V., are the voltage magnitudes for each phase
and ny is the sample’s number during one period of the signal. Succes-
sively, the left and right mass centers are calculated. From the mass
center of each zone, the normalized diagnostic variables are calculated
where any transistor open fault is identified by means of a Schmitt-
trigger circuit. This method is characterized by its low computational
requirements [89].

Open circuit fault identification rule for the inverter. Depending on the
voltage variation of PV arrays, residual voltage errors are calculated.
Basing on the amount of such errors, an open circuit fault identification
rule is identified for the inverter as shown in the following equation.
Ri = I[sign (r;) + 1] (Puin — Ppor) )

where R; represents the improved judgment criterion, sign refers to the
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signum function, r; is the voltage residual error, ppmi, the minimum
output power of PV and p,o; the ith PV panel power. Designed for grid-
connected PV systems, this method has shown reliability and flexibility,
with a robustness in detecting PV faults under maximum power points
variations [94].

Measurements of load currents

Current comparator method. By comparing the current between any two
identical branches inside the AC distribution network, the inverter fault
can be detected based on the fact that these two currents must be equal
[90]. By setting a small constraint ¢ which corresponds to a maximum
tolerance level, the difference between two nodes’ currents Aly,, must
obey the inequality of the following equation.

Aly, < € (€)]
with N, m representing the currents’ nodes. Therefore, when the dif-
ference between the two nodes’ currents Alyy, equals or surpasses ¢ an
inverter fault is detected [90,99].

State observer method. To detect an open-circuit fault for an inverter
in a grid-tied PV, a mathematical model is first built for the converter.
Then, a state observer is constructed with the aim to generate any
occurring current residuals. The fault is detected by means of a com-
parison between the residual error with the setting threshold. For PV
inverters open-circuit faults, this method is validated with a good
feasibility [92].

Knowledge-based models. Based on a knowledge-model, an inverter’s
fault detection technique is established by using two approaches, the
current vector trajectory, and the instantaneous frequency. Hence, an
open transistor fault in the inverter is detected [96]. For three phase
inverters, fault diagnosis is based on the most probable defect, as a way
to overcome the lack of Fourier analysis in proceeding explicit deter-
mination of the fault [97].

Similarity measurements based methods. When inverters interfere
with failures, the semiconductor devices’ based topologies become non
symmetrical. Therefore, the resultant three phase current become
nonsymmetrical in turn. Based on the residuals of current ordered-
sequence Mannharden distance, the measuring algorithm can detect
and locate the open-circuit faults [98].

Based on information fusion. For inverters’ open-circuit fault detec-
tion, an improvement of Dempster-Shafer (D-S) evidence theory is
achieved by the mixture of Back-Propagation Neural Network (BPNN)
with Classification And Regression Tree (CART) algorithms. The load
current signals are processed using Wavelet Transforms (WT). In other
words, WT is used to extract fault characteristics (such as transistor
faults in inverters). At a second order, BPNN and CART are used to di-
agnose the open-circuit faults. The improvement to the decision level
concerning fault detection is held by means of the improved D-S
[100-103].

Park’s vector method. The open-circuit fault as well as other defects
in the power switches (IGBT, MOSFET, etc.) are detected by calculating
the position of the current trajectory’s midpoint. The Park’s vector
transformation allows the obtainment of both magnitude and phase
angle of the pre-calculated three-phase average currents. An open fault
exists if the magnitude of the space vector is nonzero and greater than a
threshold [104-107].

Model-based methods. These methods require the accurate system
model’s design to achieve an optimum algorithm and consist of four
distinct sub-methods.

Observer-based diagnosis scheme. As a way for detecting faults related
to power switches inside an inverter, a directional residual evaluation in
the frame is employed [108]. The fault detection process is held by re-
sidual vector evaluation shown in windowed norm as in the following
equation.
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where ry, is the current residual vector and ¢, T are time constants. The
algorithm for the inverter’s fault detection used in this model is inde-
pendent of the load torque, where simultaneous faults can be isolated, in
a quantitative way with no need of extra measurements for voltage/
current required for implementation [108,91].

MRAS-based diagnosis. The open-switch inverter faults are detected
by the employment of a permanent magnet synchronous motor. The
model relies on reference adaptive system techniques, corresponding to
normal voltage balancing/sequencing in each phase. In other words, in
order to detect open circuit faults, this method takes into account the
input voltages to the inverter and observes any voltage distortion at the
output level. This proposed method can be well combined with the
corrective maintenance schemes, such as the reconfiguration of inverter,
while demanding less extra circuitry (e.g., voltage/current sensors), and
low computing facility [109].

Multistate data processing and subsection fluctuation analysis for
photovoltaic inverter. Composed of three distinct blocks: Multistate Data
Processing (MSDP), Subsection Fluctuation Analysis (SFA) and Artificial
Neural Network (ANN), the MSDP retains the main fault features and
abducts the influence of load’s change (to distinguish between this
scenario and a fault). Secondly, the SFA classifies the different states of
the inverter’s switches. Finally, ANN combines MSDP and SFA to adapt
an intelligent classification of faults [93].

Combination of a model-based and data processing perspective.
Different fault scenarios (under model-based topology) are estimated by
means of an additive model, which employs in turn sliding-mode pro-
portional-integral observers. Then by performing a directional residual
evaluation within a fixed reference frame, through data processor, faults
can be detected in the inverter [95].

Islanding detection technique (IDT)

An over-current fault is noticed inside the AC region of the PV sys-
tem, by means of Circuit Breakers (CBs). The CBs tripping, provided by
an internal electro-mechanical mechanism, is executed to reduce any
wires/equipment damaging. Islanding consists of switching off a faulty
zone in the AC distribution panel, similarly to the operation of CBs. To
detect islanding means to figure out where the fault has taken place,
hence allowing its quick removal, therefore restoring power back to the
faulty zone. The islanding detection technique possesses two different
sub-techniques:

a) Central remote techniques
1 System state monitoring
2 Switch rate monitoring
3 Inter-tripping

b) Local islanding techniques
1 Passive techniques
2 Active techniques
3 Hybrid techniques

Central remote techniques

System state monitoring. Unintentional islanding here can be detected
using parameter distribution quantity measurements such as voltage,
frequency and transients in these two labels [185]. This method plays a
complementary role to the SCADA and needs fewer number of state
measurements [121-123]. Machine language can be as well added to the
monitoring process of the system’s state by means of Decision Tree (DT)
algorithms [182-184].

Switch rate monitoring. A tripped CB is a clear indicator about an
over-current fault, yielding in islanding some zones of the PV system.



K. Osmani et al.

Hence, a transfer trip detection technique scheme can be used to
monitor all CBs that might cause the islanding of the PV inverter. The
integration of a SCADA with the trip detection technique would help in
the monitoring process [124-126].

Inter-tripping. Figured on a special communication between sensors
and generating units, this method detects any open-circuits at the points
of disconnection and generates a feedback signal to the sites’ data
monitors [127,128].

Local islanding techniques

Passive techniques. This area of research has four main categories of
measurements that help revealing a local islanding fault. The first
method takes into consideration the voltage and frequency fluctuations,
above and under optimum values. It is considered as a primitive method
in detecting unbalances, using protective relays that indicate a fault
based on the power flow at Points of Common Coupling (PCC) between
the utility and the inverter [129].

The second detects any voltage phase jump, where it monitors the
difference between the current and the terminal voltage of the inverter
to identify any surge occurrence [130].

The third category in this part is about harmonics measurements. It
measures any change in the Total Harmonic Distortion (THD) at PCC,
where the careful selection of the basis threshold reduces any false
tripping [131]. Extra monitoring parameters can be added as THD of the
current and unbalanced voltage to detect any islanding fault [132] that
in turns present a harmonic impedance measuring [133] of the electric
system, what results in islanding fault detection.

The last sub-part of this set of techniques operates by detecting the
voltage unbalance, due to changes in the network topology and load
[134,135] that could result in islanding sub-parts of the PV systems.
Such operation is achieved by continuously analyzing the output
three-phase voltage at low time cycles [136].

Active techniques. Beginning with the impedance measurement
technique, where source impedance is calculated using short circuit
current and reduced supply voltage (due to islanding) [137], islanding
detection zones can be identified, but not all of them, as this method
have Non Detection Zones (NDZ) [138]. On the other hand, the Slip
Mode frequency Shift (SMS) is considered as an active technique used to
detect islanding, by taking advantage of a positive feedback carrying
info about frequency, amplitude, and phase detection.

An improvement to this method (since it presents phase shift
perturbation leading to measurement inaccuracy) is called improved
SMS [139] where an additional phase shift is maintained that results in
lower NDZ.

Hybrid techniques. Presenting a total of four different hybrid tech-
niques, the first hybrid IDT bases on the voltage unbalance and THD, to
identify an islanded AC zone due to CBs tripping. It can be added to a
positive feedback based technique [140]. The limitation of each tech-
nique (hybrid-positive feedback) is overcome when both of the methods
operate simultaneously.

A second hybrid technique is based on voltage and real power
shifting where it is considered as a solution to overcome the limitations
of other IDT techniques and takes advantages of individual passive and
active techniques. This method uses an average rate of the real power
shift in active technique and voltage change in passive one [141]. Such
working methodology can lead to islanding detection even for multiple
generating units.

The third method states that after the injection of an intentional
voltage fluctuation by means of a high impedance load [142], a rate of
change is afterwards calculated for voltage and a correlation factor,
using digital signal processing, yielding eventually to islanding
detection.

The last one represents a curve modeling for islanding detection,
based on Sandia Frequency Shift (SFS) and reactive power versus fre-
quency (Q-f) proposal [143]: this method reduces the NDZ by
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calculating the optimum SFS where the bacterial foraging algorithm is
used to derive the optimal SFS gain.

Residual current monitoring devices (RCD)

Any residual between entering and leaving currents from a node
inside the AC network, indicates a leakage, where the RCD’s coil is
sufficiently energized and tripped to stop that phenomenon. For a PV
system, an RCD protects against L-L and L-G faults where it can be
installed either for the entire string or one complete array [213]. The
RCD sensitivity must be carefully chosen to avoid any false tripping
[214].

Ground fault detection and interruption fuse (GFDI)

In a complete circuit, the current created from the supply feeds the
load and returns in the ground conductor. When there is any abnor-
mality in this return current, the GFDI operates to immediately switch
off the inverter [215,216]. Sometimes leakage currents exist, inducting a
false GFDI tripping. There are also certain environmental conditions
such as relative humidity, ambient temperature, and salt mist, which
negatively affect a proper operation of a GFDI fuse, causing a false
tripping. Therefore, the sensitivity of the GFDI must also be properly
selected [217,218].

The classification of AITs (Artificial Intelligence Techniques) sub-
methods rely on the algorithm of implementation. Whether ANN, DT,
KELM or others, the back-propagation, data-mining, and decision
making with the corresponding degrees of accuracy and data acquisition
time is what characterize each. They all share a complex programming
process in common. Different RDM based techniques aim to detect
various electrical faults. Beginning with open-circuit/short-current
faults, arriving at detecting failures in power conditioning units, they
differentiate in their accuracy and data acquisition time.

Regardless that FTDI attributed methods might contain implemented
artificial intelligence algorithms, they differentiate from AIT with their
case-specified algorithms. The learning/decision algorithms are driven
according to each converter datasheet. On the AC side of a PV system,
the CBs are a must to neglect any form of overloading. This in turn re-
duces the potential of equipment damaging and cable burning. The
islanding detection techniques give the possibility to figure out the
faulty zone, hence restoring normal functioning at the load side (e.g.,
reduce any form of partial/complete blackout). The application of IDT
gives the system a more reliable and consistent performance.

The RCDs and GFDI based techniques refer to fault detection
methods by means of safety switchgear. From one side, RCDs reduce any
possibility of current leakages, hence avoiding any risk of personnel
electrocution. On the other hand, GFDI ensures that no current is present
in the ground. This avoids in turn any voltage unbalancing. The safety
switchgear (CBs, RCDs, GFDI) cannot be avoided in the AC side of the PV
system. No fault detection at the AC side of the PV system can be set for
execution without such devices (whether actively or remotely via
SCADA). The electro-mechanical tripping phenomenon of these devices
is the clear indicator for a fault detection.

The islanding detection technique can be mixed with RCDs and GFDI
by means of Residual Current Breaker with Over-current devices
(RCBOs). When RCBOs are used, any trip can be detected using islanding
detection, at the same time while avoiding any personnel electrocution,
voltage unbalancing and equipment (wires, loads) damaging. This
would reduce the need of extra components, causing a more financially
affordable PV protective system. Table 6 reveals the potential need for
applying different fault detection methods and the consequences when
not being applied.

Detection at DC side
With DC detection techniques, the entire DC zone within a PV system

is monitored. The blue dashed area in Fig. 10 entitles the corresponding
region for fault detection. The received DC power from the solar module
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Table 6
Consequences of not applying different AC fault detection techniques.
Detection Necessity for Consequences when not Effects
technique application applied
AIT Optional Errors between measured ~ Reduction in
and predicted electrical system’s financial
quantities competencies
RDM Optional Errors between measured ~ Reduction of system
and calculated electrical overall efficiency
quantities
FDTI Medium to Converters internal Distorted AC
high failure waveforms
IDT Must CBs excessive false Partial/complete
tripping blackout
RCD Must Presence of current Personnel
leakages electrocution
GFDI Must Abnormal quantities of Voltage unbalancing

return current

I Charge I
| controller |

WM, —3» DC load
I MPPT) |
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Fig. 10. DC detection zone.

in Fig. 10 is fed into the charge controller. DC loads are supplied from
the charge controller, at the same time while the battery bank gets
charged and monitored.

Statistical monitoring method

Statistical monitoring based fault detection methods for PV systems
rely on collecting PV performance data, calculate a statistic test to define
the acceptance/rejection regions of the data set, then draw a final
conclusion accordingly. A statistical monitoring method relying on
Modified Exponentially Weighted Moving Average (MEWMA) algorithm
can detect non-recoverable faults at the DC side of a PV system. The
tactic starts with the one-diode model identification, to simulation of PV
system, and end up with applying the algorithm [169]. Fig. 11 exposes
the fault detection/identification phases of MEWMA algorithm.

The procedure shown in Fig. 11, indicates that the PV system is
running optimally if no residuals from the compared outputs exist be-
tween the simulated version of the prototype and the real hardware it-
self. In case of any differences in the outputs, the MEWMA algorithm can
classify the existence of a fault, as either faulty module, faulty string, or
partial shading due to ageing. This strategy was tested experimentally on
a GCPV showing a good capacity in PV fault detection [169].

Electrical methods

This set of methods rely on Current-Voltage (I-V) characteristics
analysis, to detect a fault in the DC detection zone. It covers up the
following sub-methods:

a) Model Based Difference Measurement (MBDM)
1 DC to AC power ratio monitoring
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2 Comparison between DC voltage/current deviated error with
respect to reference values
3 Base fault diagnosis combined with Wald-test technique
4 Comparison of simulated I-V characteristic curve with experi-
mental data
5 Comparison of measured values with model prediction results
6 MPPT fault locator
7 Shading fault detector based on Deviation Error (DE)
8 Short circuit current detector
9 Dynamic I-V characteristics based fault diagnosis
10 Shading and electrical faults detector based on Bishop model
11 Experimentally Weighted Moving Average (EWMA) control for
shading effect on PV modules detection
12 T-test statistical method for physical fault detection/algorithm
for fault detection
13 Electrical and environmental fault detection based on WOEWMA
14 OPC monitoring
15 Comparison between Measured and Modeled (CMM) PV system
outputs
16 Analysis of solar photovoltaic power generation
b) Spread Spectrum Time Domain Reflectometry (SSTDR)
c) Estimating Randomness in the Voltage signal (ERV)
d) Power Loss Analysis technique (PLA)
e) Electrical current-voltage I-V Measurement (EM)
f) Open/Short-Circuited modules in PV string (OC/SC)
g) High/Low Voltage fault diagnosis sections (HV/LV)
h) Partial/Complete Shading fault detector (PS/CS)
i) Online/offline model (Onm/offm)
j) Degradation Fault Identification (DFI) based on string current
k) DC-DC converters Fault Identification (DC-DCFI)

Model based difference measurement (MBDM). Model based difference
measurement methods consist of modeling the optimum cases (theo-
retical) for current/voltage values (reference values). The second
modeling includes the actual experimental values for the quantities
being studied. The difference between these two models yields to a clear
representation of the deviation error. The value of the deviated error
represents in turn a clear sign of the fault’s type.

DC to AC power ratio monitoring. By monitoring the DC to AC power
ratio, the location of a fault in a Grid Connected PhotoVoltaic (GCPV)
system is located. Accompanied with a developed software tool the
identification of different sub-faults in the different regions of the PV
system (on the level of PV string, module, MPPT, etc.) is enabled. The
failures taking place at the DC side of the system are indicated by means
of capture losses L. given in the following equation.

L.=Y -Y, (10)
where Y, and Y, denote the reference yield and energy produced by PV
array over a specific time period respectively. Accordingly, the calcu-
lated values of losses yield in a clear representation of the fault’s type
and its causals (e.g., soil, electrical interconnections, etc.) [187].

Comparison between DC voltage/current deviated error with respect to
reference values. Relying on the comparison between the simulated and
measured data of the PV system’s performance a fault is detected then
identified by analyzing and comparing the number of errors deviated
between the DC voltage and current with respect to the evaluated
thresholds of a reference fault-free system. For capture losses moni-
toring, the error parameter EL, is established as shown in the following
equation.

EL = |L (11)

‘Cimeas ‘Csim

with L, and L correspond to measured and simulated power losses
respectively. The different established thresholds for fault detection and
diagnosis procedures the most likely occurring fault can be determined

Csim
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[188].

Base fault diagnosis combined with Wald-test technique. Targeting for
Residential Photovoltaic System (RPS) fault detection, an algorithm
emphasizing on active and passive parts of the PV system, is used to first
diagnose the problem using a base fault diagnosis to check for any fault’s
alarm signal using an arbitrary data. After so, in the passive part, and in
order to investigate the temporary mismatch resulting fault, Wald-test
technique is statistically used. Then a proposed Flash Test Driver
(FTD) device is used on the power conditioning units to increase the
efficiency as well as the reliability of the RPS. The suggested flash test
method can be integrated with artificial intelligence-based techniques,
thus expanding its PV fault detection types, cost-effectively [189].
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Comparison of simulated I-V characteristic curve with experimental
data. Targeting the faults that might occur on the level of a PV array
such as temporary mismatch and electrical faults, different intended
fault scenarios were exerted on the system. The comparison between the
Matlab simulated I-V characteristic curve and the generated experi-
mental data of the same PV system, helps in identifying the nature of the
fault. The categorization of different faults is generated from normal
operation to bypass diode fault. Such PV fault detection technique can
lead designers to an accurate prediction of possible faults [191]. From
another part, the single diode model (projected to regional environ-
mental inputs, such as temperature and irradiance) can be first esti-
mated. Then, the type of the fault to be identified will be based on a
threshold approach: a 10 % deviation of the PV cell’s measured power
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do not indicate any presence of a fault. Contrarily, any significant
decrease/increase (by more than 90 %) in the measured voltage and/or
current, indicates the presence of a fault. Similarly, a difference of more
than 10 % between the measured/estimated fill factors leads also to a
fault declaration by the algorithm [296].

