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Abstract

During their operation, PV systems can be subject of various faults and anomalies that could lead to a reduction in the effectiveness 

and the profitability of the PV systems. These faults can crash, cause a fire or stop the whole system. The main objective of this work 

is to present a sophisticated method based on artificial neural networks ANN for diagnosing; detecting and precisely classifying the 

fault in the solar panels in order to avoid a fall in the production and performance of the photovoltaic system. The work established 

in this paper intends in first place to propose a method to detect possible various faults in PV module using the Multilayer Perceptron 

(MLP) ANN network. The developed artificial neural network requires a large database and periodic training to evaluate the output 

parameters with good accuracy. To evaluate the accuracy and the performance of the proposed approach, a comparison is carried out 

with the classic method (the method of thresholding). To test the effectiveness of the proposed approach in detecting and classifying 

different faults, an extensive simulation is carried out using Matlab SIMULINK.
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1 Introduction
Today electrical energy production covers a very import-
ant part in the world due to the energy needs of the indus-
trialized societies that increase regularly. On the other 
hand, developing countries will need more and more 
energy to complete their development. Large parts of their 
production of energy are from fossil fuels. However, these 
sources have crucial disadvantage such as gas emissions, 
thus an increase in pollution; more the additional dan-
gers of excessive consumption of natural resources stock, 
reducing the reserves of this type of energy in a dangerous 
way for nature in the future [1].

Renewable energy means the energy of the sun, the 
wind, the heat of the earth, water or biomass, which are 
considered as sources of clean alternative energy. The 
direct exploitation of solar energy using sensors is based 
on two distinct technologies: one produces calories, and 
one thermal energy, the other produces solar electricity, 
which is the subject of this article.

Solar energy comes directly from the sunlight. The sun 
is a constant source of energy and available worldwide.

The interest in PhotoVoltaic (PV) systems has grown 
rapidly over the last decade because of many advantages: it 
is a global power source, pollution-free, noise-free, easy to 
install, it is possible to convert installed and / or incorpo-
rated into buildings. As a result, the number and size of PV 
(PVS) systems has rapidly increased worldwide. The pho-
tovoltaic market grew by 97.9 GW in 2018, while total 
capacity reached 402.5 GW worldwide [2]. In reference to 
IRENA (International Renewable Energy Agency) [3], the 
price of photovoltaic modules fell by 83 % between 2010 
and 2017, and the real cost is less than 0.10 USD / Wp [3, 4]. 
During the operation of the PhotoVoltaic (PV) system, 
these cells may get disturbances due to exposure to exter-
nal atmospheric factors or various internal failures, which 
affects the stability of the system and reduces their effi-
ciency and production yield. Efficient and accurate detec-
tion of PV system faults can protect the system against 
downtime or collapse, while improving the efficiency of 
the PV system, ensuring safe operation and reducing power 
generation costs. Hence, the development of diagnostic 
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methods for fault detection in the behavior of PV systems is 
particularly important and necessary because of the expan-
sion degree of PV systems and the need to optimize their 
reliability and performance.

Many techniques have been developed for the possi-
ble detection of failures in PV systems: Techniques for 
grid-connected PV systems fault detection. Some of these 
techniques use meteorological and satellite data to predict 
defects in GCPV installations [5, 6]. However, some PV fault 
detection algorithms do not require climate data (solar irra-
diance and module temperature) such as the earth capaci-
tance measurements established by Takashima et al. [7]. In 
addition, the detection of hot spots in PV substrings using 
the characterization of AC parameters is developed by Kim 
et al. [8]. Obi and Bass [9] and Khamis et al. [10] present a 
comprehensive analysis of the faults, trends and challenges 
of the grid-connected PV systems. Other PV fault detec-
tion approaches use statistical analysis techniques to iden-
tify micro-cracks and their impact on PV output power as 
presented by Dhimish et al. [11]. However, Zhao in [12] 
develops a Decision Tree technique (DT) to examine two 
different types of faults using an Over Current Protection 
Device (OVPD). In [13], the authors present an improved 
reliability of photovoltaic systems through a real-time Field 
Programmable Gate Array (FPGA) based on switch fault 
diagnostics and fault-tolerant DC-DC converters. Chong 
and Zhang [14] suggest a controller design for integrated 
PV conversion modules under partial shading conditions. a 
fault detection method based on the ratio between the DC 
side and the AC side of the photovoltaic system by Chine 
et al. [15] presents a method can detect five different faults, 
such as faulty modules in a PV array, a faulty DC / AC 
inverter, and defective Maximum Power Point Tracking 
(MPPT) units.