Online comparison of measured values with model prediction results. On
the level of PV panels, a fault detector is established by comparing the
measured values with model prediction results. The prediction relies on
the theoretically calculated PV power production resulting from solar
irradiance and PV panel temperature measurements. With a low
complexity and high fault detection rate, this method results in a fault
detection rate greater than 90 % for different irradiance intervals models
[192].

MPPT fault locator. For shading and converter faults in PV arrays,
when comparing the Maximum Power Point Tracker (MPPT) output
under shading conditions with respect to the same output under normal
irradiance, faults are detected (e.g., the PV power output is smaller
compared to standard conditions). If the PV load is too small, the fault
cannot be accurately identified, hence, a defined voltage ratio technique
takes place over the normal difference method [193].

From another point of view, the modification of the MPPT algorithm
is another way to detect the PV faults in the DC region. Basing the al-
gorithm on the variation of the aspect ratio of the rectangle parame-
trized by the origin (0;0) and the Maximum Power Point (MPP)
(Vmpp; Ivpp) within the Power—Voltage (P-V) characteristic curve, the
non-recoverable faults as faulty interconnections, bridge earth, and
shunt path development can be detected [262]. The MPPT algorithm can
be adjusted as well to detect different physical faults on the level of PV
cell, such as shading, aging, degradation, and possible hotspots, due to
environmental triggers [263]. On the other hand, a faulty MPPT can
negatively affect the PV system’s efficiency and reliability (i.e., false
decision making, inaccurate duty ratios signaling, etc.). Accordingly, in
order to restore a proper MPPT operation, the standard activation must
be allowed [70].

Shading fault detector based on deviation error (DE). When partial
shading occurs on the level of PV cells, the PV modules in turn overheat
and bypass diodes get activated. Accordingly, the mathematical equa-
tion corresponding to the normalized error DE resulting from comparing
the actual I-V curve data with reference ones can lead to error identi-
fication. By means of this method, shading faults can be online disso-
ciated between homogeneous and non-homogeneous. In addition, the
bypass diodes activation is detected with a derivative calculation be-
tween the standard error and the PV module voltage [194].

Short circuit current detector. The output current of a PV system is
highly dependable on external climatic conditions, therefore faulty
currents can be misinterpreted by PV current fluctuation (high values
under high irradiance profiles, low values under cloudy days). In order
to eliminate such confusion, a dynamic state estimation-based algorithm
can be a solution to identify the short circuit currents especially when
the series fuse is not operating due to the reduced value of the short
circuit current which is limited by the blocking diode. The proposed
algorithm is effective for a PV fault on the cellular level [195].

Dynamic current-voltage characteristics based fault diagnosis. A
simultaneous way of investigation between sampled data of volta-
ge—current characteristics of a PV panel and the determination of its
intrinsic parameters can lead to a dynamic fault diagnosis. With a fast
parameter estimation, this technique allows a deep knowledge upon the
state of the PV panel, what reflects as identifying the different sorts of
external faults [196].

Shading and electrical faults detector based on bishop model. By relying
on the least squares method, the diagnosis of Solar Energy Production
Source System (SEPSS), based on Bishop model is exposed where
shading faults, as well as different electrical faults are taken into
consideration. When the direct signal analysis (i.e., by temporal power/
voltage variations) does not contribute well in the PV fault detection, the
proposed least square based fault detection overcomes such obstacles. In
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the process of fault detecting decision, a fuzzy logic approach is
employed, with less needed time for calculation and ease of imple-
mentation [197].

Experimentally weighted moving average (EWMA) control for shading
effect on PV modules detection. For an early detection of shading effects
on PV modules, as well as other faults on the DC side of the system, the
usage of a mixed combination of the simple one-diode model in
collaboration with the extended capacity of the EWMA control scheme,
can detect the mentioned faults [199]. First, the one-diode model is used
to make a reference of a healthy PV array maximum power coordinates.
Then, all residuals (resulting from the difference of measurements be-
tween predicted and actually measured data) serve as fault indicators.
When uncorrelated residuals exist, EWMA executes to identify the
fault’s type.

T-test statistical method for physical fault detection/algorithm for fault
detection. To detect faults on the DC sides of a Grid Connected Photo-
Voltaic (GCPV) system, a fault detection algorithm based on T-test sta-
tistical method is used to detect different types of physical faults [201]
where for a given solar irradiance and temperature inputs, attributes
such as voltage and power ratio of the PV strings, are measured. The
needed inputs of the algorithm are solar irradiance, modules tempera-
tures, voltage, and power ratios [166].

Electrical and environmental fault detection based on WOEWMA. Using
the upgraded Wavelet Optimized Exponentially Weighted Moving
Average (WOEWMA) algorithm, electrical as well as environmental
faults of PV grid connected systems can be detected [163]. The overall
system can classify false alarms and missed detection rates. Fig. 12
presents the two online/offline monitoring phases for the WOEWMA
algorithm. Control limits are calculated from the off-line modeling phase
and compared with the detection chart obtained during the on-line
monitoring phase. The fault is declared after violating the permissible
threshold between the detection chart and its control limits.

OPC monitoring. In an Object linking and embedding for Process
Control (OPC) environment for PV simulation, a remote supervision and
fault detection technique based on voltage/current comparison tactic is
proposed [165]. The system itself is a decision maker where it analyses
the monitored data and evaluates the expected behavior of PV arrays in
terms of output voltage, current and produced power. The current and
voltage indicators that were used for fault detection are shown in Eq.
(12) and Eq. (13) respectively.

L

NR. = — 12)
Iscg

NR, = Vn 13)
Vacg

with I, and V;, representing the current and voltage quantities at the
maximum power point respectively while I, and V., representing the
real-time measured current and voltage quantities. This method was
experimentally tested on a real PV system, where the root mean square
errors between real/simulated data were below 3.6 % [165].

Comparison between measured and modeled PV system outputs
(CMM). The analysis of the difference between actual PV measured
values (i.e., DC current and voltage) and modeled ones, could predict the
electrical fault within a PV system. Predictive models get simulated with
aid of computers, to fabricate a theoretical threshold. In other words, a
reference value for which all non-equal values, represents a specific fault
type. Based on the reference thresholds for fault detection as well as
diagnosis procedures, the most likely PV fault to occur can be identified
[251]. Under the same perspective, based on an extended correlation
function and on the matter model [253] predictive PV faults detection
are improved.

Analysis of solar photovoltaic power generation. Under dynamic PV
systems operations, sometimes exists an inability to distinguish between
the effects of undesirable environmental conditions (i.e., clouds, snow



K. Osmani et al.

Off-line modeling phase

Obtain normal operation data

Data normalization

PCA model

Calculate the residual

Calculate the detection chart

Energy Nexus 12 (2023) 100257

On-line monitoring phase

Obtain new data

Data normalization

Calculate the detection chart

Contrbl limits

Calculate the control limits

Compare the detection chart to its

control limits

Does not violate

[ Declare fault ]

No fault

)

1
1
:
1
i Violates
1
1
1
1
1
1
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accumulation, etc.), which lead to the same results of fault conditions (i.
e., decrease in power generation capacity). Accordingly, for a proper
operation description the test method based on the analysis of solar
photovoltaic power generation performance reveals a voltage and cur-
rent based fault detection method. Unlike conventional voltage/current
based PV fault detection methods, this scheme is able to distinguish
between environmental factors and concrete PV cell faults [69].

Spread spectrum time domain reflectometry (SSTDR). The fault is detected
using a plot, which in turns is created using the incident and reflected
signals. Referred to as “auto-correction plot”, it can be used to identify
different faults without the need to disconnect the inverter, as it checks
the losses/disturbances between the two signals. The fault is hence
identified after the analysis of the plot’s changes [204].

From the same perspective, the incorporation of a fault detection
algorithm with SSTDR results in a tool to detect wiring faults even with
the existence of impedance varieties throughout the PV system. Such
combined system can detect PV ground faults for different PV systems’
architectures and distinguish ground faults that GFDI cannot detect
[205].

Similarly, mixing the Time Domain Reflectrometery (TDR) principle
with Earth Capacitance Measurement (ECM) a fault detector for
disconnection and degradation problem is achieved [247]. The model
investigated can be implemented in a PV system in two ways, the first as
a fault inspector, the second as a temporary detector to find the
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degradations in the PV system.

Estimating randomness in the voltage signal (ERV). A Finite Impulse
Response Band Pass Filter (FIRBPS) can detect an arc fault in the DC
wiring, by estimating the corruption between the output signal with
reference to the input signal. If the difference is low/high in comparison
with a threshold, arc faults’ existence can be investigated [206].

The randomness in the voltage signal can be estimated as well by
means of a modified one-diode model. The one-diode model can be
completed by combining the Artificial Bee Colony Optimization (ABCO)
and Differential Evolution (DE) algorithms to digitally model a PV array
and extract the ABCO-DE parameter [207]. Hence, an I-V curve based
PV module fault detector can be launched as a fault detector using
ABCO-DE parameter extraction technique.

Power loss analysis technique (PLA). PV Faults can be detected based on
power losses. This can be done by comparing the monitored data (e.g.,
DC output power) with the simulation outcomes [242]. Basing on PLA,
the faults occurring between the PV array and the converter can be
detected [250,243]. Current and voltage ratios can also be used as a
skeleton for PLA based fault detection algorithm [244].

Electrical current-voltage I-V measurement (EM). PV faults can be
detected by depending only on I-V measurements on the output level
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[255]. The EM based methods can be as well ameliorated using a
micro-controller [256] as a central decision making unit [257]. Such
methods are also applicable for GCPV [258], where the derivatives of
I-V indicators signal the detection partial shading phenomenon [259].
The addition of other performance indicators (e.g., Fill Factor (FF)), and
electrical characteristics (e.g., Shunt Resistance (SR)) to the crude I-V
measurements, yields in a wider overview of the PV system’s perfor-
mance [260].

Following the same perspective, by comparing the actual electrical
parameters (e.g., voltage, current) from the I-V characteristic curve and
theoretical ones, faulty connections can be investigated. The technique
relies on analyzing the shape of the I-V characteristic of a PhotoVoltaic
Array (PVA) [254].

Open/short-circuited modules in PV string (OC/SC). By emphasizing only
on the quantity of transducers, such as the number of sensors and power
meters, a simple diagnostic technique is achieved [71] to detect the
number of open/short circuited modules in a PV string.

Also based on current and voltage indicators, a procedure to calcu-
late the thresholds needed to identify the fault is presented [72] where
the PV array that is formed from series and parallel interconnection of
PV modules, forms a reference for the thresholds’ calculation. For an
automatic process to identify OC/SC modules, without any manual in-
terventions, the design’s principles and runtime control algorithm are
presented [73] to detect the bypass PV cell faults.

High/low voltage fault diagnosis sections (HV/LV). The localization of the
defected PV modules is done by analyzing the terminal I-V curve, which
is divided into high and low voltage fault diagnosis sections. In each
section, the healthy and defected working points of string modules are
analyzed for both of I-V sides [74] where at the end, any faulty PV
module is located by probing into different working points.

Therefore, faulty conditions are regionally characterized inside the
detection zones within the I-V characteristic curves [75]. Such zones are
defined after subtracting the measured from the maximum set point
values of I-V signals.

Partial/complete shading fault detector (PS/CS). Using three input vari-
ables, such as measured values of array voltage, current and irradiance,
a method to detect faults and partial shading under every irradiance
situation is established [76]. Such method is able to classify the status of
PV arrays into three states as normal, partially shaded, or faulty mode.
From another side, and based on DC power measurements, shading
faults are detected by focusing on real-time fault diagnosis (i.e.,
instantaneous power measurement under real PV working conditions).
Accordingly, the detection, location, and identification of different types
of PV shadows patterns are injected to the output DC power analysis,
hence yielding in timely PV fault detections [77].

Online/offline model (Onm/offm). After evaluating three PV coefficients
(current, voltage, and power coefficients), a two-step model relies first
on an offline step that uses a PV simulated model. From the other side,
the online step compares real measured PV coefficients with respect to
those obtained in offline step. The combination of both online and off-
line steps results in a differential PV fault detector [78].

Degradation fault identification based on string current (DFI). Based on the
degradation faults, a fault diagnostic method that takes into account the
relationship between the level of degradation and PV plant faults
(including current faults), identifies the process between PV degradation
and the decrease in a PV string current. In other words, the relationship
between the level of PV modules’ degradation and the PV plant’s faults
is investigated. After intentional short circuit scenarios, this method
succeeds in identifying different PV faults, that were undetectable when
using conventional protection settings [79].
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DC-DC converters fault identification (DC-DCFI). Apart from MPPTs, old
techniques for battery charging control relies on Pulse Width Modula-
tion (PWM). The purpose of PWM is to efficiently extract power from PV
arrays while safely charging the battery bank [203], providing various
ranges of output stages [248]. Labeled as DC-DC converters, such de-
vices can encounter faults, preventing them from functioning or
implying an erroneous behavior [249]. To detect the fault within such
devices, the diagnosis can rely on:

e Magnetic component voltages equation [170]
e Short-circuit fault diagnosis [171]
e DC-link current pulse shapes [172]

To conclude on this section, Table 7 encapsulates a comparative
assessment of different electrical sub-methods.

Signal processing methods (SPM)

PV faults can be detected by the analysis of the output signals, such as
current and voltage waveforms, by means of mathematical interpreta-
tion and the recordings of measured quantities. The synthesis of the
recorded signals gives a clear representation on its status (whether
normal or corrupted), what results in various faults detection. This set of
methods contains the following sub-methods:

a) Wavelet transform/Wavelet transform with multi-level decomposi-
tion/GCPV fault detector

b) S-transform

¢) Local Outlier Factor LOF/PVLOF

d) High Impedance Ground Fault detection HIGF

e) Generalized local likelihood ratio test algorithm

f) Differential current based fault detection

Wavelet transform with multi-level decomposition. The wavelet transform
represents a mathematical modeling for dynamic signals using small
waves [144]. It comprehends both frequency and time information
simultaneously, which accordingly, it can detect discontinuities in the
varying signals that are results to islanding. By correlating discontinu-
ities with respect to time, the localization of islanding is performed for
PV systems [145], using five decomposition levels [146].

When the raw wavelet transform is decomposed to a multi-level
decomposition wavelet transformation, different faults can be detected
using a diagnostic function based on the normalized standard deviation
of the wavelet coefficients [153]. Since wavelet-based transforms are
accurate at detecting discontinuities in signal waveforms, the random,
dynamic, and non-periodic arc faults are efficiently discovered. In a
particular case, the wavelet decomposition and arc discrimination are
presented as algorithms for an arc detector platform using Digital Signal
Processor (DSP) [159]. The fault identification accuracy of a wavelet
based PV fault detector can be as well improved by means of wavelet
packets using the available data of the PV array’s I-V curve [162].
Accordingly, the fault detector becomes then able to distinguish be-
tween undesired environmental conditions and PV faults.

When creating a modification on the Wavelet Packet Transform
(WPT), the resultant tool becomes able to detect the disturbances
resulting from faults in Grid Connected PhotoVoltaic System (GCPVS)
[167], as shown in Fig. 13. Such scheme compares the results between
WPT and Modified Wavelet Packet Transform (MWPT), yielding in fault
identification by means of indices’ calculation, such as energy and
standard deviation.

S-transform. The S-transform is simply an improved version of the pre-
vious WT transform, which eliminates the inability of islanding detec-
tion under noisy conditions [147,148]. It produces dual axis
representation of time: the real and the frequency dependent resolution
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Table 7
Comparative assessment of different electrical based fault detection methods.
Detection manner Targeted faults Scalability of PV Detection level Algorithm- Simulation =~ Model-type
system based
MBDM 1.[187] GCPV PV string/ [ ]
module/MPPT
2.[188] Deviated error
Comparative
3. [189] RPS [ ) Statistical
4. [191] Bypass PV array [ ]
Diode
[296] Open-circuit, short-circuit, PV string/module/ (] Deviated error
mismatch MPPT
5.[192] PV panel Experimental
Predictive
6. [193,262,263,70]  External, DC/DC Y
PPUs DC/AC
7. [194] PV cells Deviated error,
Mathematical
8. [195] Short- [ J
Circuit
9. [196] External PV Panel Experimental
Tabulated data
10. [197] Shading PV module [
electrical
11. [199] PV module [ ) Deviated error
12. [166,201] External GCPV [ ] Statistical
Experimental
13. [163] Electrical Grid-tied [ ]
External
14. [165] Electrical PV array [
15. [251,253] Deviated error,
Experimental
16. [69] External PV array Experimental
SSTDR [204,205,247] Electrical [ [ Hardware
External
ERV [206,207] Arc [ ) Deviated error
PLA [242,244,250] PV array [ ]
converter
EM [254-260] Partial shading GCPV Mathematical,
software
oc/sc [71,73] Electrical PV string Hardware
HV/LV [74,75] Electrical PV string Experimental
PV array Comparative
PS/CS [76,771 PV array Comparative
Real-time
Onm/ [78] [ ] Comparative
offm
DFI [79] External PV string Mathematical
DC-DCFI [170-172,248,249, Electrical DC/DC [ ] [ ] Real-time
203] Hardware
Comparative

which constitutes the imaginary spectra. During an islanding, the
voltage sequence becomes negative (backward on the x-y plane). In
order to calculate both voltage and current sequences, they are both
processed through the S-transform and the spectral energy content is
used within the calculation [149].

Local outlier factor (LOF/PVLOF). By relying on the instantaneous PV
string current, without the need for weather measurement inputs,
outlier detection rules are proposed as fault diagnostic methods. Spe-
cifically, the ‘Hampel’ identifier and Boxplot rule are the most recom-
mended among other outlier detection based methods to detect faults in
PV systems [150].

When discussing the transient state and post-fault behavior in the DC
side of the PV system, it can be noticed that some of the hotspots be-
comes undiscoverable (i.e., the occurring fault is not detectable by an
Over Current Protection Device (OCPD)). When outlier statistic rules are
applied, false alarms may be caused. Accordingly, the Local Outlier
Factor (LOF) is developed inside a PV installation [151]. The addition of
a specific algorithm to the LOF based on PV string current (PVLOF) to
determine the electrical and shading faults on smaller scaled PV plants,
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the fault detection rate is better enhanced where the fault range is
identified through seven steps [168].

High impedance ground fault detection (HIGF). With cost efficiency
improvement, apart from the GFDI and SSTDR based PV fault detection
methods, while implying on the Common Mode (CM) model of the full-
wave inverter, the High Impedance Ground Fault (HIGF) detection
scheme is accomplished. The CM model includes a simplified model for
the transformer-less circuitry employed in a PV system architecture.
This model includes the CM voltage source, ground capacitors and a
capacitive path for an Electro Magnetic Interference (EMI) filter. This
model detects the ground faults in PV systems [152].

Generalized local likelihood ratio test algorithm. By imposing a change
detection algorithm (based on the generalized local likelihood ratio test)
on the vector Auto Regressive (AR) model, the time correlation of the
faulty signal and signal correlation among different meters (that are
employed to measure different output signals of the system) are
exploited. Hence this framework detects any sequential change and
provide a PV fault detection algorithm [156].
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Differential current based fault detection. A differential current-based
fault detection, with a fast acting DC switch as an actuator can calcu-
late the distance to fault by calculating the unknown cable resistance,
relying on non-iterative Moore-Penrose pseudo inverse technique. In
addition, with the special DC cable connected to the PV system, the DC
arc faults could also be identified [160].

Machine learning (ML) techniques

Enabling PV systems to learn from past experiences of faults exis-
tence, Machine Learning (ML) techniques allow such systems to learn
new knowledge which is not already pre-programmed. This happens by
means of large observations, learning algorithms and data mining [279].
Through this survey, twenty different ML techniques were found as
follows:

a) Takagie-Sugeno Kahn Fuzzy Rule (TSKFR)

b) Decision Tree algorithm (DT)

¢) Probabilistic Neural Network (PNN)

d) Multiple-layer ANN

e) LAterally Primed Adaptive Resonance Theory based Fault
Detection (LAPART-FD)

f) Nelder-Mead optimization technique

g) Adaptive Neuro-Fuzzy Inference System-Sugeno Model (ANFIS-
SM)

h) Fuzzy logic

i) Random Forest algorithm (RF)

j) DC arc faults
1 Based on Tsallis entropy factor
2 Based on electromagnetic radiation
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3 Based on a joint detection method
4 Based on Frequency Spectrum Analysis (FSA) of V/I waveforms
k) Partially Shaded Modules Fault Detector (PSMFD)
1) GISTEL combined with fuzzy logic
m) ANN based fault locator using electrical attributes
n) String Current Algorithm for OC/SC fault detection
0) Mamdani-Sugeno fuzzy Logic
p) Electrical and Partial Shading faults based on kNN rule
q) Neuro-fuzzy bypass/blocking diodes faults classifier
r) Third-order polynomial function samples with fuzzy logic
classification
s) Multiresolution signal decomposition
t) Multiresolution signal decomposition with two-stage support
vector machine
u) Logistic regression

Takagie-Sugeno kahn fuzzy rule (TSKFR). This ML based technique
inspire learning by training, then occupying the acquainted information
into the central processor unit (e.g., microprocessor, microcontroller,
etc.). Each new faulty scenario (e.g., decreased power generation) can be
referred to an old existing one [221]. This is done using a recursive al-
gorithm that could train a model for several power input/output pat-
terns, to eliminate the difficulty of detecting a fault in changing climatic
conditions [222]. To classify the obtained fault within a PV array,
Artificial Neural Network (ANN) is used [223].

Decision tree algorithm (DT). In the Decision Tree (DT) algorithm, the PV
array voltage, current, operating temperature, and irradiance (referred
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as attributes) are used in the training and test sets where DT accurately
detect and classify PV faults during the test set. This particular process of
model training is easy to implement, where the resultant trained model
detects PV faults by an accuracy up to 99.98 %, and a classification
accuracy of 99.8 % [232].

Probabilistic neural network (PNN). To detect and classify PV faults as
short/open-circuit in real time, the Probabilistic Neural Network (PNN)
is used, which requires specific information from the PV manufacturers’
datasheet under Normal Operating Cell Temperature (NOCT) conditions
and STCs [233]. Such model is able to represent the characteristics of PV
systems under different environmental as well as electrical conditions.

Multi-layer (ANN). To overcome the low PV fault detection efficiency of
manual checking, and to ensure that the PV system is functioning at its
best, a three-layered ANN is injected into a fault diagnostic algorithm
[234]. The performance of this three-layered ANN model surpasses the
single ANN model which does not provide accurate precision for PV fault
detection.

Similarly, and using only a two-layered ANN model, an automatic
fault detector can provide detailed fault information with high accuracy
about PV fault’s types and locations. The multi-layered ANN plays the
role of a comparator between both predicted power and the measured
one. Based on this diagnosis, tasks are achieved in a way that the open
circuit voltage and short circuit current of each PV string are to be
determined using analytical equations. The resultant current/voltage
data end up categorizing six different fault types [235]. In recent
research, the multi-output ANN based technique, has shown the ability
to be flexibly incorporated with other PV faults detection method, such
as the exploration of the characteristic I-V curve [297]. Other algo-
rithms such as Takagie-Sugeno Kahn Fuzzy Rule Based System
(TSKFRBS), three-layered ANN can be found in [224-231].

Laterally primed adaptive resonance theory based fault detection (LAPART-
FD). To increase the reliability of PV systems an important factor is to
design the PV fault detection system with the minimum number of
sensors and data acquisition for Reliability Centered Maintenance
(RCM) [237]. Accordingly, a Fault Detection and Diagnosis (FDD) tool
based on Laterally Primed Adaptive Resonance Theory based Fault
Detection (LAPART-FD) can be used. This tool automatically discovers
different PV faults, such as temporary mismatch faults on the module
level, and it relies on the algorithm which in turns is based on actual and
synthetic data tests. The LAPART-FD PV fault detection probability
recorded at highest an efficiency value of 86% [236].

Nelder-Mead optimization technique. The physical faults (i.e., degrada-
tion, partial shading, and short/open-circuit faults) in a PV system can
be detected using the I-V characteristics’ curves. Such a process requires
the implementation of these characteristics on a Kernel extreme learning
machine with the addition of Nelder-Mead simplex optimization tech-
nique [238]. The resultant fault detections can be simulated on a Single
Hidden Layer Feedforward Neural Networks (SHLFNNs) based fault
diagnosis model. The algorithm begins with the fundamentals of
Extreme Learning Machine (ELM), returns to parameter optimization of
the Kernel Extreme Learning Machine (KELM), heads toward data
pre-processing and feature selection, and finally, establishes the fault
diagnosis model.

Adaptive neuro-fuzzy inference system-sugeno model (ANFIS-SM).

Combining the Adaptive Neuro-Fuzzy Inference System (ANFIS) with its
common architecture, the Sugeno model, a faulty curve can be drawn
inside the MPPT rectangle to identify shading faults, such as the
reduction in the power extractability area. For this purpose, the model
has to have six attributes to work accordingly, such as maximum power
point current (Iyp, ), maximum power point voltage ( Vapp), short
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circuit current (Isc ), open circuit voltage (Voc ), I-V step curve, S1 and
S2 [239]. The sets of inputs/outputs are firstly classified, then the ANFIS
is generated, to later on trains and tests itself.

Fuzzy logic. A fuzzy logic algorithm based model detects PV short cir-
cuits faults by taking voltage and power ratios as inputs. The corre-
spondent fuzzy logic consists of voltage/power ratio inputs, where the
membership for each input is decomposed into five fuzzy sets. Including
machine learning and targeting for Grid Connected PhotoVoltaic System
(GCPVS), the proposed system can detect Short Circuit Faults (SCF) by
means of theoretical curves of voltage and power ratios. Additionally,
the suggested algorithm is capable of detecting hotspots formation in PV
system, where its minimum detection accuracy is of 98.8 % [240].

Random forest algorithm (RF). A Random Forest (RF) algorithm detects
PV array faults using array voltage and string currents. Implemented in
Matlab, the system can detect electrical faults as well as temporary
mismatch faults, as presented in its flowchart in Fig. 14. The RF com-
bines multiple learning algorithms and takes only real-time values of
voltage and current. The results of such algorithm indicate its superi-
ority over the DT algorithm in detecting and classifying a PV array’s
faults [241].

DC arc faults. The detection of DC arc faults can be achieved with a
method that uses Fast Fourier Transform (FFT), Short Time Fourier
Transform (STFT) and wavelet transforms to create a statistic model
under Artificial Neural Network (ANN) routine [59]. The decision
making takes its final step after sensing elements and acquaint different
PV physical data, while the model simulation is injected for signal
processing purposes. Under the same point of view, and by using the
time and frequency characteristics of a parallel capacitor current, DC arc
faults are detected and classified as series and switch arc faults, where
this entire system is upgradable to easily investigate harmonics [264].
Generally, DC arc faults in PV systems are detected according to the four

following major schemes:

Data acquisition and data pre-processing
v
Input the data into the optimal RF model
Fault detection by optimal RF model
N

Fault OcjliS?///

Y

Fault classification by optimal RF model

v

Alarm

Fig. 14. The RF flowchart [241].
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Based on Tsallis entropy factor. The presence of an arc fault is iden-
tified by calculating the modified Tsallis entropy factor of the PV panel’s
current under the quantum probability model theory [154]. When the
current fluctuations are random, the algorithm can differentiate be-
tween arc and no-arc states, as it does not need any prior information
about the PV system working in progress.

Based on electromagnetic radiation. Electromagnetic radiation signals
can detect DC arc faults with the help of a fourth order Hilbert curve
fractal antenna, which captures Electro Magnetic Resonance (EMR)
signals resulting from DC arcs [161]. As for the detection parameter of a
DC arc fault, the characteristic frequency of the EMR signal distinguishes
between PV arc fault from switch operation.

Based on joint detection method. To notice series arc faults in PV
systems, a joint detection method is provided to an Arc Fault Circuit
Interrupter (AFCI). Series PV arc faults are hence recorded by an
Intensified Charge Coupled Device (ICCD). The fault definitions and
diagnostics are hence derived by a statistic method from the time
domain and Short Time Fourier Transform (STFT). For each sub-method
a detection variable is proposed for an accurate arc fault identification
[158].

Based on frequency spectrum analysis (FSA) of V/I waveforms. PV arc
faults are related to frequency contents. Due to signal variations induced
by environmental conditions (i.e., irradiance, partial shading, etc.)
certain lower frequencies limit ranges are not taken into consideration
for false tripping [208]. Also, the upper frequency range is also excluded
for its interactions with Radio Frequency (RF) noise. Between lower and
upper borderlines, the middle frequency range is partially excluded
since converters and charge controllers provide harmonics that affect
the frequency [209]. The choice of AFCIs activating frequencies must be
well studied according to the FRequency Spectrum Analysis (FRSA),
mainly to ignore the disturbances and neglect false tripping [210,211].

Partially shaded modules fault detector (PSMFD). By comparing between
reference I-V and measured values, the proposed ANN model can detect
faulty conditions on PV modules when being partially shaded. If the
residual error between the estimated values developed by the ANN
model and the measured ones exceeds thresholds values, this indicates
that the PV module is subject to PSC [64].

Start
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GISTEL combined with fuzzy logic. Using experimental parameters (i.e.,
temperature, irradiance, etc.) PV electrical faults are located, by means
of a hybrid model, which is created by combining GIsement Solaire par
TELedetection (GISTEL) model and fuzzy logic based fabricated algo-
rithm. This system estimates solar radiation data using GISTEL, and has
its overall efficiency improved by fuzzy logic algorithm [58]. By esti-
mating on solar radiation, the GISTEL model is introduced to remotely
locate and inform about any fault occurring on the level of PV battery
bank [245], as revealed in Fig. 15. By comparing the estimated solar
irradiance data from satellite images with actual DC power output,
failures within a PV system can be identified [190,252]. The detection
technique relies on comparing the simulated in verses with real
measured DC output power.

ANN based fault locator using electrical attributes. Based on a Field Pro-
grammable Gate Array (FPGA), a sum of eight different PV operating
faults are detected, using electrical attributes identification. For a set of
PV working conditions, such as solar irradiance and working tempera-
ture, electrical attributes (i.e., voltage, current, etc.) are simulated first
then later on compared with field measurement [60]. Fig. 16 presents
the attributes’ calculation for a two-layer ANN algorithm. The attributes
are calculated by differential comparison between the physical quanti-
ties of voltage, and current data, with the simulated ones. Resultant
attributes are injected into the double layer ANN algorithm, in order to
classify the detected faults.

String current algorithm for OC/SC fault detection. A model for Open
Circuit/ Short Circuit (OC/SC) PV fault detection is established using
real tabulated data to store backup info in the system. This model relies
on Genetic Algorithm, Tabu Search and grey Wolf Optimization algo-
rithms as strategies to program the ANN to be able to detect OC and SC
with less needed monitoring parameters [61]. Fig. 17 represents the
flowchart for the string current algorithm, where its included error
estimation, is the result of comparing between both simulated and actual
power received by the solar system, representing hence the fault
indicator.

Mamdani-Sugeno fuzzy logic. By taking advantages from the ANN
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Fig. 15. GISTEL steps [245].
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topology and fuzzy logic system interface combination, an environ-
mental as well as electrical PV fault detector is created. The method
begins by data acquisition from the PV plant, modeling the DC side of
the PV system using five-parameter model, creation of power and
voltage ratios, to finally implement the ANN model. The suggested al-
gorithm is able to detect different PV faults such as faulty PV modules
and PSC with a maximum detection accuracy of 92.1 % [65].

Electrical and partial shading faults based on kNN rule. A Fault Detection
and Classification (FDC) technique relies on machine learning, dictated
by the k-Nearest Neighbors (kNN) rule, traces the abnormalities within
the I-V characteristic curve. The FDC models and simulates the PV
system using STCs and NOCT, yielding in PV fault localization and
characterization. The absolute error between the measured data and the
developed in the range 0.61-6.5 % with an average fault classification’s
accuracy of 98.70 % [67].

Neuro-fuzzy bypass/blocking diodes faults classifier. A neuro-fuzzy clas-
sifier detects faults at the PV cells’ level, such as series losses, bypass and
blocking diode faults, basing on electrical parameters such as maximum
power, and open circuit voltage deviations. The corresponding fault
identification/discrimination processes take into consideration four
electrical parameters, where the classifier has shown an ability to work
with different irradiance/temperature levels [198].

Third-order polynomial function samples with fuzzy logic classification.
After that different attributes are measured, a third-order polynomial
function is used to classify higher and lower detection limits for PV
voltage and power ratios faults. Samples are aftermath processed by a
fuzzy logic classification to gain one output membership function. The
correspondent maximum detection accuracy for this algorithm is equal
to 95.27 % [202].

Multiresolution signal decomposition. In a cascaded PV system, a fuzzy
inference system indicates if a fault has occurred by giving an order
decision to a multiresolution signal decomposition technique which in
turns extracts the needed necessary features. Such method is based on a
pattern recognition approach. The system uses fuzzy logic to interpret
the monitored data and an online resource to acknowledge the faults.
The suggested fault detection scheme is able to detect the DC-sided short
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circuit fault of a PV system, which are generally undetectable under low
irradiance conditions [157].

Multi-resolution signal decomposition with two-stage support vector
machine. To reduce the fire hazards due to faulty PV currents (being
undetected in low irradiance conditions) with the presence of a MPPT,
the multi-resolution signal decomposition for fault extraction is com-
bined with two-stage Support Vector Machine (SVM) classifiers to detect
the occurrence of Line-to-Line (L-L) faults. The required data for the
algorithm is obtained from the total voltage and current from a PV array,
with other labeled data to train the SVM. This method is found to be
economical for requiring a smaller number of sensors, yet effective in
detecting L-L faults under various operating conditions [186].

Logistic regression. Based on ML, all of open-circuit, short-circuit, and
mismatch faults can be predictively (i.e., during early stages of forma-
tion) identified by means of an algorithm relying on logistic regression
with cross validation. Trained with a yearly data of irradiance and
temperature, the suggested algorithm shows an accuracy of 97.11 % in
detecting the specified types of PV faults, with a fast operational speed
[298].

Insulation monitoring relays (IMR)

A continuous monitoring measurement is held between Current
Carrying Conductor (CCC) and ground: whenever the resulting resis-
tance value is smaller than a threshold, an alarm is set, thus informing
that a short circuit exists in the PV system. Such instrumentation is
effective in detecting short circuited paths in PV systems, preventing
further electrical complications [212].

Heat exchange and temperature based model (HET)

The Heat Exchange and Temperature based model (HET) detects a
PV fault according to the change in the PV module temperature, due to
the correlation between a PV fault and its temperature changing like in
the case of hotspots. All heat exchange is scheduled within the fault
detection technique. Using a finite element method, the physical defects
of different types of PV cells are modeled [219,220].

Climatic data independent technique (CDIT)
The Climatic Data Independent Technique (CDIT) is attributes-
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independent, where it does not need any solar irradiance, temperature,
humidity, and other climatic data. It relies coarsely on external meters as
Inductance Capacitance Resistance (ICR) meters, Earth Capacitance
Measurement (ECM) [265], Time Domain Reflectometery (TDR) [266],
and ANalysis Of VAriance (ANOVA) [267] techniques. Fault detection is
hence accomplished after analyzing the different effects of signal gen-
erators on the PV system, without any dependability on climatic factors,
such as irradiance and temperature.

Infrared/thermal imaging (In/ThI)

Across a resistor, any power loss is noted as joule loss, where current
passed is transformed into heat. Similarly, any loose contact shortening
across PV cells can result to the same effect: loss in terms of overheating
where affected cells produce less current as compared with normal ones
and become reverse biased. Through temperature monitoring, the fault
can be identified, in two ways: Forward Bias Imaging/Reverse Bias
Imaging (FBI/RBI). Each of FBI/RBI techniques has its private method
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for calculating the shorted/faulty current in order to identify hotspots
creation. This can be done in both methods by using Infra-Red (IR)
cameras to record IR images, then performing image processing which
results in identifying the PV fault nature and locating it within the PV
system [268].

As a first approach, to identify the PV fault’s type, and its frequency
of occurrence, an IR thermography considers the panels’ attributes
under investigation, leading to fault identification [269], with the
ability to investigate the existence of dust accumulated particles [261].

For hotspot cells exerting a reverse voltage with opened bypass
diode, the inability to identify which PV module is defected, is solved by
a technique described in the reference [270]. PV modules correspond-
ingly do not need to be tested individually, where the detection relies on
the observation of the total modules’ surface temperature changes.
Hence, the abnormal PV modules with open bypass diodes are identified
using DC power supply and an IR camera [270].

To acknowledge the PV modules’ actual temperature values, a
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thermal camera is connected in cascade with electrical sensor which
measure different V-I values. Therefore, a diagnostic model can identify
different PV faults using the established parameter based model, which
in turn is composed of an electrical model expressed by an energy bal-
ance equation of a PV module [271]. The measured parameters are
compared to a reference performance estimation model, and the derived
error can indicate the occurrence of a PV fault. Fig. 18 exposes the
process of fault identification using a thermal camera over a PV module.
A model parameter calculation is thus achieved by combining the data
captured from the electrical sensors with the values captured from the
thermal camera. Fault diagnosis is hence completed after evaluating the
performance estimation model [271].

Electroluminescence imaging (EI)

To detect the aging process of PV modules, related to time entropy or
reactions with the front glass cover, 2D-luminescence imaging can
detect any defected PV modules by reflecting inhomogeneous lumines-
cence patterns [272]. This type of detection reveals the degradation
pattern of the encapsulation material, which gives a clear idea about the
modules’ lifetime energy output efficiency. The amount of light har-
vested by the PV modules, and its translation into DC power generation,
reflects an indicator upon the health of PV modules [273].

When the excited carriers recombine within a PV cell, their emitted
photons retrieve the EI imaging. An EI effect happens then by means of
an injected current, which in turn yields to the carriers’ excitation [275].
The Photo Luminescence (PL) effect can also give a clear idea about the
amount of light beam being absorbed by the PV modules [276]. The
emission intensity of EI images is proportional to the PV current density
and carrier lifetime, hence the ability to detect non-uniform currents
sourced from poor PV inter-connections.