Other methods of PV fault detection are based on 
the comparison of simulated and measured efficiencies 
by analyzing losses on the DC side of the GCPV [16, 17]. 
In addition, Silvestre et al. [18] offers a new defect detec-
tion procedure in GCPV systems, based on the evaluation 
of current and voltage indicators. The main advantage of 
this algorithm is to reduce the number of monitoring sen-
sors in photovoltaic systems and integrate a fault detec-
tion algorithm into an inverter without using simula-
tion software or additional external hardware devices.  
On the other hand, another fault detection algorithms 
focus mainly on defects occurring on the PV systems, such 
as some faulty PV Modules and Partial shading affect-
ing the PV system as proposed by Dhimish et al. [19].  
The approach uses a mathematical analysis 

technique to identify failing conditions in DC / AC inverters.  
Boukenoui et al. [20] proposes a new intelligent MPPT 
method for autonomous photovoltaic systems operating 
under fast transient variations based on a fuzzy logic con-
troller (FLC) with scanning and storage algorithm.

In addition, Mutlag et al. [21] present an adaptive FLC 
design technique for PV inverters using a differential 
search algorithm. N. Sa-ngawong and Ngamroo [22] pro-
pose smart photovoltaic parks for robust frequency stabi-
lization in multi-zone interconnected power systems using 
Sugeno fuzzy logic control. A similar approach has been 
developed by Palaniswamy and Srinivasan [23] for power 
optimization in stand-alone photovoltaic systems.

In [24, 25], the authors use a fuzzy logic Mamdani classi-
fication system consisting of two inputs, the voltage / power 
ratio and a membership function at the output. The results 
can accurately detect several faults in the PV plant, such as 
partial shading and short circuit of photovoltaic modules.

Artificial Intelligent Networks (ANN) is another 
machine learning technique currently used to detect fail-
ures in PV systems. Yagi et al. [26] develops a learning 
method based on expert systems to identify two types 
of faults (due to the shading effect and the failure of the 
inverter). Whereas Chine et al. [27] proposes an ANN net-
work detecting faults on the DC side of PV systems, includ-
ing defective bypass diodes and defective PV modules in a 
PV string. Mellit et al. [28] show that ANN is a possible 
solution for modeling and estimating the output power of 
a GCPV system. However, Polo et al. [29] provide a pre-
diction of the failure mode and energy recovery of pho-
tovoltaic installations to facilitate dynamic maintenance 
tasks using models based on the ANN model. Sepasi et al. 
[30] suggests continuing research on a very short-term load 
forecast for a high-penetration PV distribution system.

Finally, Amrouche and Le Pivert [31] proposes a 
daily local forecast based on a ANN network for Global 
Horizontal Irradiance (GHI). The ANN model is developed 
to predict the local GHI based on a daily weather forecast 
provided by the US National Oceanic and Atmospheric 
Administration (NOAA) for four neighboring sites.

The main contribution of this work is to propose a new 
technique based on Artificial Neural Network (ANN) for 
diagnosing and identifying faults in the PV model and 
extending its application to the PV system (offline and 
online detection). This technique is able to diagnose and 
identify faults that occur in: photovoltaic cells, PV mod-
ules and bypass diodes. 

The proposed technique is based on the analysis of a 
set of output values (such as current, voltage and power) 
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of the photovoltaic module, in case of normal operations 
(healthy) and defective operations. The analysis is per-
formed using two different algorithms:

• Algorithm 1 implements the threshold approach sig-
nal and identifies the faults with a combination of 
different symptoms; 

• Algorithm 2 consists of an ANN-based approach 
to identify faults with the same combination of 
symptoms. 