Ultrasonic inspection method (UIM)

When cracks/micro-cracks are present in the cells of a PV module,
their response to ultrasonic vibrations followed by an excitation, is
different from healthy cells. There are two modes to detect cracked PV
cells by Ultrasonic Inspection Method (UIM): pulse-echo and trans-
mission [274]. An ultrasonic transducer is present in both techniques to
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generate and distribute the pulses. In the first mode, the pulses are
passed through a PV module to record the reflected pulses from the
defected cells. In the second mode, the attenuated signals are recorded,
yielding in locating the defected PV cells [200].

Lock in thermography (LIT)

Lateral PV power loss is found using the Lock In Thermography (LIT)
after injection of discontinuous pulsed currents into solar cells. Cor-
rupted cells respond to these pulsed currents by appearing as local
temperature generators, where by using different modulations, the
defected PV cells appear. The pre-breakdown sites’ visibility in LIT was
better than that in reverse-bias EI [277].

The different fault detection methods of IMR, HET, CDIT, In/ThlI,
UIM, EI and LIT share all in common the need for external devices
(transducers, cameras, etc.) in order to detect a fault. This fact could add
extra financial burden on the fault detection prototype what decreases
the cost efficiency of the PV system.

Discussion and recommendation

The surveyed types of PV faults would present a rich background to
be fed into any PV fault detector database. As compared to other PV
faults recurrence dataset, as in the work of [295], this paper did not
estimate/record the frequency of occurrence of different PV faults, as
posted in Table 8: the recorded data from real PV systems under oper-
ation, concerning the frequency of occurrence of PV faults would be
treasurable for PV fault detection methods’ databases, especially the
ones classified under the AIT. The presented data in Table 8 for instance
[295], would accelerate the learning paths for ML based PV fault
detection methods, requiring the last for less self-learning processes. On
the other side, however, the work in [295] focused only on specific PV
faults and did not take into consideration broader types of faults, such as
MPPT and inverter failures, contrarily to the surveyed PV faults in this
paper.

Concerning the fault detection methods, not a set of techniques can
replace the other. For instance, AC faulty scenarios cannot be detected
by means of DC sensors, transducers, or any form of DC data capturers.
Likewise, for DC faulty conditions, CBs, RCDs and GFDIs for example
cannot trip or declare any form of fault detection based on continuous
signals. From another side, online (real-time) PV fault diagnosis offers a
higher fault detection accuracy than offline diagnosis, but in turns
require extra hardware equipment in order to be able to cope with the
larger amount of instantaneous operational data from the PV system. To
only implement one form of fault detection techniques leaves a full re-
gion within the PV system (whether it was the AC zone or DC zone)
unmonitored with a probability to excessively have repeated faulty
scripts.

Recent research in the field of PV faults detection methods empha-
size on identifying untraditional PV faults. For example, by means of a
wave shape based statistical algorithm, which analyzes the super-
imposed PV array power curve shape using the kurtosis function, short-
circuit faults (i.e., electrical) of low values can be detected. Other types
of faults (i.e., internal, external) can be as well detected, such as partial
shading, blocking diodes, and others [282]. By following the same
concern of detecting PV faults with small magnitudes, the triple expo-
nentially weighted moving average statistical monitoring technique,
when fused with other latent variable regression methods shows a good
efficiency. Such incorporated method can detect string faults, inverter
disconnection, circuit breakers faults, short circuit faults and others,
from an actual 9,54 kW PV plant [283]. As a form of PV preventive
maintenance, the statistical monitoring approach, initiated by a Harti-
gan’s dip test, can identify any PV abnormal operating conditions, pri-
orly than becoming actual failures [284], as similar is the case for the
work in [285] where the suggested models offer quick and accurate
prediction of different fault conditions. From another perspective, both
DC and AC parts of a PV system can be monitored through a
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Table 8

PV faults occurrence recording data [295].

Frequency Time t (in years: duration of the PV system installation)
f

° 1 2 3 4 5 6 7 8 9 10

occurrence

(number of

times)

1 Corrosion Degradation, Discoloration, Delamination, Disconnections, Corrosion, Corrosion Discoloration, - Defective
burn marks, corrosion cell cracks, discoloration disconnections, delamination bypass
defective burn marks degradation, diode
backsheet burn,

delamination
1.5 - degradation Burn -
marks
2 Potential Defective Cell cracks, Bypass diode - - -
induced bypass diode, bypass diode
shunts Corrosion
2.5 Glass - - - - - - - - -
breakage,
3 Disconnections - -
3.5 - - - - Cell cracks - - - - -
4 Cell Cell cracks Degradation Degradation Glass - -
cracks breakage,
bypass
diode
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nonparametric approach using kernel density estimation, where
different types of faults can be detected, such as string fault, partial
shading, and loss of energy due to an inverter’s disconnection [286].
Similarly, faults at both the DC side of the PV system, such as soiling and
partial shading, as well as on its AC side, such as circuit breaker faults
and inverter disconnection, can be detected via parametric models with
double exponentially smoothing based scheme [287]. Contrarily, in
order to have better focused PV faults detection on the DC side of a PV
system (e.g., short circuit, open circuit, and shading faults), the gener-
ated residuals of current, voltage, and power, capture the difference
between the actual and maximum power point of the same quantities.
Successively, when the resulting fault indicators are subjected to an
exponentially weighted moving average algorithm, the stated DC faults
are identified [169], and better acknowledged due to the reduced
measurement noise after the usage of a multiscale representation [289].

Despite the numerous advantages presented by the recent PV faults
detection research field, very few methods from the massive presented
literature review, present any solution in troubleshooting the PV system
from its both AC and DC sides. Under working conditions, a PV system
may encounter having multiple faults in both AC as well in DC regions.
Accordingly, and for an efficient fault tracking process, a dual AC-DC
fault detector is recommended to be installed in the PV system as
shown in Fig. 19.

The dual fault detector shown in Fig. 19, implies some sensors/
transducers installation at the DC side of the PV system in order to
capture various DC faults. On the other hand, RCBOs and different AC
switchgear can be coordinated with remoted applications, IoT-based
(Internet of Things) to remotely access to AC-sided faults. In other
terms, future directions are recommended based on the utilization of
addressable protective switchgear for both sides of the PV systems, that
can be remotely networked, controlled, and current-state acknowl-
edged. Such protective devices can for example be assigned to a local
area network, and accessed via internet protocol addressing (as an
example), with an ability for a remote access through a virtual private
network certification. A registered user can hence configure and read the
different states of the AC as well as the DC protective switchgear.
Therefore, the actual states of these tripping devices can hence be
network sent to a SCADA, over the same local area network, through a
data block messenger that actually carries the “status” of the tripping
devices (i.e., open contacts reflect the presence of a fault through a logic
TRUE; closed contacts reflect normal working conditions through a logic
FALSE). Other information (i.e., integer data type) can be as well carried
to the SCADA from other protective devices, such as under/over-voltage
sensors, temperature sensors (i.e., to acknowledge the states of electrical
cables overheating), and power factor recorders.

The SCADA in turns gather the processed acquainted data with a
distinguishing algorithm between the two-sided faults zones in the PV
system’s regions, and set accordingly the corresponding needed fault
alarms, signals, and switching mechanisms to declare the detected fault.
The obtained fault type can be graphically represented on a Liquid
Crystal Display (LCD) or any Human Machine Interface (HMI), with an
ability to set sirens for heavy/risky faults. Accordingly, the bottom line
of the suggested AC-DC dual fault diagnostic tool for PV systems consists
of network addressable protective switchgear for both sides of the PV
systems, connected (database-wise) to a SCADA (that can be pro-
grammed via visual basic application for example) through a data block
carrier over the same network. Each zone of the PV system can be
uniquely graphed, where each protective device would have its own
representative graphical images, that is to be animated according to the
real-time status of the device (i.e., intermittent red colored animations
denote the presence of a short circuit, where static green colors indicate
a non-tripping mechanism, for example). With the aforementioned
suggested architecture, such fault diagnostic tool can be set to be
controlled by means of programmable logic controllers, which in turn
can be remotely accessed via webservers, thus enabling the ability for PV
system fault detection/monitoring from smartphones.
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The proceeding step which comes after the fault identification and
detection is the corresponding fault maintenance technique, that is
classified under four different topologies [280], for different types of PV
cell raw materials [281]:

Corrective maintenance
Urgent case maintenance
Preventive maintenance
Predictive maintenance

Table 9 encapsulates a comparative characterization of different PV
maintenance techniques. The different PV faults acknowledgement,
with various fault detection methods, and fault maintenance represent a
complete package, which yields in a more robust performance for PV
systems.

Conclusions

PV systems are a lifetime investment with a great cost of installation.
In order to grant the predicted energy saving during a PV system’s
lifecycle, and to ensure a reliable payback period, the PV system is
assumed to work optimally, with no faults occurrence. However, PV
systems often interact with various faulty scenarios that reduce their
competencies and prohibit their cost effectiveness.

Throughout this paper, the different PV faults were classified as
either internal, external, or electrical faults. Internal faults are mainly
due to the manufacturer’s defects: the impurities in the PV cells raw
material, as well as the low semiconductor’s quality used during the
fabrication process, yield eventually to further complications under the
operation of the PV system. With that being said, their probability of
occurrence is indirectly proportional to the fabrication’s quality class (i.
e., higher PV raw materials reflect lower probability of internal faults
occurrence), where they affect the performance of the PV system from its
DC side. On the other hand, external faults are directly related to un-
desired environmental conditions: weather fluctuations, accumulation
of dust, soil, and snow, for example, affect the proper functioning of PV
system also from its DC side: the PV cells are not able as supposedly to
convert light into a DC voltage, due either to the presence of physical
obstacles (i.e., temporary mismatch faults), or to the damage induced on
the level of the PV modules (i.e., permanent mismatch faults). External
faults are the most common for PV systems, mainly due to the chaotic
and random aspects of the PV systems’ environmental surroundings In
addition, electrical fault can affect both the DC and the AC sides of the
PV system: possessing a spontaneous criteria, electrical faults provoke
abnormal quantities of currents (i.e., in the events of short circuits) and
voltages (i.e., in the event of open circuits, voltage superimposing, etc.),
thus affecting furtherly the load dissipation, as well as the safety of the

Table 9
Overview of different maintenance methods [280].
Maintenance Description Goals
strategy
Corrective Takes place after a failure Make corrections to avoid

event, and includes fixing,
repairing, replacing and other
correction tasks

Takes places after a major force
event, and requires fixing,
replacing and other correction
tasks

major equipment damaging

Urgent case Make corrections in a hurry,
prior to anything else to

prevent bigger damages

Predictive Evaluates the conditions of the ~ Predict the optimal time to
system by performing perform maintenance and
scheduled/continuous real- hence elevating the equipment
time monitoring uptime

Preventive Performs maintenance on a Reduce the possibility of any
pre-scheduled time interval failure

regardless of the condition
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wiring circuits.

The presented PV fault characterization helped in investigating the
applicability of a corresponding fault detection system on both sides of a
PV system. The DC-sided fault detection methods, on the first hand, in
majority rely on sensory data acquisition- the statistical monitoring
methods for example collect the PV performance data, that when
compared to a reference, a fault can be detected. Electrical based
methods are the most abundant in the literature, where such methods
can detect each of the three major types of faults. Signal processing and
ML based techniques are the most complex, since they imply on wave-
forms interpretation and data mining respectively. The easiest DC
detection methods correspond to IMR, HET, CDIT, In/Thl, EI, UIM, LIT,
since they are based only on installing readily available hardware. For
that, such techniques, when incorporated with a SCADA, would present
the most efficient and reliable PV fault detection method at the DC side
of a PV system. .

As concerning the PV fault detection methods at the AC side of the PV
system, unlike AIT and RDM based methods that are complex to
implement and require heavy computational facilities respectively, the
IDT, RCD, GFDI have more priority for installation in a PV system, while
at the same time being the easiest to adapt: higher reliability is presented
using these techniques, since they rely only on ready equipment. The
keynote is that newer RCD and GFDI and other relevant equipment are
fabricated with a small embedded system in each, where they can be
address assigned and remote controlled (i.e., networked). With that
being said, such devices can be graphically assigned to the SCADA, in a
way that when an RCD trips for example, a site operator can graphically
visualize this issue, directly locate the source of error, and be able to
send remote alarms for further fault acknowledgement. Therefore,
through this paper, it has been seen that a dual AC-DC fault detection
system can be easily applied to a PV system, simply by the usage of fault
indicator devices (e.g., RCD, RCBO, MCB, LIT, etc.) that possess the
feature of remote addressing (e.g., through local area network, peer-to-
peer communication, etc.). Such devices, hence, serving on both sides of
the PV system, can be thus reflected to a visual SCADA which also have
its own set of data blocks to be networked with. The tripping mecha-
nisms can be hence inspected remotely, while directly localizing the
source of error, for further on-site commissioning.

The reliability, durability, and sustainability of PV systems are
greatly improved by continuous monitoring, and faults’ identification
processes. When equipped with fault detecting tools, like the one sug-
gested in this paper, PV systems ensure robust power production, and a
safer performance.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Data availability

No data was used for the research described in the article.

References

[1] R. Venkateswari, S. Sreejith, Factors influencing the efficiency of photovoltaic
systems, Renew. Sustain. Energy Rev. 101 (2019) 376-394.

S. Sulaemany, E. Brown, R. Quispe-Abad, N. Muller, Floating PV system as an
alternative pathway to the amazon dam underproduction, Renew. Sustain.
Energy Rev. 135 (2019) 1-5.

K.K. Jaiswal, C.R. Chowdhury, D. Yadav, R. Verma, S. Dutta, K.S. Jaiswal,

B. Sangmesh, K.S.K. Karuppasamy, Renewable and sustainable clean energy
development and impact on social, economic, and environmental health, Energy
Nexus 7 (2022), 100118.

M.H. Shubbak, Advances in solar photovoltaics: technology review and patent
trends, Renew. Sustain. Energy Rev. 115 (2019) 1-5.

[2]

[3]

[4]

27

[5]

[6]

[71

[8

—

[91]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]
[32]

[33]

[34]

[35]

Energy Nexus 12 (2023) 100257

M. Adar, M.-A. Babay, S. Touairi, Y. Najih, M. Mabrouki, Experimental validation
of different PV power prediction models under Beni Mellal climate, implications
for the energy nexus, Energy Nexus 5 (2022), 100050.

N. Yarar, M. Yagci, S. Bahceci, A. Onen, T.S. Ustun, Artificial neural networks
based harmonics estimation for real university microgrids using hourly solar
irradiation and temperature data, Energy Nexus 9 (2023), 100172.

M. Dida, S. Boughali, D. Bechki, H. Bouguettaia, Output power loss of crystalline
silicon photovoltaic modules due to dust accumulation in Saharan environment,
Renew. Sustain. Energy Rev. 124 (2020) 1-3.

A. Juaidi, H.H. Muhammad, R. Abdallah, R. Abdalhaq, A. Albatayneh, F. Kawa,
Experimental validation of dust impact on-grid connected PV system performance
in Palestine: an energy nexus perspective, Energy Nexus 6 (2022), 100082.

T.K. Roy, M.A.H. Pramanik, S.K. Ghosh, Design of an integral terminal-based
sliding mode controller for PV and BESS-based DC microgrids, Energy Nexus 7
(2022), 100130.

K. Osmani, A. Haddad, T. Lemenand, B. Castanier, M. Ramadan, An investigation
on maximum power extraction algorithms from PV systems with corresponding
DC-DC converters, Energy 224 (2021), 120092.

K. Osmani, A. Haddad, H. Jaber, T. Lemenand, B. Castanier, M. Ramadan,
Mitigating the effects of partial shading on PV system’s performance through PV
array reconfiguration: a review, Therm. Sci. Eng. Prog. 31 (2022), 101280.

K. Osmani, M. Ramadan, A. Haddad, T. Lemenand, B. Castanier, An overview on
the use of phase change material (PCM) for PV cooling, Key Eng. Mater. 922
(2022) 3-9.

K. Osmani, M. Ramadan, T. Lemenand, B. Castanier, A. Haddad, Optimization of
PV array tilt angle for minimum levelized cost of energy, in: Computers &
Electrical Engineering, 96, Elsevier, 2021. Part A 107474.

S.R. Madeti, S.N. Singh, Monitoring system for photovoltaic plants: a review,
Renew. Sustain. Energy Rev. 67 (2017) 1180-1207.

P. Hacke, S. Lokanath, P. Williams, A. Vasan, P. Sochor, G.S.T. Mani,

H. Shinohara, S. Kurtz, A status review of photovoltaic power conversion
equipment reliability, safety, and quality assurance protocols, Renew. Sustain.
Energy Rev. 82 (2018) 1097-1112.

S. Shivashankar, S. Mekhilef, H. Mokhlis, M. Karimi, Mitigating methods of power
fluctuations of photovoltaic (PV) sources — a review, Renew. Sustain. Energy Rev.
59 (2016) 1170-1184.

A. Colli, Failure mode and effect analysis for photovoltaic systems, Renew.
Sustain. Energy Rev. 50 (2015) 804-809.

A. Dhoke, R. Sharma, T.K. Saha, An approach for fault detection and location in
solar PV systems, Sol. Energy 194 (2019) 197-208.

T. Pei, J. Zhang, L. Li, X. Hao, A fault locating method for PV arrays based on
improved voltage sensor placement, Sol. Energy 201 (2020) 279-297.

Y. Zhao, B. Lehman, J.F. de Palma, J. Mosesian, R. Lyons, Fault analysis in solar
PV arrays under: low irradiance conditions and reverse connections, in:
Proceedings of the 37th Photovoltaic Specialists’ Conference (PVSC), IEEE, 2011,
pp. 2-4.

M. Davarifar, A. Rabhi, A. El-hajjaji, Comprehensive modulation and
classification of faults and analysis their effect in DC side of photovoltaic system,
Energy Power Eng. 5 (2013) 230-236.

A. Triki-Lahiani, A.B.B. Abdelghani, I. Slama-Belkhodja, Fault detection and
monitoring systems for photovoltaic installations: a review, Renew. Sustain.
Energy Rev. 82 (2018) 2680-2692.

E. Diaz-Dorado, J. Cidras, C. Carrillo, Discretized model for partially shaded PV
arrays composed of PV panels with overlapping bypass diodes, Sol. Energy 157
(2017) 103-115.

S.N. Deshkar, S.B. Dhale, J.S. Mukherjee, T.S. Babu, N. Rajasekar, Solar PV array
reconfiguration under partial shading conditions for maximum power extraction
using genetic algorithm, Renew. Sustain. Energy Rev. 43 (2015) 102-110.

B.L. Rani, G.S. Ilango, C. Nagamani, Enhanced power generation from PV array
under partial shading conditions by shade dispersion using Su Do Ku
configuration, IEEE Trans. Sustain. Energy 4 (2013) 594-601.

J.P. Ram, N. Rajasekar, A new global maximum power point tracking technique
for solar photovoltaic (PV) system under partial shading conditions (PSC), Energy
118 (2017) 512-525.

J.P. Ram, N. Rajasekar, A novel flower pollination based global maximum power
point method for solar maximum power point tracking, IEEE Trans. Power
Electron. 32 (2017) 8486-8499.

X.H. Nguyen, Matlab/Simulink based modeling to study effect of partial shadow
on solar photovoltaic array, Environ. Syst. Res. 4 (2015) 1-5.

Y. Hu, J. Zhang, W. Cao, J. Wu, G.Y. Tian, S.J. Finney, J.L. Kirtley, Online two
section PV array fault diagnosis with optimized voltage sensor locations, IEEE
Trans. Ind. Electron. 62 (2015) 7237-7246.

N. Heidari, J. Gwamuri, T. Townsend, J.M. Pearce, Impact of snow and ground
interference on photovoltaic electric system performance, IEEE J. Photovolt. 5
(2015) 1680-1685.

M.S. Arani, M. Akhavanhejazi, The comprehensive study of electrical faults in PV
arrays, J. Electr. Comput. Eng. (2016), 8712960.

A.M. Omer, Renewable energy resources for electricity generation in Sudan,
Renew. Sustain. Energy Rev. 11 (2007) 1481-1497.

V. Sharma, S.S. Chandel, Performance and degradation analysis for long term
reliability of solar photovoltaic systems: a review, Renew. Sustain. Energy Rev. 27
(2013) 753-767.

D.S. Pillai, N. Rajasekar, A comprehensive review on protection challenges and
fault diagnosis in PV systems, Renew. Sustain. Energy Rev. 91 (2018) 18-40.
H. Liu, M. Mitolo, J. Qiu, Ground-fault loop impedance calculations in low-
voltage single-phase systems, IEEE Trans. Ind. Appl. 50 (2013) 1331-1337.


http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0001
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0001
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0002
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0002
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0002
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0003
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0003
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0003
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0003
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0004
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0004
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0005
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0005
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0005
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0006
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0006
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0006
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0007
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0007
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0007
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0008
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0008
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0008
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0009
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0009
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0009
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0010
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0010
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0010
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0011
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0011
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0011
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0012
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0012
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0012
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0013
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0013
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0013
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0014
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0014
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0015
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0015
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0015
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0015
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0016
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0016
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0016
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0017
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0017
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0018
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0018
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0019
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0019
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0020
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0020
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0020
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0020
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0021
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0021
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0021
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0022
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0022
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0022
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0023
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0023
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0023
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0024
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0024
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0024
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0025
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0025
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0025
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0026
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0026
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0026
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0027
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0027
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0027
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0028
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0028
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0029
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0029
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0029
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0030
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0030
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0030
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0031
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0031
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0032
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0032
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0033
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0033
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0033
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0034
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0034
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0035
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0035

K. Osmani et al.

[36]

[37]

[38]
[39]
[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

W.IL Bower, J.C. Wiles, Analysis of grounded and ungrounded photovoltaic
systems, in: Proceedings of 1994 IEEE 1st World Conference on Photovoltaic
Energy Conversion - WCPEC, IEEE, 1994, pp. 809-812.

D.E. Collier, T.S. Key, Electrical fault protection for a large photovoltaic power
plant inverter, in: Conference Record of the Twentieth IEEE Photovoltaics
Specialists Conference, 2002.

S.E. Forman, Performance of experimental terrestrial photovoltaic modules, IEEE
Trans. Reliab. 31 (1982) 235-245.

Y. Zhao, R. Lyons, Ground-fault analysis and protection in PV arrays, in:
Proceedings of Photovoltaics Protection, 2011, pp. 1-4.

A. McEvoy, T. Markvart, L. Castaner, Practical Handbook of Photovoltaics:
Fundamentals and Applications, 2nd edition, Elsevier, 2011.

M.K. Alam, F. Khan, J. Johnson, J. Flicker, A comprehensive review of
catastrophic faults in PV arrays: types, detection, and mitigation techniques, IEEE
J. Photovolt. 5 (2015) 982-997.

M. Cotterell. 2012. Installation guidelines: electrical. Practical Handbook of
Photovoltaics, 2nd edition, chapter 3. pp. 819-34.

Y. Zhao, J.F. de Palma, J. Mosesian, R. Lyons, B. Lehman, Line-line fault analysis
and protection challenges in solar photovoltaic arrays, IEEE Trans. Ind. Electron.
60 (2012) 3784-3795.

D.S. Pillai, R. Natarajan, A compatibility analysis on NEC, IEC, and UL standards
for protection against line-line and line-ground faults in PV arrays, IEEE J.
Photovolt. 9 (2019) 864-871.

S.R. Madeti, S.N. Singh, A comprehensive study on different types of faults and
detection techniques for solar photovoltaic system, Sol. Energy 158 (2017)
161-185.

K.M. Armijo, J. Johnson, M. Hibbs, A. Fresquez, Characterizing fire danger from
low power PV arc-faults, in: 2014 IEEE 40th Photovoltaic Specialist Conference
(PVSQ), IEEE, 2014.

J. Johnson, J. Kang, Arc-fault detector algorithm evaluation method utilizing
prerecorded arcing signatures, in: 2012 38th IEEE Photovoltaic Specialist
Conference, IEEE, 2012, pp. 1378-1382.

J. Flicker, J. Johnson, Electrical simulations of series and parallel PV arc-faults,
in: 2013 IEEE 39th Photovoltaic Specialist Conference (PVSC), IEEE, 2013,

pp. 3165-3172.

D.A. Dini, P.W. Brazis, K.H. Yen, Development of arc-fault circuit-interrupter
requirements for photovoltaic systems, in: 2011 37th IEEE Photovoltaic Specialist
Conference, IEEE, 2012, pp. 1790-1794.

F. Chan, H. Calleja, Reliability: a new approach in design of inverters for PV
systems, in: 2006 IEEE International Power Electronics Congress, IEEE, 2006,
pp. 1-6.

A. Omazic, G. Oreski, M. Halwachs, G.C. Eder, C. Hirschl, L. Neumaier, G. Pinter,
M. Erceg, Relation between degradation of polymeric components in crystalline
silicon PV module and climatic conditions: a literature review, Sol. Energy Mater.
Sol. Cells 192 (2019) 123-133.

K. Osmani, A. Haddad, M. Alkhedher, T. Lemenand, B. Castanier, M. Ramadan,
A novel MPPT-based lithium-ion battery solar charger for operation under
fluctuating irradiance conditions, Sustainability 15 (12) (2023), 9839.

Z. Alam, L. Khan, Q. Khan, S. Ullah, S. Ahmed, M.A. Khan, Integrated fault-
diagnoses and fault-tolerant MPPT control scheme for a photovoltaic system, in:
2019 15th International Conference on Emerging Technologies (ICET), IEEE,
2020, pp. 2-5.

K. Osmani, M. Alkhedher, M. Ramadan, D.S. Choi, L.K.B. Li, M.H. Doranehgard,
A.-G. Olabi, Recent progress in the thermal management of lithium-ion batteries,
J. Clean. Prod. 389 (2023), 136024.

K.-H. Chao, C.-T. Chen, A remote supervision fault diagnosis meter for
photovoltaic power generation systems, Measurement 104 (2017) 93-104.

R. Benkercha, S. Moulahoum, Fault detection and diagnosis based on C4.5
decision tree algorithm for grid connected PV system, Sol. Energy 173 (2018)
610-634.

W. Chine, A. Mellit, A.M. Pavan, S.A. Kalogirou, Fault detection method for grid-
connected photovoltaic plants, Renew. Energy 66 (2014) 99-110.

M. Tadj, K. Benmouiza, A. Cheknane, S. Silvestre, Improving the performance of
PV systems by faults detection using GISTEL approach, Energy Convers. Manage.
80 (2014) 298-304.

S. Lu, B.T. Phung, D. Zhang, A comprehensive review on DC arc faults and their
diagnosis methods in photovoltaic systems, Renew. Sustain. Energy Rev. 89
(2018) 88-98.

W. Chine, A. Mellit, V. Lughi, A. Malek, G. Sulligoi, A.M. Pavan, A novel fault
diagnosis technique for photovoltaic systems based on artificial neural networks,
Renew. Energy 90 (2016) 501-512.

A. Hazra, S. Das, M. Basu, An efficient fault diagnosis method for PV systems
following string current, J. Clean. Prod. 154 (2017) 220-232.

Y. Wue, Z. Chen, L. Wu, P. Lin, S. Cheng, P. Lu, An intelligent fault diagnosis
approach for PV array based on SA-RBF kernel extreme learning machine, Energy
Proc. 105 (2017) 1070-1076.

M. De Bendetti, F. Leonardi, F. Messina, C. Santoro, A. Vasilakos, Anomaly
detection and predictive maintenance for photovoltaic systems, Neuro Comput.
310 (2018) 59-68.

H. Mekki, A. Mellit, H. Salhi, Artificial neural network-based modelling and fault
detection of partial shaded photovoltaic modules, Simul. Modell. Pract. Theory 67
(2016) 1-13.

M. Dhimish, V. Holmes, B. Mehrdadi, M. Dales, Comparing Mamdani Sugeno
fuzzy logic and RBF ANN network for PV fault detection, Renew. Energy 117
(2018) 257-274.

28

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]
[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

Energy Nexus 12 (2023) 100257

F.A.O. Polo, J.F. Bermejo, J.C.G. Fernandez, A.C. Marquez, Failure mode
prediction and energy forecasting of PV plants to assist dynamic maintenance
tasks by ANN based models, Renew. Energy 81 (2015) 227-238.

S.R. Madeti, S.N. Singh, Modeling of PV system based on experimental data for
fault detection using kNN method, Sol. Energy 173 (2018) 139-151.

T. Shimakage, K. Nishioka, H. Yamane, M. Nagura, M. Kudo, Development of
fault detection system in PV system, in: Proceedings of 33rd International
Telecommunications Energy Conference (INTELEC), IEEE, 2011, pp. 1-5.

X. Xu, H. Wang, X. Xu, Y. Zuo, Method for diagnosing photovoltaic array fault in
solar photovoltaic system, in: Proceedings of Asia-Pacific Power and Energy
Engineering Conference (APPEEC), IEEE, 2011, pp. 1-5.

M. Omana, D. Rossi, G. Collepalumbo, C. Metra, F. Lombardi, Faults affecting the
control blocks of PV arrays and techniques for their concurrent detection, in:
Proceedings of International Symposium on Defect and Fault Tolerance in VLSI
and Nanotechnology Systems (DFT), IEEE, 2012, pp. 199-204.

N. Gokmen, E. Karatepe, B. Celik, S. Silvestre, Simple diagnostic approach for
determining of faulted PV modules in string based PV arrays, Sol. Energy 86
(2012) 3364-3377.

S. Silvestre, M.A. da Silva, A. Chouder, D. Guasch, E. Karatepe, New procedure for
fault detection in grid connected PV systems based on the evaluation of current
and voltage indicators, Energy Convers. Manag. 86 (2014) 241-249.

X. Lin, Y. Wang, M. Pedram, J. Kim, N. Chang, Designing fault-tolerant
photovoltaic systems, IEEE Design Test 31 (2013) 76-84.

Y. Hu, J. Zhang, W. Cao, J. Wu, G.Y. Tian, S.J. Finney, J.L. Kirtley, Online two-
section PV array fault diagnosis with optimized voltage sensor locations, IEEE
Trans. Ind. Electron. 62 (2015) 7237-7246.

M. Alajmi, I. Abdel-Qader, Fault detection and localization in solar photovoltaic
arrays using the current-voltage sensing framework, in: Proceedings of
International Conference on Electro Information Technology (EIT), IEEE, 2016,
pp. 307-312.

R. Hariharan, M. Chakkarapani, G.S. Ilango, C. Nagamani, A method to detect
photovoltaic array faults and partial shading in PV systems, IEEE J. Photovolt. 6
(2016) 1278-1285.

M. Bressan, Y. El-Basri, C. Alonso, A new method for fault detection and
identification of shadows based on electrical signature of defects, in: Proceedings
of the 17th European Conference on Power Electronics and Applications (EPE’15
ECCE-Europe), IEEE, 2015, pp. 1-8.

E. Garoudja, K. Kara, A. Chouder, S. Silvestre, S. Kichou, Efficient fault detection
and diagnosis procedure for photovoltaic systems, in: Proceedings of the 8th
International Conference on Modelling, Identification and Control (ICMIC), IEEE,
2016, pp. 851-856.

A. Dhoke, R. Sharma, T.K. Saha, PV module degradation analysis and impact on
settings of overcurrent protection devices, Sol. Energy 160 (2018) 360-367.

D. Kastha, B.K. Bose, Investigation of fault modes of voltage-fed inverter for
induction motor drive, IEEE Trans. Ind. Appl. 30 (1994) 1028-1038.

J.H. Choi, S. Kim, D.S. Yoo, K.H. Kim, A diagnostic method of simultaneous open-
switch faults in inverter-fed linear induction motor drive for reliability
enhancement, IEEE Trans. Ind. Electron. 62 (2015) 4065-4077.

A.R. Haitham, S.K.M. Ahmed, A. Igbal, M. Rahimian, H.A. Toliyat, Incipient
bearing fault diagnostics for inverter fed induction motor drive using ANFIS, in:
Electrical Machines (ICEM) International Conference, IEEE, 2010, pp. 1-5.

Q.T. An, L.Z. Sun, K. Zhao, L. Sun, Switching function model-based fast-diagnostic
method of open-switch faults in inverters without sensors, IEEE Trans. Power
Electron. 126 (2011) 119-126.

X. Zhang, A new diagnostic method of open switch faults in inverters using sliding
mode observer and MLD model, in: 2015 IEEE Magnetics Conference
(INTERMAG), IEEE, 2015, pp. 1-2.

A. Babel, A. Muetze, R. Seebacher, K. Krischan, E.G. Strangas, Condition
monitoring and failure prognosis of IGBT inverters based on on-line
characterization, in: 2015 IEEE 2nd Conference Future Energy Electronics
Conference (IFEEC), IEEE, 2014, pp. 1-7.

S.C. Yang, On-line stator turn fault detection for inverter-fed electric machines
using neutral point voltage differences, in: 2015 IEEE 2nd International, Future
Energy Electronics Conference (IFEEC), IEEE, 2015, pp. 1-7.

R. Riberio, C. Jacobina, E. Da Silva, A. Lima, Fault detection of open-switch
damage in voltage-fed PWM motor drive systems, IEEE Trans. Power Electron. 18
(2003) 587-593.

F.W. Fuchs, Some diagnosis methods for voltage source inverters in variable
speed drives with induction machines-A survey, in: Proceedings of IEEE/IE
Annual Meeting, IEEE, 2003, pp. 1378-1385.

V.F. Pires, D. Foito, T.G. Amaral, Fault detection and diagnosis in a PV grid-
connected T-type three level inverter, in: International Conference on Renewable
Energy Research and Applications (ICRERA), IEEE, 2015, pp. 1-5.

0.J. Aworo, A. Kwasinski, Fault detection strategy for grid-tie three-phase
photovoltaic inverter, in: International Conference on Renewable Energy
Research and Applications (ICRERA), IEEE, 2018, pp. 1-6.

A.F. Ebrahim, T. Youssef, S.M.W. Ahmed, S.E. Elmasry, O.A. Mohammed, Fault
detection and compensation for a PV system grid tie inverter, in: North American
Power Symposium (NAPS), IEEE, 2014, pp. 1-6.

7. 1i, T. Peng, J. Yang, Z. Lin, P. Zhang, Open fault detection for interleaved
flyback micro-inverter based on state observer, in: Proceedings of the 33rd
Chinese Control Conference, IEEE, 2014, pp. 1-4.

Z. Huang, Z. Wang, H. Zhang, Multiple open-circuit fault diagnosis based on
multistate data processing and subsection fluctuation analysis for photovoltaic
inverter, Trans. Instrum. Meas. 67 (2018) 516-526.


http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0036
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0036
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0036
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0037
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0037
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0037
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0038
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0038
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0039
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0039
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0040
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0040
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0041
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0041
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0041
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0043
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0043
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0043
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0044
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0044
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0044
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0045
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0045
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0045
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0046
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0046
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0046
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0047
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0047
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0047
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0048
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0048
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0048
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0049
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0049
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0049
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0050
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0050
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0050
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0051
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0051
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0051
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0051
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0052
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0052
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0052
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0053
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0053
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0053
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0053
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0054
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0054
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0054
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0055
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0055
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0056
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0056
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0056
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0057
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0057
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0058
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0058
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0058
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0059
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0059
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0059
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0060
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0060
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0060
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0061
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0061
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0062
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0062
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0062
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0063
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0063
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0063
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0064
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0064
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0064
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0065
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0065
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0065
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0066
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0066
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0066
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0067
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0067
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0068
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0068
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0068
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0069
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0069
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0069
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0070
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0070
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0070
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0070
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0071
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0071
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0071
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0072
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0072
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0072
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0073
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0073
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0074
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0074
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0074
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0075
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0075
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0075
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0075
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0076
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0076
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0076
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0077
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0077
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0077
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0077
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0078
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0078
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0078
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0078
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0079
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0079
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0080
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0080
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0081
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0081
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0081
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0082
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0082
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0082
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0083
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0083
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0083
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0084
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0084
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0084
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0085
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0085
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0085
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0085
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0086
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0086
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0086
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0087
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0087
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0087
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0088
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0088
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0088
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0089
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0089
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0089
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0090
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0090
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0090
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0091
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0091
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0091
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0092
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0092
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0092
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0093
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0093
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0093

K. Osmani et al.

[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

M. Dong, H. Dong, L. Wang, J. Yang, L. Li, Y. Wang, A simple open-circuit
detection strategy for a single-phase grid-connected PV inverter fed from power
optimizers, [EEE Trans. Power Electron. 33 (2017) 2798-2802.

J.A.P. Sanchez, D.U. Campos-Delgado, D.R. Espinoza-Trejo, A.A. Valdez-
Fernandez, C.H. De Angelo, Fault diagnosis in grid-connected PV NPC inverters
by a model-based and data processing combined approach, Power Electron. IET
12 (2019) 3254-3264.

R. Peuget, S. Courtine, J. Rognon, Fault detection and isolation on a PWM
inverter by knowledge-based model, IEEE Trans. Ind. Appl. 34 (1998)
1318-1326.

A.C. Renfrew, J.X. Tian, The use of a knowledge-based system in power electronic
circuit fault diagnosis, in: Proceedings of the 5th European Conference on Power
Electronics & Applications, Brighton, UK, 1993, pp. 57-62.

C. Hang, L. Ying, N. Shu, Transistor open-circuit fault diagnosis in two-level
three-phase inverter based on similarity measurement, Microelectron. Reliab. 91
(2018) 291-297.

C. Yong, J.J. Zhang, Z.Y. Chen, Current observer-based online open-switch fault
diagnosis for voltage-source inverter, ISA Trans. 99 (2020) 445-453.

M. Wang, J. Zhao, F. Wu, H. Yang, Transistor open-circuit fault diagnosis of three
phase voltage-source inverter fed induction motor based on information fusion,
in: 12th IEEE Conference on Industrial Electronics and Applications (ICIEA), IEEE,
2017, pp. 1-4.

H. Weiwei, Q. Jin, M. Haowen, S. Yufeng, Information fusion method in fault
modes, in: 2012 IEEE Conference on Prognostics and System Health Management
(PHM), IEEE, 2012, pp. 1-5.