The performances of the neural approach are analyzed 
on the basis of a comparison with the classical method of 
thresholding and with other papers [19, 27].

The rest of the paper is organized as the following: 
Firstly, it presents the mathematical model and the charac-
teristics of the PV module then main types of faults occur-
ring in the PV module. Next the proposed faults diagnosis 
technique is presented. Finally, simulation results, conclu-
sion and future prospects are expressed.

2 Modelling photovoltaic system
A photovoltaic system consists of four blocks as shown in 
Fig. 1. The first block represents the energy source (photo-
voltaic panel), the second one is a DC-DC boost converter, 
the third one represents the load and the fourth block rep-
resents the MPPT command system “Perturbation and 
Observation”. The main role of the static converter is to 
make an impedance matching so that the panel delivers 
the maximum energy.

2.1 Photovoltaic cell model
The basic element of a photovoltaic system is the photo-
voltaic cell. It composes the modules that are themselves 
assembled into panels. The panels generate electricity.

The most commonly used circuit model to describe the 
electrical behavior of a PV cell is the single diode model 
as shown in Fig. 2 [32, 33].

This model represents the solar cell as a current source 
that models the conversion of light flux into electrical 

energy. The Rs series resistor represents the contact and 
connection resistance. Other resistor in parallel called 
the shunt resistor Rsh represents the leakage current. 
All parameters are cited in the nomenclature above.

From the equivalent circuit of Fig. 2, it can be written 
[32, 33]:

I I I Iph d sh= + + .  (1)

The current in the diode Id is given by:
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The current in the Rsh resistance is expressed by:
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From Eq. (1), the expression of current is obtained by:

I I I Iph d sh= − − .  (4)

Replacing Eq. (4) in Eqs. (2) and (3), the characteristic 
equation becomes:
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Where Iph is the photo current, Id is the diode current, Ish is 
the current in shunt resistance, I0 is the saturation current 
of the diode, Rs is the resistance series cell, Rsh is the shunt 
resistance cell, a is the diode quality (or ideality) factor 
and Vt is the thermal voltage and it can be defined by:

V N KT
qt
s= .

 
(6)

Where Ns is the number of cells connected in series, K 
is the Boltzmann constant (1.3854*10-23 J°K-1), q is the 
electron’s charge (e = 1.6 *10-19 °C) and T is the tempera-
ture of the cell.

The efficiency: The efficiency of a photovoltaic cell is 
considered as a performance indicator, where, it is equal to 

Fig. 1 Photovoltaic system Fig. 2 Equivalent circuit of a solar cell
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the ratio between the maximum output power and the irra-
diation power received by the cell, which is defined as [34]:

ηPV
mpp mppI V
SG

= .
 

(7)

Where Impp, Vmpp are the current and voltage at the point 
of maximum power MPP, and the irradiation power cor-
responds to the product of the surface S(m2) of the cell by 
the irradiation G.

The performance factor: is the ratio between the effi-
ciency ηPv to the theoretical efficiency ηTh and it is defined as:

CP Pv

Th

=
η
η

.  (8)

The form factor: it allows judging the quality of a pho-
tovoltaic cell. It is defined as the ratio between the max-
imum power and the power at short-circuit current and 
open-circuit voltage [35]:
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From this definition, for a cell whose Is-Vs characteristic 
is rectangular (current source), the form factor will there-
fore be unitary. The form factor of a good photovoltaic cell 
should be between 0.75 and 0.85 [36].

2.2 Photovoltaic module characteristics
In this work, the most common faults that occur in the 
photovoltaic module will be analyzed; a KC130GHT PV 
photovoltaic module, containing 36 PV cells with a power 
rating of 130 W polycrystalline silicon is chosen. The fea-
tures of this module are detailed in the Table 1 [37, 38].