Z. Yao, H. Pan, Engine fault diagnosis based on the weighted DS evidence theory,
in: IEEE 7th International Workshop on Computational Intelligence and
Applications (IWCIA), IEEE, 2014, pp. 219-223.

Z. Lin, Z. Feng, Z. Xiao, Q. Zhong, Method of analog circuits fusion diagnosis
based on BP network and DS theory, in: 2010 6th International Conference on
Natural Computation, IEEE, 2010, pp. 389-393.

K. Rothenhagen, F.W. Fuchs, Performance of diagnosis methods for IGBT open
circuit faults in three phase voltage source inverters for ac variable speed drives,
in: 2005 European Conference on Power Electronics and Applications, IEEE,
2005, pp. 1-10.

H. Yan, Y. Xu, F. Cai, H. Zhang, W. Zhao, C. Gerada, PWM-VSI fault diagnosis for a
PMSM drive based on the fuzzy logic approach, IEEE Trans. Power Electron. 34
(2019) 759-768.

N.M.A. Freire, J.O. Estima, A.J.M. Cardoso, Multiple open-circuit fault diagnosis
in voltage-fed PWM motor drives using the current park’s vector phase and the
currents polarity, in: 8th IEEE Symposium on Diagnostics for Electrical Machines,
Power Electronics & Drives. IEEE, 2011, pp. 1-5.

R.P.S. Ventura, A.M.S. Mendes, A.J.M. Cardoso, Fault detection in multilevel
cascaded inverter using park’s vector approach with balanced battery power
usage, in: Proceedings of the 2011 14th European Conference on Power
Electronics and Applications, IEEE, 2011, pp. 2-4.

D.U. Campos-Delgado, D.R. Espinoza-Trejo, An observer-based diagnosis scheme
for single and simultaneous open-switch faults in induction motors drives, IEEE
Trans. Ind. Electron. 58 (2010) 671-679.

S.M. Jung, J.S. Park, H.W. Kim, K.Y. Cho, M.J. Yoon, An MRAS-based diagnosis of
open-circuit fault in PWM voltage-source inverters for PM synchronous motor
drive systems, IEEE Trans. Power Electron. 28 (2012) 2514-2526.

S. Karimi, A. Gaillard, P. Poure, S. Saadate, FPGA-based real-time power
converter failure diagnosis for wind energy conversion systems, IEEE Trans. Ind.
Electron. 55 (2008) 4299-4308.

R.L.A. Ribeiro, C.B. Jacobina, E.R.C. da Silva, A.M.N. Lima, Fault detection of
open-switch damage in voltage-fed PWM motor drive systems, IEEE Trans. Power
Electron. 18 (2003) 587-593.

0.S. Yu, N.J. Park, D.S. Hyun, A novel fault detection scheme for voltage fed PWM
inverter, in: Proceedings of Industrial Electronics Society Conference, 2006,

pp. 2654-2659.

A.Q.T. Sun, L.Z. Zhao, K.L. Sun, Switching function model based fast diagnostic
method of open-switch faults in inverters without sensors, IEEE Trans. Power
Electron. 26 (2011) 119-126.

M. Trabelsi, M. Boussak, M. Gossa, PWM-switching pattern-based diagnosis
scheme for single and multiple open-switch damages in VSI-fed induction motor
drives, ISA Trans. 51 (2012) 333-344.

M. Trabelsi, M. Boussak, P. Mestre, M. Gossa, An improved diagnosis technique
for IGBTs open-circuit fault in PWM-VSI-fed induction motor drive, in:
Proceedings of International Symposium on Industrial Electronics Conference,
2011, pp. 2111-2117.

U.M. Choi, H.G. Jeong, K.B. Lee, F. Blaabjerg, Method for detecting an open-
switch fault in a grid-connected NPC inverter system, IEEE Trans. Power Electron.
27 (2012) 2726-2739.

A.M.S. Mendes, A.J.M. Cardoso, Fault diagnosis in a rectifier-inverter system used
in a variable speed ac drives, by the average current Park’s vector approach, in:
Proceedings of European Conference on Power Electronics and Applications,
1999, pp. 1-9.

S. Abramik, W. Sleszynski, J. Nieznanski, H. Piquet, A diagnostic method for on-
line fault detection and localization in VSI-fed ac drives, in: Proceedings of
European Conference on Power Electronics and Applications, 2003, pp. 2-4.

K. Rothenhagen, F.W. Fuchs, Performance of diagnosis methods for IGBT open-
circuit faults in voltage source active rectifiers, in: Proceedings of Power
Electronics Specialists Conference, 2004, pp. 4348-4354.

29

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]

[139]
[140]

[141]

[142]

[143]

[144]

[145]

[146]

[147]

[148]

Energy Nexus 12 (2023) 100257

X. Chen, J. Liu, Z. Deng, S. Song, S. Du, D. Wang, A diagnosis strategy for multiple
IGBT open-circuit faults of modular multilevel converters, IEEE Trans. Power
Electron. 36 (2020) 191-203.

1.J. Balaguer-Alvarez, E.I. Ortiz-Rivera, Survey of distributed generation islanding
detection methods, IEEE Lat. Am. Trans. 8 (2010) 565-570.

A. Llaria, O. Curea, J. Jimenez, H. Camblong, Survey on Microgrids: analysis of
technical limitations to carry out new solutions, in: 13th European Conference
Power Electronics and Applications, EPE’09, 2009, pp. 1-8.

A. Timbus, A. Oudalov, C.N. Ho, Islanding detection in smart grids, in: Energy
Conversion Congress and Exposition (ECCE), 2010, pp. 3631-3637.

P. Mahat, Z. Chen, B. Bak-Jensen, Review of islanding detection methods for
distributed generation. Electric utility deregulation and restructuring and power
technologies, in: DRPT Third International Conference, 2008, pp. 2743-2748.
R.S. Kunte, W. Gao, Comparison and review of islanding detection techniques for
distributed energy resources, in: 40th North American Power Symposium,
NAPS’08, 2008, pp. 1-8.

M. Ezzt, M.I. Marei, M. Abdel-Rahman, M.M. Mansour, A hybrid strategy for
distributed generators islanding detection, in: 2007 IEEE Power Engineering
Society Conference and Exposition in Africa, Power Africa, IEEE, 2007, pp. 1-7.
S.P. Chowdhury, S. Chowdhury, P.A. Crossley, Islanding protection of active
distribution networks with renewable distributed generators: a comprehensive
survey, Electr. Power Syst. Res. 79 (2009) 984-992.

F. Coffele, P. Moore, C. Booth, A. Dysko, G. Burt, T. Spearing, P. Dolan,
Centralised Loss of Mains protection using IEC-61850, Developments in Power
System Protection (2010) 3-5. IET.

H.H. Zeineldin, E.F. El-Saadany, M.M. Salama, Impact of DG interface control on
islanding detection and non-detection zones, IEEE Trans. Power Deliv. 21 (2006)
1515-1523.

W. Hu, Y.L. Sun, A compound scheme of islanding detection according to inverter,
in: Power and Energy Engineering Conference, Asia-Pacific, 2009, pp. 1-4.

G. Yin, A distributed generation islanding detection method based on artificial
immune system, in: Transmission and Distribution Conference and Exhibition:
Asia and Pacific, IEEE/PES, 2005, pp. 1-4.

S.I. Jang, K.H. Kim, An islanding detection method for distributed generations
using voltage unbalance and total harmonic distortion of current, IEEE Trans.
Power Deliv. 19 (2004) 745-752.

R.R.S. de Oliveira, H.M. Monteiro, R.R. Alexio, L.R.M. Silva, C.A. Duque,
Islanding detection using impedance measurements techniques based on wavelet
injection, in: 2017 Brazilian Power Electronics Conference (COBEP), IEEE, 2017,
pp. 1-5.

P. Mahat, Z. Chen, B. Bak-Jensen, Review on islanding operation of distribution
system with distributed generation, in: Power and Energy Society General
Meeting, IEEE, 2011, pp. 1-8.

H.J. Kim, D.H. Kim, B.M. Han, Islanding detection method with negative-
sequence current injection under unbalanced voltage grid, in: International
Future Energy Electronics Conference (IFEEC), IEEE, 2015, pp. 1-5.

P.P. Vergara, J.M. Rey, H.R. Shaker, J.M. Guerrero, B.N. Jorgensen, L.C.P. da
Silva, Distribution strategy for optimal dispatch of unbalanced three-phase
islanded microgrids, Trans. Smart Grid 10 (2018) 3210-3225.

N. Liu, A.S. Aljankawey, C.P. Diduch, L. Chang, M. Mao, P. Yazdkhasti, J. Su,
Performance evaluation for grid impedance based islanding detection method, in:
International Power Electronics Conference (IPEC-Hiroshima 2014 — ECCE Asia),
IEEE, 2014, pp. 1-5.

M. Ropp, J. Ginn, J. Stevens, W. Bower, S. Gonzalez, Simulation and experimental
study of the impedance detection anti-islanding method in the single-inverter
case, in: Photovoltaic Energy Conversion, Conference Record of the IEEE 4th
World Conference 2, 2006, pp. 2379-2382.

F. Liu, Y. Kang, Y. Zhang, S. Duan, X. Lin, Improved SMS islanding detection
method for grid-connected converters, IET Renew. Power Gener. 4 (2010) 36-42.
V. Menon, M.H. Nehrir, A hybrid islanding detection technique using voltage
unbalance and frequency set point, IEEE Trans. Power Syst. 22 (2007) 442-448.
G.K. Hung, C.C. Chang, C.L. Chen, Automatic phase-shift method for islanding
detection of grid-connected photovoltaic inverters, IEEE Trans. Energy Convers.
18 (2003) 169-173.

W.Y. Chang, A hybrid islanding detection method for distributed synchronous
generators, in: International Power Electronics Conference — ECCE ASIA, IEEE,
2010, pp. 1326-1330.

H. Vahedi, R. Noroozian, A. Jalilvand, G.B. Gharehpetian, Hybrid SFS and Q-f
islanding detection method for inverter-based DG, in: International Conference on
Power and Energy, IEEE, 2010, pp. 672-676.

R. Polikar, The story of wavelets, Phys. Mod. Top. Mech. Electr. Eng. (1999)
192-197.

A. Pigazo, V.M. Moreno, M. Liserre, A. Dell’Aquila, Wavelet-based islanding
detection algorithm for single-phase photovoltaic (PV) distributed generation
systems, in: IEEE International Symposium on Industrial Electronics, ISIE 2007,
2007, pp. 2409-2413.

A. Pigazo, M. Liserre, R.A. Mastromauro, V.M. Moreno, A. Dell’Aquila, Wavelet
based islanding detection in grid-connected PV systems, IEEE Trans. Ind. Electron.
56 (2009) 4445-4455.

P.K. Ray, S.R. Mohanty, N. Kishor, H.C. Dubey, Coherency determination in grid
connected distributed generation based hybrid system under islanding scenarios,
in: IEEE International Conference on Power and Energy (PECon), 2010,

pp. 85-88.

P.K. Ray, N. Kishor, S.R. Mohanty, S-transform based islanding detection in grid
connected distributed generation based power system, in: IEEE International


http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0094
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0094
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0094
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0095
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0095
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0095
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0095
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0096
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0096
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0096
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0097
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0097
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0097
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0098
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0098
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0098
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0099
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0099
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0100
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0100
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0100
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0100
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0101
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0101
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0101
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0102
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0102
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0102
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0103
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0103
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0103
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0104
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0104
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0104
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0104
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0105
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0105
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0105
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0106
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0106
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0106
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0106
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0107
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0107
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0107
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0107
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0108
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0108
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0108
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0109
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0109
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0109
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0110
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0110
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0110
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0111
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0111
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0111
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0112
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0112
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0112
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0113
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0113
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0113
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0114
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0114
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0114
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0115
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0115
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0115
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0115
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0116
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0116
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0116
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0117
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0117
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0117
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0117
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0118
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0118
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0118
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0119
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0119
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0119
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0120
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0120
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0120
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0121
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0121
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0122
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0122
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0122
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0123
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0123
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0124
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0124
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0124
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0125
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0125
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0125
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0126
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0126
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0126
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0127
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0127
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0127
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0128
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0128
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0128
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0129
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0129
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0129
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0130
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0130
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0131
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0131
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0131
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0132
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0132
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0132
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0133
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0133
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0133
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0133
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0134
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0134
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0134
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0135
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0135
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0135
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0136
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0136
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0136
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0137
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0137
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0137
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0137
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0138
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0138
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0138
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0138
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0139
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0139
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0140
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0140
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0141
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0141
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0141
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0142
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0142
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0142
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0143
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0143
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0143
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0144
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0144
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0145
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0145
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0145
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0145
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0146
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0146
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0146
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0147
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0147
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0147
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0147
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0148
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0148

K. Osmani et al.

[149]

[150]

[151]

[152]

[153]

[154]

[155]

[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]

[164]

[165]

[166]

[167]

[168]

[169]

[170]

[171]

[172]

[173]

[174]

[175]

[176]

Conference on Energy Conference and Exhibition (EnergyCon), 2010,

pp. 612-617.

S.R. Samantaray, A. Samui, B.C. Babu, S-transform based cumulative sum
detector (CUSUM) for islanding detection in distributed generations, in: 2010
Joint International Conference on Power Electronics, Drives and Energy Systems
(PEDES) & 2010 Power India, 2010, pp. 1-6.

Y. Zhao, B. Lehman, R. Ball, J. Mosesian, J.F. de Palma, Outlier detection rules for
fault detection in solar photovoltaic arrays, in: Proceedings of Twenty-eighth
Annual Applied Power Electronics Conference and Exposition (APEC), IEEE,
2013, pp. 2913-2920.

Y. Zhao, F. Balboni, T. Arnaud, J. Mosesian, R. Ball, B. Lehman, Fault experiments
in a commercial-scale PV laboratory and fault detection using local outlier factor,
in: Proceedings of 40th Photovoltaic Specialist Conference (PVSC), IEEE, 2014,
pp. 3398-3403.

G. Wang, C.C. Youn, A.M. Stankovic, DC-side high impedance ground fault
detection for transformerless single-phase PV systems, in: Proceedings of North
American Power Symposium (NAPS), IEEE, 2015, pp. 1-6.

L.S. Kim, On-line fault detection algorithm of a photovoltaic system using wavelet
transform, Sol. Energy 126 (2016) 137-145.

N.L. Georgijevic, M.V. Jankovic, S. Srdic, Z. Radakovic, The detection of series arc
fault in photovoltaic systems based on the arc current entropy, IEEE Trans. Power
Electron. 31 (2016) 5917-5930.

K.A. Kim, G.-S. Seo, B.-H. Cho, P.T. Krein, Photovoltaic hot-spot detection for
solar panel substrings using AC parameter characterization, IEEE Trans. Power
Electron. 31 (2016) 1121-1130.

L. Chen, S. Li, X. Wang, Quickest fault detection in photovoltaic systems, IEEE
Trans. Smart Grid 9 (2016) 1835-1847.

Z. Yi, A.H. Etemadi, Fault detection for photovoltaic systems based on multi-
resolution signal decomposition and fuzzy inference systems, IEEE Trans. Smart
Grid 8 (2017) 1274-1283.

S. Chen, X. Li, PV series arc fault recognition under different working conditions
with joint detection method, in: Proceedings of the 62nd Holm Conference on
Electrical Contacts (Holm), IEEE, 2016, pp. 25-32.

H. Zhu, Z. Wang, R.S. Balog, Real time arc fault detection in PV systems using
wavelet decomposition, in: Proceedings of 43rd Photovoltaic Specialists
Conference (PVSC), IEEE, 2016, pp. 1761-1766.

S. Dhar, R.K. Patnaik, P.K. Dash, Fault detection and location of photovoltaic
based DC microgrid using differential protection strategy, IEEE Trans. Smart Grid
9 (2017) 4303-4312.

Q. Xiong, S. Ji, L. Zhu, L. Zhong, Y. Liu, A novel DC arc fault detection method
based on electromagnetic radiation signal, IEEE Trans. Plasma Sci. 45 (2017)
472-478.

B.P. Kumar, G.S. Ilango, M.J. Reddy, N. Chilakapati, Online fault detection and
diagnosis in photovoltaic systems using wavelet packets, IEEE J. Photovolt. 8
(2018) 257-265.

M. Mansouri, A. Al-khazraji, M. Hajji, M.F. Harkat, H. Nounou, M. Nounou,
Wavelet optimized EWMA for fault detection and application to photovoltaic
systems, Sol. Energy 167 (2018) 125-136.

C. Ventura, G.M. Tina, Utility scale photovoltaic plant indices and models for on-
line monitoring and fault detection purposes, Electr. Power Syst. Res. 136 (2016)
43-56.

S. Silvestre, L. Mona-Lopez, S. Kichou, F. Sanchez-Pacheco, M. Dominguez-Pumar,
Remote supervision and fault detection on OPC monitored PV systems, Sol.
Energy 137 (2016) 424-433.

M. Dhimish, V. Holmes, M. Dales, Parallel fault detection algorithm for grid-
connected photovoltaic plants, Renew. Energy 113 (2017) 94-111.

P.K. Ray, A. Mohanty, B.K. Panigrahi, P.K. Rout, Modified wavelet transform
based fault analysis in a solar photovoltaic system, Optik (Stuttg) 168 (2018)
754-763.

H. Ding, K. Ding, J. Zhang, Y. Wang, L. Gao, Y. Li, F. Chen, Z. Shao, W. Lai, Local
outlier factor-based fault detection and evaluation of photovoltaic system, Sol.
Energy 164 (2018) 139-148.

F. Harrou, Y. Sun, B. Taghezouit, A. Saidi, M.-E. Hamlati, Reliable fault detection
and diagnosis of photovoltaic systems based on statistical monitoring approaches,
Renew. Energy 116 (2018) 22-37.

S. Nie, X. Pei, Y. Chen, Y. Kang, Fault diagnosis of PWM DC-DC converters based
on magnetic component voltages equation, IEEE Trans. Power Electron. 29 (2014)
4978-4988.

X. Pei, S. Nie, Y. Kang, Switch short-circuit fault diagnosis and remedial strategy
for full-bridge DC-DC converters, IEEE Trans. Power Electron. 30 (2015)
996-1004.

S.Y. Kim, K. Nam, H.S. Song, H.G. Kim, Fault diagnosis of a ZVS DC-DC converter
based on DC-link current pulse shapes, IEEE Trans. Ind. Electron. 55 (2008)
1491-1494.

W. Sleszynski, J. Nieznanski, Open-transistor fault diagnostics in voltage-source
inverters by analyzing the load currents, in: Proceedings of International
Symposium on Diagnosis for Electric Machines, 2007, pp. 70-73.

W. Sleszynski, J. Nieznanski, A. Cichowski, Open-transistor fault diagnostics in
voltage-source inverters by analyzing the load currents, IEEE Trans. Ind. Electron.
56 (2009) 4681-4688.

B.G. Park, K.J. Lee, R.Y. Kim, T.S. Kim, J.S. Ryn, D.S. Hyun, Simple fault diagnosis
based on operating characteristic of brushless direct-current motor drives, IEEE
Trans. Ind. Electron. 58 (2011) 1586-1593.

M.S. Kanniche, Wavelet-fuzzy based algorithm for condition monitoring of
voltage source inverters, Electron. Lett. 40 (2004) 267-268.

30

[177]

[178]

[179]

[180]

[181]

[182]

[183]

[184]

[185]

[186]

[187]

[188]

[189]

[190]

[191]

[192]

[193]

[194]

[195]

[196]

[197]

[198]

[199]

[200]

[201]

[202]

[203]

[204]

[205]

Energy Nexus 12 (2023) 100257

C.M. Wolf, M.W. Degner, F. Briz, Analysis of current sampling errors in PWM VSI
drives, IEEE Trans. Ind. Appl. 51 (2015) 1551-1560.

Z. Li, P. Wheeler, A. Watson, A. Costabeber, B. Wang, Y. Ren, Z. Bai, H. Ma, A fast
diagnosis method for IGBT faults and current sensor faults in grid-tied three-phase
inverters with two current sensors, IEEE Trans. Power Electron. 35 (2020)
5267-5278.

J.O. Estima, A.J.M. Cardoso, A new algorithm for real-time multiple open-circuit
fault diagnosis in voltage-fed PWM motor drivers by the reference current errors,
IEEE Trans. Ind. Electron. 28 (2013) 3496-3505.

F. Zidani, D. Diallo, M.E.H. Benbouzid, R. Nait-Said, A fuzzy-based approach for
the diagnosis of fault modes in a voltage-fed PWM inverter induction motor drive,
IEEE Trans. Ind. Electron. 55 (2008) 586-593.

Q.T. An, L.Z. Sun, K. Zhao, L. Sun, Current residual vector-based open-switch fault
diagnosis of inverters in PMSM drive systems, IEEE Trans. Power Electron. 30
(2015) 2814-2827.

N. Senroy, G.T. Heydt, V. Vittal, Decision tree assisted controlled islanding, IEEE
Trans. Power Syst. 21 (2006) 1790-1797.

K. El-Arroudi, G. Joos, I. Kamwa, D.T. McGillis, Intelligent-based approach to
islanding detection in distributed generation, IEEE Trans. Power Deliv. 22 (2007)
828-835.

N.W. Lidula, A.D. Rajapakse, A pattern recognition approach for detecting power
islands using transient signals—part I: design and implementation, IEEE Trans.
Power Deliv. 25 (2010) 3070-3077.

J.P. Pham, N. Denboer, N.W. Lidula, N. Perera, A.D. Rajapakse, Hardware
implementation of an islanding detection approach based on current and voltage
transients, in: Electrical Power and Energy Conference (EPEC), 2011,

pp. 152-157.

Z. Yi, A.H. Etemadi, Line-to-line fault detection for photovoltaic arrays based on
multiresolution signal decomposition and two-stage support vector machine, IEEE
Trans. Ind. Electron. 64 (2017) 8546-8556.

E. Kymakis, S. Kalykakis, T.M. Papazoglou, Performance analysis of a grid
connected photovoltaic park on the island of Crete, Energy Convers. Manag. 50
(3) (2009) 433-438.

S. Silvestre, A. Chouder, E. Karatepe, Automatic fault detection in grid connected
PV systems, Sol. Energy 94 (2013) 119-127.

M. Davarifar, A. Rabhi, A. El Hajjaji, M. Dahmane, New method for fault detection
of PV panels in domestic applications, in: Proceedings of the 3rd International
Conference on Systems and Control (ICSC), IEEE, 2013, pp. 727-732.

J.M. Bright, S. Killinger, D. Lingfors, N.A. Engerer, Improved satellite-derived PV
power nowcasting using real-time power data from reference PV systems, Sol.
Energy 168 (2018) 118-139.

W. Chine A. Mellit, A.M. Pavan, V. Lughi, Fault diagnosis in photovoltaic arrays,
in: Proceedings of International Conference on Clean Electrical Power (ICCEP),
IEEE, 2015, pp. 67-72.

R. Platon, J. Martel, N. Woodruff, T.Y. Chau, Online fault detection in PV systems,
IEEE Trans. Sustain. Energy 6 (2015) 1200-1207.

M. Hosseinzadeh, F.R. Salmasi, Determination of maximum solar power under
shading and converter faults—a prerequisite for failure-tolerant power
management systems, Simul. Modell. Pract. Theory 62 (2016) 14-30.

M. Bressan, Y. El Basri, A.G. Galeano, C. Alonso, A shadow fault detection method
based on the standard error analysis of IV curves, Renew. Energy 99 (2016)
1181-1190.

A. Umana, A.S. Meliopoulos, Detection of cell-level fault conditions within a
photovoltaic array system, in: Proceedings of Transmission and Distribution
Conference and Exposition (T&D), IEEE/PES, IEEE, 2016, pp. 1-5.

W. Wang, A.C.-F. Liu, H.S.-H. Chung, R.W.-H. Lau, J. Zhang, A.W.-L. Lo, Fault
diagnosis of photovoltaic panels using dynamic current-voltage characteristics,
IEEE Trans. Power Electron. 31 (2016) 1588-1599.

T. Andrianajaina, E.J.R. Sambatra, C.B. Andrianirina, T.D. Razafimahefa,

N. Heraud, PV fault detection using the least squares method, in: Proceedings of
International Conference and Exposition on Electrical and Power Engineering
(EPE), IEEE, 2016, pp. 846-851.

A. Belaout, F. Krim, A. Mellit, A Neuro-fuzzy classifier for fault detection and
classification in photovoltaic module, in: Proceedings of the 8th International
Conference on Modelling, Identification and Control (ICMIC), IEEE, 2016,

pp. 144-149.

E. Garoudja, F. Harrou, Y. Sun, K. Kara, A. Chouder, S. Silvestre, Statistical fault
detection in photovoltaic systems, Sol. Energy 150 (2017) 485-499.

B. Du, R. Yang, Y. He, F. Wang, S. Huang, Nondestructive inspection, testing and
evaluation for Si-based, thin film and multi-junction solar cells: an overview,
Renew. Sustain. Energy Rev. 78 (2017) 1117-1151.

M. Dhimish, V. Holmes, B. Mehrdadi, M. Dales, Simultaneous fault detection
algorithm for grid-connected photovoltaic plants, IET Renew. Power Gener. 11
(2017) 1565-1575.

M. Dhimish, V. Holmes, B. Mehrdadi, M. Dales, Multi-layer photovoltaic fault
detection algorithm, High Volt. 2 (2017) 244-252.

M.E. Basoglu, B. Cakir, Comparisons of MPPT performances of isolated and non-
isolated DC-DC converters by using a new approach, Renew. Sustain. Energy Rev.
60 (2016) 1100-1113.

M.K. Alam, F.H. Khan, J. Johnson, J. Flicker, PV arc-fault detection using spread
spectrum time domain reflectometry (SSTDR), in: IEEE Conference on Energy
Conversion Congress and Exposition (ECCE), 2014, pp. 3294-3300.

S. Roy, M.K. Alam, F. Khan, J. Johnson, J. Flicker, An irradiance independent,
Robust ground fault detection scheme for PV arrays based on spread spectrum
time domain reflectometry (SSTDR), IEEE Trans. Power Electron. 33 (2017)
7046-7057.


http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0148
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0148
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0149
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0149
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0149
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0149
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0150
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0150
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0150
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0150
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0151
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0151
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0151
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0151
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0152
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0152
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0152
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0153
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0153
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0154
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0154
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0154
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0155
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0155
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0155
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0156
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0156
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0157
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0157
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0157
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0158
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0158
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0158
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0159
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0159
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0159
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0160
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0160
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0160
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0161
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0161
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0161
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0162
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0162
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0162
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0163
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0163
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0163
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0164
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0164
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0164
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0165
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0165
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0165
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0166
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0166
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0167
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0167
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0167
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0168
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0168
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0168
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0169
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0169
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0169
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0170
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0170
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0170
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0171
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0171
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0171
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0172
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0172
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0172
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0173
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0173
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0173
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0174
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0174
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0174
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0175
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0175
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0175
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0176
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0176
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0177
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0177
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0178
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0178
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0178
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0178
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0179
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0179
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0179
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0180
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0180
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0180
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0181
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0181
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0181
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0182
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0182
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0183
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0183
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0183
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0184
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0184
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0184
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0185
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0185
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0185
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0185
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0186
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0186
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0186
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0187
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0187
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0187
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0188
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0188
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0189
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0189
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0189
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0190
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0190
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0190
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0191
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0191
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0191
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0192
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0192
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0193
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0193
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0193
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0194
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0194
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0194
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0195
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0195
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0195
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0196
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0196
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0196
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0197
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0197
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0197
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0197
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0198
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0198
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0198
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0198
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0199
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0199
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0200
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0200
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0200
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0201
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0201
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0201
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0202
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0202
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0203
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0203
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0203
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0204
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0204
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0204
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0205
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0205
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0205
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0205

K. Osmani et al.

[206]

[207]

[208]

[209]

[210]

[211]

[212]

[213]

[214]
[215]

[216]

[217]

[218]

[219]

[220]

[221]

[222]

[223]

[224]

[225]

[226]

[227]

[228]

[229]

[230]

[231]

[232]

[233]

[234]

F. Schimpf, L.E. Norum, Recognition of electric arcing in the DC-wiring of
photovoltaic systems, in: International IEEE Conference on Telecommunications
Energy (INTELEC), IEEE, 2009, pp. 1-6.

0. Hachana, G.M. Tina, K.E. Hemsas, PV array fault diagnostic technique for BIPV
systems, Energy Build. 126 (2016) 263-274.

J. Johnson, S. Kuszmaul, W. Bower, D.A. Schoenwald, Using PV module and line
frequency response data to create robust arc fault detectors, in: Proceedings of the
26th European Photovoltaic Solar Energy Conference and Exhibition, 2011,

pp. 5-9.

J.C. Gu, D.S. Lai, J.M. Wang, J.J. Huang, M.T. Yang, Design of DC series arc fault
detector for photovoltaic system protection, IEEE Trans. Ind. Appl. 55 (2019)
2464-2471.

G.S. Seo, H. Bae, B.H. Cho, K.C. Lee, Arc protection scheme for DC distribution
systems with photovoltaic generation, in: IEEE International Conference on
Renewable Energy Research and Applications (ICRERA), 2012, pp. 1-5.

M. Kavi, Y. Mishra, M. Vilathgamuwa, DC arc-fault detection in PV systems using
multistage morphological fault detection algorithm, in: IECON 2018 -44th
Annual Conference of the IEEE Industrial Electronics Society, IEEE, 2018, pp. 1-5.
D.K.J.S. Jayamaha, N.W.A. Lidula, A.D. Rajapakse, Protection and grounding
methods in DC microgrids: comprehensive review and analysis, Renew. Sustain.
Energy Rev. 120 (2020) 12-14.

S. Czapp, K. Borowski, Verification of safety in low-voltage power systems
without nuisance tripping of residual current devices, Electr. Power Syst. Res. 172
(2019) 260-268.

J.C. Hernandez, P.G. Vidal, F. Jurado, Guidelines for protection against electric
shock in PV generators, I[EEE Power Eng. Soc. Gen. Meet. 24 (1) (2005) 274-282.
J. Flicker, J. Johnson, Photovoltaic ground fault detection recommendations for
array safety and operation, Sol. Energy 140 (2016) 34-50.

J.C. Hernandez, P.G. Vidal, A. Medina, Characterization of the insulation and
leakage currents of PV generators: relevance for human safety, Renew. Energy 35
(2010) 593-601.

D.S. Pillai, J.P. Ram, N. Rajasekar, A. Mahmud, Y. Yang, F. Blaabjerg, Extended
analysis on Line-Line and Line-Ground faults in PV arrays and a compatibility
study on latest NEC protection standards, Energy Convers. Manag. 196 (2019)
988-1001.

J. Flicker, J. Johnson, M. Albers, G. Ball, Recommendations for isolation monitor
ground fault detectors on residential and utility-scale PV systems, in: 2015 IEEE
42nd Photovoltaic Specialist Conference (PVSC), IEEE, 2015, pp. 4-6.

J.F. Martinez, M. Steiner, M. Wiesenfarth, S.W. Glunz, F. Dimroth, Thermal
analysis of passively cooled hybrid CPV module using Si cell as heat distributor,
IEEE J. Photovolt. 9 (2018) 160-166.

S. Vergura, G. Acciani, O. Falcone, A finite-element approach to analyze the
thermal effect of defects on silicon-based PV cells, IEEE Trans. Ind. Electron. 59
(2012) 3860-3867.

L. Liu, M. Zan, Y. Bai, A recursive ensemble model for forecasting the power
output of photovoltaic systems, Sol. Energy 189 (2019) 291-298.

Y. Yagi, H. Kishi, R. Hagihara, T. Tanaka, S. Kozuma, T. Ishida, M. Waki,

M. Tanaka, S. Kiyama, Diagnostic technology and an expert system for
photovoltaic systems using the learning method, Sol. Energy Mater. Sol. Cells 75
(2003) 655-663.

Z. Li, Y. Wang, D. Zhou, C. Wu, An intelligent method for fault diagnosis in
photovoltaic array, System Simul. Sci. Comput. 327 (2012) 10-16.

P. Ducange, M. Fazzolari, B. Lazzerini, F. Marcelloni, An intelligent system for
detecting faults in photovoltaic fields, in: 11th International Conference on
Intelligent Systems Design and Applications (ISDA), IEEE, 2011, pp. 1341-1346.
A. Belaout, F. Krim, A. Mellit, B. Talbi, A. Arabi, Multiclass adaptive neuro-fuzzy
classifier and feature selection techniques for photovoltaic array fault detection
and classification, Renew. Energy 127 (2018) 548-558.

A. Ameur, A. Berrada, K. Loudiyi, M. Aggour, Forecast modeling and performance
assessment of solar PV systems, J. Clean. Energy Prod. 267 (2020) 5-10.

E. Garoudja, A. Chouder, K. Kara, S. Silvestre, An enhanced machine learning
based approach for failures detection and diagnosis of PV systems, Energy
Convers. Manag. 151 (2017) 496-513.

M. Dhimish, V. Holmes, B. Mehrdadi, M. Dales, Diagnostic method for
photovoltaic systems based on six layer detection algorithm, Electr. Power Syst.
Res. 151 (2017) 26-39.

M. Mittal, B. Bora, S. Saxena, A.M. Gaur, Performance prediction of PV module
using electrical equivalent model and artificial neural network, Sol. Energy 176
(2018) 104-117.

LE. Kaid, A. Hafaifa, M. Guemana, N. Hadroug, A. Kouzou, Photovoltaic system
failure diagnosis based on adaptive neuro fuzzy inference approach: south Algeria
solar power plant, J. Clean. Prod. 204 (2018) 169-182.

Y. Zhao, R. Ball, J. Mosesian, J.-F. de Palma, B. Lehman, Graph-based semi-
supervised learning for fault detection and classification in solar photovoltaic
arrays, IEEE Trans. Power Electron. 30 (2015) 2848-2858.

Y. Zhao, L. Yang, B. Lehman, J.-F. de Palma, J. Mosesian, R. Lyons, Decision tree-
based fault detection and classification in solar photovoltaic arrays, in:
Proceedings of Twenty-Seventh Annual Applied Power Electronics Conference
and Exposition (APEC), IEEE, 2012, pp. 93-99.

M.N. Akram, S. Lotfifard, Modeling and health monitoring of DC side of
photovoltaic array, IEEE Trans. Sustain. Energy 6 (2015) 1245-1253.

E.K. Syafaruddin, T. Hiyama, Controlling of artificial neural network for fault
diagnosis of photovoltaic array, in: Proceedings of the 16th International
Conference on Intelligent System Application to Power Systems (ISAP), IEEE,
2011, pp. 1-6.

31

[235]

[236]

[237]

[238]

[239]

[240]

[241]

[242]

[243]
[244]

[245]

[246]

[247]

[248]

[249]

[250]

[251]

[252]

[253]
[254]

[255]

[256]

[257]

[258]

[259]

[260]

[261]

[262]
[263]

[264]

Energy Nexus 12 (2023) 100257

L.L. Jiang, D.L. Maskell, Automatic fault detection and diagnosis for photovoltaic
systems using combined artificial neural network and analytical based methods,
in: Proceedings of International Joint Conference on Neural Networks (IJCNN),
IEEE, 2015, pp. 1-8.

C.B. Jones, J.S. Stein, S. Gonzalez, B.H. King, Photovoltaic system fault detection
and diagnostics using laterally primed adaptive resonance theory neural network,
in: Proceedings of the 42nd Photovoltaic Specialist Conference (PVSC), IEEE,
2015, pp. 1-6.

G. Han, F.M. Ham, L.V. Fausett, Fuzzy LAPART supervised learning through
inferencing for stable category recognition, in: Proceedings of 1994 IEEE 3rd
International Fuzzy Systems Conference, IEEE, 1994, pp. 1-5.

Z. Chen, L. Wu, S. Cheng, P. Lin, Y. Wu, W. Lin, Intelligent fault diagnosis of
photovoltaic arrays based on optimized kernel extreme learning machine and I-V
characteristics, Appl. Energy 204 (2017) 912-931.

L. Bonsignore, M. Davarifar, A. Rabhi, G.M. Tina, A. Elhajjaji, Neuro-fuzzy fault
detection method for photovoltaic systems, Energy Proc. 62 (2014) 431-444.
M. Dhimish, V. Holmes, B. Mehrdadi, M. Dales, P. Mather, Photovoltaic fault
detection algorithm based on theoretical curves modelling and fuzzy classification
system, Energy 140 (2017) 276-290.

Z. Chen, F. Han, L. Wu, J. Yu, S. Cheng, P. Lin, H. Chen, Random forest based
intelligent fault diagnosis for PV arrays using array voltage and string currents,
Energy Convers. Manag. 178 (2018) 250-264.

Y. Ueda, K. Kurokawa, T. Tanabe, K. Kitamura, H. Sugihara, Analysis results of
output power loss due to the grid voltage rise in grid-connected photovoltaic
power generation systems, IEEE Trans. Ind. Electron. 55 (2008) 2744-2751.
S.R. Madeti, S.N. Singh, Comparative analysis of solar photovoltaic monitoring
systems, AIP Conf. Proc. 1859 (1) (2017), 020116.

L. Shen, Z. Li, T. Ma, Analysis of the power loss and quantification of the energy
distribution in PV module, Appl. Energy 260 (2020) 4-8.

M. Tadj, K. Benmouiza, A. Cheknane, An innovative method based on satellite
image analysis to check fault in a PV system lead-acid battery, Simul. Modell.
Pract. Theory 47 (2014) 236-247.

S. Silvestre, Advances in Renewable Energies and Power Technologies. Advances
in Renewable Energies and Power Technologies, 2018, pp. 231-255. Book
Chapter.

T. Takashima, J. Yamaguchi, K. Otani, T. Oozeki, K. Kato, M. Ishida, Experimental
studies of fault location in PV module strings, Sol. Energy Mater. Sol. Cells 93
(2009) 1079-1082.

T. Arunkumari, V. Indragandhi, An overview of high voltage conversion ratio DC-
DC converter configurations used in DC micro-grid architectures, Renew. Sustain.
Energy Rev. 77 (2017) 670-687.

A. Nouri, I. Salhi, S. El Beid, N. Essounbouli, E. Elwarraki, A fault tolerant strategy
for multilevel de-de converters to improve the PV system efficiency, IFAC-
PapersOnLine 49 (2016) 704-709.