Figs. 3 and 4 show the curves of the characteristics I(V) 
and P(V) in standard conditions (E=1000W/m2, T= 25 °C). 
Under standard test conditions (STC: G=1000 W/m2 
and T=25 °C). The electrical characteristics I-V and P-V 
curve of the PV module are nonlinear characteristics and 
have only one maximum power point as shown in Fig. 3. 
This curve shows that the electrical output characteristics 

of the simulated model are closed to electrical characteris-
tics in the data sheet of the PV module.

This simulated curve shows the maximum power point 
by the data tips on the I-V and P-V curves, where Pmax 
equals 129.9 (W), Vmax=17.55 (V) and Imax=7.40 (A). In sum 
the I-V and P-V curves of the PV solar cell depend on the 
solar irradiance and the temperature of the PV solar cell.

3 Faults in PV module
The main faults that can occur in PV module usually affect 
a set of cells, modules, strings, and array. These faults may 
appear due to a manufacturing default or due to weather 
conditions [39], and both can lead to a decrease in PV sys-
tem output power, efficiency, and reliability. Table 2 [4] 
arises the main faults that may occur in a PVS.

The following faults can be classified as: blocking, bypass 
and blocking diode faults, junction box faults, PV module 
faults, PV array, arc, earth and line-to-line faults [4].

The most common faults in the PV modules including 
diode bypass faults, short circuit cell fault, Open Circuit 
Fault and Mismatch Fault as shown in Figs. 5 to 9.

Table 1 Electrical characteristics of the KC130GHT PV module

Electrical characteristics

Power at maximum power point (Pmpp) 130 W

Optimal operation voltage (Vmpp) 17.6 V

Current at maximum power point (Impp) 7.39 A

Open Circuit Voltage (Voc) 21.9 V

Short Circuit Current (Isc) 8.02 A

Number of cells connected in series 36

Number of cells connected in parallel 1

Fig. 3 I (V) Characteristic of a photovoltaic module under STC (25 °C 
and 1000W/m2)

Fig. 4 P (V) Characteristic of a photovoltaic module under STC (25 °C 
and 1000W/m2)
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Among the above-cited faults, nine faults on PV mod-
ule are chosen to be investigated as listed in Table 3.

3.1 The used diagnosing techniques 
In this part, two different methods of the faults detec-
tion are applied on a PV module, in which nine faults are 

chosen, the first one is classical and based on the thresh-
old detection of each subsequent symptom giving fault 
detection of binary indications; these residues have a the-
oretical value of zero for an ideal system and not zero 
otherwise [32], and a second method based on artificial 
neural networks.

Table 2 Many of different type of faults with connected information: affected components, causes and effects [4].

Type of fault Affected components Causes Effects

Hot spot Cells/Module • Soiling, dust, snow and shadow
• PV module of different classes or technology
• Fragmentation of cells
• Current mismatch between cells
• High resistance or “cold” solder points
• Aging and degradation of cells

• Damage of solar cells.
• Open circuits.
• Reduce efficiency and 

reliability.

Diode faults Bypass diode or
blocking diode

• Partially shaded cells
• Overheating

• Damage diodes
• Short circuited diode, open 

circuited or Shunted diode

PV module 
fault and PV 
array fault

PV module • Glass breakage of frameless PV module caused by the 
clamps

• Connector failure (disconnection)
• Isolated from ground 
• Encapsulation
• Wiring mistake at install fault

• Shunted module
• Short circuit between PV 

module
• Leakage currents within a PV 

module
• Damage PV Module
• Reduce efficiency and 

reliability
• Reduced output power

Ground fault PV Array or PV String • Insulation failure of cables
• Incidental short circuit between normal conductor and 

ground
• Ground fault within PV module (Monitoring System) 

cable insulation damage during the installation
• Ground fault within the PV module (Monitoring System) 

(degraded sealant and water ingress)
• Insulation damage of cables.
• Accidental short circuit inside the PV combiner box.

• Risk of fire

Line-to-line 
fault

PV Array • An unintentional low impedance current path between 
two points.

• Insulation failure of cables
• Incidental short circuit between current carrying 

conductors
• – LLFs within the DC junction box. 