A. Chouder, S. Silvestre, Automatic supervision and fault detection of PV systems
based on power losses analysis, Energy Convers. Manag. 51 (2010) 1929-1937.
K. Osmani, M. Ramadan, A. Haddad, T. Lemenand, B. Castanier, A short review
on mathematical algorithms for predictive maintenance techniques and anomaly
detection in PV systems, in: Proceedings of the 31st European Safety and
Reliability Conference, ESREL, Angers, France, 2021, pp. 3222-3229.

A. Drews, A.C. de Keizer, H.G. Beyer, E. Lorenz, J. Betcke, W.G.J.H.M. van Sark,
W. Heydenreich, E. Wiemken, S. Stettler, P. Toggweiler, S. Bofinger,

M. Schneider, G. Heilscher, D. Heinemann, Monitoring and remote failure
detection of grid-connected PV systems based on satellite observations, Sol.
Energy 81 (2007) 548-564.

K.H. Chao, S.H. Ho, M.H. Wang, Modeling and fault diagnosis of a photovoltaic
system, Electr. Power Syst. Res. 78 (2008) 97-105.

A. Mellit, G.M. Tina, S.A. Kalogirou, Fault detection and diagnosis methods for
photovoltaic systems A review, Renew. Sustain. Energy Rev. 91 (2018) 1-17.
P.Lin, Y. Lin, Z.C. Chen, L. Wu, L. Chen, S. Cheng, A density peak-based clustering
approach for fault diagnosis of photovoltaic arrays, Int. J. Photoenergy 9 (2017)
1-14.

M. Benghanem, A. Maafi, Data acquisition system for photovoltaic systems
performance monitoring, IEEE Trans. Instrum. Meas. 47 (1998) 30-33.

R. Mukaro, D. Tinarwo, Performance evaluation of a hot-box reflector solar
cooker using a microcontroller-based measurement system, Int. J. Energy Res. 32
(2008) 1339-1348.

M.A. Eltawil, Z. Zhao, Grid-connected photovoltaic power systems: technical and
potential problems—a review, Renew. Sustain. Energy Rev. 14 (2010) 112-129.
M. Miwa, S. Yamanaka, H. Kawamura, H. Ohno, Diagnosis of a power output
lowering of PV array with a (-dI/dV)-V characteristic, in: Conference Record of
the IEEE 4th World Conference on Photovoltaic Energy Conversion 2, IEEE, 2006,
DPp. 2442-2445,

S. Kaplanis, E. Kaplani, Energy performance and degradation over 20 years
performance of BP ¢-Si PV modules, Simul. Modell. Pract. Theory 19 (2011)
1201-1211.

Z.A. Jeffery, A.K. Dubey, A.H. Irshad, Scheme for predictive fault diagnosis in
photo-voltaic modules using thermal imaging, Infrared Phys. Technol. 83 (2017)
182-187.

B. Nehme, N.C. Msirdi, A. Naamane, T. Akiki, Analysis and characterization of
faults in PV systems, Energy Proc. 111 (2017) 1020-1029.

J. Solorzano, M.A. Egido, Automatic fault diagnosis in PV systems with
distributed MPPT, Energy Convers. Manag. 76 (2013) 925-934.

Q. Xiong, S. Ji, X. Liu, X. Feng, F. Zhang, L. Zhu, A.L. Gattozi, R.E. Hebner,
Detecting and localizing series arc fault in photovoltaic systems based on time and
frequency characteristics of capacitor current, Sol. Energy 170 (2018) 788-799.


http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0206
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0206
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0206
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0207
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0207
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0208
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0208
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0208
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0208
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0209
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0209
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0209
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0210
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0210
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0210
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0211
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0211
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0211
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0212
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0212
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0212
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0213
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0213
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0213
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0214
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0214
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0215
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0215
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0216
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0216
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0216
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0217
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0217
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0217
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0217
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0218
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0218
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0218
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0219
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0219
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0219
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0220
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0220
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0220
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0221
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0221
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0222
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0222
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0222
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0222
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0223
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0223
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0224
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0224
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0224
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0225
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0225
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0225
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0226
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0226
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0227
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0227
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0227
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0228
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0228
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0228
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0229
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0229
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0229
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0230
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0230
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0230
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0231
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0231
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0231
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0232
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0232
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0232
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0232
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0233
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0233
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0234
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0234
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0234
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0234
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0235
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0235
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0235
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0235
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0236
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0236
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0236
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0236
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0237
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0237
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0237
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0238
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0238
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0238
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0239
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0239
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0240
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0240
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0240
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0241
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0241
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0241
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0242
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0242
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0242
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0243
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0243
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0244
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0244
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0245
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0245
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0245
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0246
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0246
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0246
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0247
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0247
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0247
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0248
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0248
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0248
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0249
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0249
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0249
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0250
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0250
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0251
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0251
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0251
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0251
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0252
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0252
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0252
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0252
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0252
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0253
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0253
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0254
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0254
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0255
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0255
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0255
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0256
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0256
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0257
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0257
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0257
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0258
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0258
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0259
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0259
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0259
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0259
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0260
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0260
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0260
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0261
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0261
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0261
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0262
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0262
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0263
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0263
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0264
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0264
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0264

K. Osmani et al.

[265]

[266]

[267]

[268]

[269]

[270]

[271]

[272]

[273]

[274]

[275]

[276]

[277]

[278]

[279]

[280]

[281]

T. Takashima, J. Yamaguchi, K. Otani, K. Kato, M. Ishida, Experimental studies of
failure detection methods in PV module strings, in: Photovoltaic Energy
Conversion, Conference Record of the IEEE 4th World Conference 2, 2006,

pp. 2227-2230.

L. Schirone, F.P. Califano, M. Pastena, Fault detection in a photovoltaic plant by
thermal effect of defects on silicon-based PV cells, IEEE Trans. Ind. Electron. 59
(1994) 3860-3867.

S. Vergura, G. Acciani, V. Amoruso, G. Patrono, Inferential statistics for
monitoring and fault forecasting of PV plants, in: IEEE International Symposium
on Industrial Electronics, IEEE, 2008, pp. 2414-2419.

E. Kaplani, Detection of degradation effects in field-aged c-Si solar cells through
IR thermography and digital image processing, Int. J. Photoenergy (2012) 3-10.
F. Ancuta, C. Cepisca, Fault analysis possibilities for PV panels, in: Proceedings of
the 3rd International Youth Conference on Energetics (IYCE), IEEE, 2011,

pp. 1-5.

R. Kase, S. Nishikawa, Fault detection of bypass circuit of PV module—detection
technology of open circuit fault location, in: Proceedings of the 19th International
Conference on Electrical Machines and Systems (ICEMS), IEEE, 2016, pp. 1-4.
Y. Hu, B. Gao, X. Song, G.Y. Tian, K. Li, X. He, Photovoltaic fault detection using a
parameter based model, Sol. Energy 96 (2013) 96-102.

J.C. Schlothauer, K. Grabmayer, I. Hintersteiner, G.M. Wallner, B. Roder, Non-
destructive 2D-luminescence detection of EVA in aged PV modules: correlation to
calorimetric properties, additive distribution and a clue to aging parameters, Sol.
Energy Mater. Sol. Cells 159 (2017) 307-317.

Z. Liu, M. Peters, V. Shanmugam, Y.S. Khoo, S. Guo, R. Stangl, A.G. Aberle,

J. Wong, Luminescence imaging analysis of light harvesting from inactive areas in
crystalline silicon PV modules, Sol. Energy Mater. Sol. Cells 144 (2016) 523-531.
P. Acevedo, M. Vasquez, J. Duran, R. Petrearce, A pulse generator based on an
arduino platform for ultrasonic applications, Phys. Proc. 70 (2015) 1096-1099.
T. Kirchartz, A. Helbig, W. Reetz, M. Reuter, J.H. Werner, U. Rau, Reciprocity
between electroluminescence and quantum efficiency used for the
characterization of silicon solar cells, Prog. Photovolt. Res. Appl. 17 (2009)
394-402.

M. Kasemann, D. Grote, B. Walter, W. Kwapil, T. Trupke, Y. Augarten, R.

A. Bardos, E. Pink, M.D. Abbott, W. Warta, Luminescence imaging for the
detection of shunts on silicon solar cells, Prog. Photovolt. Res. Appl. 16 (2008)
297-305.

O. Breitenstein, J. Bauer, T. Trupke, R.A. Bardos, On the detection of shunts in
silicon solar cells by photo-and electroluminescence imaging, Prog. Photovolt.
Res. Appl. 16 (2008) 325-330.

G. Kayakutlu, E. Mercier-Laurent. Chapter 3: Intelligence for Energy, Intelligence
in Energy, Elsevier, 2016, pp. 37-77.

M. Sharifzadeh, A. Sikinio-Lock, N. Shah, Machine-learning methods for
integrated renewable power generation: a comparative study of artificial neural
networks, support vector regression, and Gaussian process regression, Renew.
Sustain. Energy Rev. 108 (2019) 513-538.

K. Osmani, A. Haddad, T. Lemenand, B. Castanier, M. Ramadan, A review on
maintenance strategies for PV systems, Sci. Total Environ. 746 (2020) 3-4.

K. Osmani, A. Haddad, T. Lemenand, B. Castanier, M. Ramadan, Material based
fault detection methods for PV systems, Key Eng. Mater. 865 (2020) 111-115.

32

[282]

[283]

[284]

[285]

[286]

[287]

[288]

[289]

[290]

[291]

[292]

[293]

[294]

[295]

[296]

[297]

Energy Nexus 12 (2023) 100257

A. Maleki, I. Sadeghkhani, B. Fani, Statistical sensorless short-circuit fault
detection algorithm for photovoltaic arrays, J. Renew. Sustain. Energy 11 (2019),
053501.

B. Bouyeddou, F. Harrou, B. Taghezouit, Y. Sun, A.H. Arab, Improved semi-
supervised data-mining-based schemes for fault detection in a grid-connected
photovoltaic system, Energies 15 (21) (2022), 7978.

S. Vergura, A statistical tool to detect and locate abnormal operating conditions in
photovoltaic systems, Sustainability 10 (3) (2018), 608.

M. Green, C.B. Jones, J. Dore, E. Brill, Improving Efficiency of PV Systems Using
Statistical Performance Monitoring, International Energy Agency, 2017.
Photovoltaic Power Systems Programme. ISBN 978-3-906042-48-0.

B. Taghezouit, F. Harrou, Y. Sun, A.H. Arab, C. Larbes, Multivariate statistical
monitoring of photovoltaic plant operation, Energy Convers. Manag. 205 (2020),
112317.

B. Taghezouit, F. Harrou, Y. Sun, A.H. Arab, C. Larbes, A simple and effective
detection strategy using double exponential scheme for photovoltaic systems
monitoring, Sol. Energy 214 (2021) 337-354.

F. Harrou, B. Taghezouit, Y. Sun, Robust and flexible strategy for fault detection
in grid-connected photovoltaic systems, Energy Convers. Manag. 180 (2019)
1153-1166.

Y.-Y. Hong, R.A. Pula, Methods of photovoltaic fault detection and classification:
a review, Energy Rep. 8 (2022) 5898-5929.

A. Malik, A. Haque, V.S.B. Kurukuru, M.A. Khan, F. Blaabjerg, Overview of fault
detection approaches for grid connected photovoltaic inverters. e-Prime —
advances in electrical engineering, Electron. Energy 2 (2022), 100035.

B. Li, C. Delpha, D. Diallo, A. Migan-Dubois, Application of artificial neural
networks to photovoltaic fault detection and diagnosis: a review, Renew. Sustain.
Energy Rev. 138 (2021), 110512.

1. Hypiaas, K. Grujic, A.G. Imenes, I. Burud, E. Olsen, N. Belbachir, Inspection and
condition monitoring of large-scale photovoltaic power plants: a review of
imaging technologies, Renew. Sustain. Energy Rev. 161 (2022), 112353.

N. Bansal, S.P. Jaiswal, G. Singh, Comparative investigation of performance
evaluation, degradation causes, impact and corrective measures for ground
mount and rooftop solar PV plants — a review, Sustain. Energy Technol. Assessm.
47 (2021), 101526.

M. Kontges, G. Oreski, U. Jahn, M. Herz, P. Hacke, K.-A. Weiss, G. Razongles,
M. Paggi, D. Parlevliet, T. Tanahashi, R.H. French, Assessment of Photovoltaic
Module Failures in the Field, International Energy Agency, 2017. Photovoltaic
Power Systems Programme. ISBN 978-3-906042-54-1.

S. Voutsinas, D. Karolidis, . Voyiatzis, M. Samarakou, Development of a fault
detection algorithm for photovoltaic systems, in: Proceedings of the 25th Pan-
Hellenic Conference on Informatics, 2021, pp. 84-87.

S. Voutsinas, D. Karolidis, I. Voyiatzis, M. Samarakou, Development of a multi-
output feed-forward neural network for fault detection in photovoltaic systems,
Energy Rep. 8 (Supplement 9) (2022) 33-42.

S. Voutsinas, D. Karolidis, I. Voyiatzis, M. Samarakou, Development of a machine-
learning-based method for early fault detection in photovoltaic systems, J. Eng.
Appl. Sci. 70 (2023), 27.


http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0265
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0265
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0265
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0265
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0266
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0266
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0266
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0267
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0267
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0267
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0268
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0268
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0269
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0269
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0269
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0270
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0270
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0270
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0271
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0271
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0272
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0272
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0272
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0272
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0273
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0273
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0273
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0274
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0274
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0275
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0275
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0275
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0275
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0276
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0276
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0276
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0276
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0277
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0277
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0277
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0278
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0278
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0279
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0279
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0279
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0279
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0280
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0280
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0281
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0281
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0282
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0282
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0282
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0283
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0283
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0283
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0284
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0284
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0285
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0285
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0285
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0286
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0286
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0286
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0287
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0287
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0287
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0288
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0288
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0288
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0289
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0289
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0290
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0290
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0290
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0291
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0291
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0291
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0292
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0292
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0292
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0293
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0293
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0293
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0293
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0294
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0294
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0294
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0294
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0295
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0295
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0295
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0296
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0296
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0296
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0297
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0297
http://refhub.elsevier.com/S2772-4271(23)00087-6/sbref0297

	A critical review of PV systems’ faults with the relevant detection methods
	Introduction
	Overview of a typical PV system with a fault detection structure
	Monitoring
	Diagnosis

	Different PV system’s faults
	Internal PV faults
	Short circuit fault
	Bridging fault
	Inverted bypass diode fault/bypass diode fault
	Open circuit with/without bypass diode fault

	External PV faults
	Temporary mismatch fault
	Permanent mismatch fault

	Electrical PV faults
	Ground faults
	Line to line faults
	Line to ground faults
	Arc faults
	Power processing units’ faults
	Inverter failure
	MPPT fault



	Fault detection methods
	Detection at AC side
	Artificial intelligence techniques (AIT)
	PIC based extension matter
	Automated diagnostic signal software tool based on comparison of APRE
	SA-RBF kernel extreme learning machine (KELM)
	Predictive maintenance and anomaly detection
	ANN model detecting operational and environmental faults

	Real-time difference measurement (RDM)
	Using AC output data
	Using capacitance change criteria

	Fault detection techniques for three-phase inverters (FDTI)
	Signal-based methods
	Measurements of inverter’s output voltages
	Mass center of the voltage pattern
	Open circuit fault identification rule for the inverter


	Measurements of load currents
	Current comparator method
	State observer method
	Knowledge-based models
	Similarity measurements based methods
	Based on information fusion
	Park’s vector method
	Model-based methods
	Observer-based diagnosis scheme
	MRAS-based diagnosis
	Multistate data processing and subsection fluctuation analysis for photovoltaic inverter
	Combination of a model-based and data processing perspective


	Islanding detection technique (IDT)
	Central remote techniques
	System state monitoring
	Switch rate monitoring
	Inter-tripping

	Local islanding techniques
	Passive techniques
	Active techniques
	Hybrid techniques


	Residual current monitoring devices (RCD)
	Ground fault detection and interruption fuse (GFDI)

	Detection at DC side
	Statistical monitoring method
	Electrical methods
	Model based difference measurement (MBDM)
	DC to AC power ratio monitoring
	Comparison between DC voltage/current deviated error with respect to reference values
	Base fault diagnosis combined with Wald-test technique
	Comparison of simulated I–V characteristic curve with experimental data
	Online comparison of measured values with model prediction results
	MPPT fault locator
	Shading fault detector based on deviation error (DE)
	Short circuit current detector
	Dynamic current–voltage characteristics based fault diagnosis
	Shading and electrical faults detector based on bishop model
	Experimentally weighted moving average (EWMA) control for shading effect on PV modules detection
	T-test statistical method for physical fault detection/algorithm for fault detection
	Electrical and environmental fault detection based on WOEWMA
	OPC monitoring
	Comparison between measured and modeled PV system outputs (CMM)
	Analysis of solar photovoltaic power generation

	Spread spectrum time domain reflectometry (SSTDR)
	Estimating randomness in the voltage signal (ERV)
	Power loss analysis technique (PLA)
	Electrical current–voltage I–V measurement (EM)
	Open/short-circuited modules in PV string (OC/SC)
	High/low voltage fault diagnosis sections (HV/LV)
	Partial/complete shading fault detector (PS/CS)
	Online/offline model (Onm/offm)
	Degradation fault identification based on string current (DFI)
	DC-DC converters fault identification (DC-DCFI)

	Signal processing methods (SPM)
	Wavelet transform with multi-level decomposition
	S-transform
	Local outlier factor (LOF/PVLOF)
	High impedance ground fault detection (HIGF)
	Generalized local likelihood ratio test algorithm
	Differential current based fault detection

	Machine learning (ML) techniques
	Takagie-Sugeno kahn fuzzy rule (TSKFR)
	Decision tree algorithm (DT)
	Probabilistic neural network (PNN)
	Multi-layer (ANN)
	Laterally primed adaptive resonance theory based fault detection (LAPART-FD)
	Nelder–Mead optimization technique
	Adaptive neuro-fuzzy inference system-sugeno model (ANFIS-SM)
	Fuzzy logic
	Random forest algorithm (RF)
	DC arc faults
	Based on Tsallis entropy factor
	Based on electromagnetic radiation
	Based on joint detection method
	Based on frequency spectrum analysis (FSA) of V/I waveforms

	Partially shaded modules fault detector (PSMFD)
	GISTEL combined with fuzzy logic
	ANN based fault locator using electrical attributes
	String current algorithm for OC/SC fault detection
	Mamdani–Sugeno fuzzy logic
	Electrical and partial shading faults based on kNN rule
	Neuro-fuzzy bypass/blocking diodes faults classifier
	Third-order polynomial function samples with fuzzy logic classification
	Multiresolution signal decomposition
	Multi-resolution signal decomposition with two-stage support vector machine
	Logistic regression

	Insulation monitoring relays (IMR)
	Heat exchange and temperature based model (HET)
	Climatic data independent technique (CDIT)
	Infrared/thermal imaging (In/ThI)
	Electroluminescence imaging (EI)
	Ultrasonic inspection method (UIM)
	Lock in thermography (LIT)


	Discussion and recommendation
	Conclusions
	Declaration of Competing Interest
	Data availability
	References