• Risk of fire
• Damage PVMs (Monitoring 

System) 

Fig. 5 Photovoltaic module KC 130 GHT with typical faults

Table 3 Different type of faults occurring in the examined PV module

Symbol Type of fault

F1: shading of a single cell in Group 1 of the module at 50 %. 
(mismatch type)

F2: shading of a single cell in Group 1 of the module at 100 % 
(mismatch type)

F3: shading of a cell of the Group 1 and another of the Group 
2 to 50 % (mismatch type)

F4: shading of a cell of the Group 1 and another of the Group 
2 to 100 % (mismatch type)

F5: increase the resistance series (Rs = 1 ohm) module. 
(mismatch type)

F6: shorted cell (Rp= 0). (mismatch type)

F7: shading of six cells with by-pass diode disconnected.

F8: by-pass diode reversed.

F9: defective bypass diode.
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3.2 Method based on threshold signal (algorithm 1)
As a first step, the two PV modules (KC130GHT) sys-
tem is simulated as shown in Fig. 6. These modules con-
sist of 36 cells and each one is flawless to serve as a ref-
erence module while groups of 18 cells are equipped with 
a bypass diode. The other module is tested for different 
chosen faults. Its resulting P-V and I-V characteristics are 
compared later to that of the reference module. The simu-
lations are performed using a MatLab / Simscape tool for 
a PV module consists of 36 solar cells connected in series.

A complete simulation of the different faults makes it 
possible to obtain different curves, as they are represented 
in (Figs. 9 (a) and (b)). From these figures three symptoms 
can be drawn in which it can be possible to distinguish the 
considered faults. 

1. The symptom S1: presents the reduction of the power 
produced by the PV module.

2. The symptom S2: presents the open-circuit voltage 
reduction of the PV module.

3. The symptom S3: shows the short circuit current 
reduction of the PV module [39].

The second step consists in calculating the threshold of 
the residues: 

The selected symptoms are calculated from a compari-
son between the I-V characteristic of a PV system in nor-
mal operation and that in malfunctioning operation. The 
first characteristic is obtained from a model and serves 
as the reference [36, 37]. The second characteristic is 
obtained from the measurement of the current system. 
From the measurement or the model, these two character-
istics cause uncertainties in the generation of symptoms. 
These uncertainties produce non-zero amplitude for each 
symptom even if no defect appears.

From the standard IEC 61724 [40], that indicates a rel-
ative error of 1 %, 1 %, and 2 % while measuring current, 
voltage, and power, respectively. The model uncertainty is 
related to the manufacturing tolerance and sensors noise. 
The maximum error introduced by this uncertainty is cal-
culated, according to [41], by adding a dispersion parame-
ter to the simulation model parameters. The obtained rel-
ative errors associated to current, voltage, and power are 
equal to 5.0 %, 3 %, and 6 %, respectively.

In the third step, a diagnostic algorithm is introduced 
to provide the specific indication to each fault of the nine 
selected faults. Fig. 6 illustrates block of the detection and 
fault diagnostic algorithm for a PV module by threshold 
(classical) method.

After this classification obtained by this method, four 
groups of faults can be attained:

• Group 1 (1 0 0): Partial shadow (50 %) 2 cells, Rs 

fault, and Partial shadow (bypass diode is faulted): 
F1, F5, F7;

• Group 2 (1 1 0): A group of faults including F2, F6, 
F8 and F9.

• Group 3 (1 0 1): Partial shadow 2 cells (bypass diodes 
work correctly): F3;

• Group 4: (1 1 1): Partial shadow (bypass diodes work 
correctly): F4.

Referring to previous results, the first algorithm cannot 
distinguish the faults (F1, F5, and F7), and (F2, F6, F8 and 
F9), which have the same indications; on the other hand, the 
symptoms of the I-V characteristic under these faults have 
different amplitudes at the same climatic conditions. Thus, 
to isolate these faults, a more efficient classification tech-
nique is needed, for such reason an ANN technique is chosen 
to be applied. The faults are then classified into two groups:

• Faults characterized by different indications. These 
faults are isolated using a threshold signal based 
approach.

• Faults with the same indication. These faults are iso-
lated using an ANN-based approach.

The ANN model has been developed as follows:
• Selection of input and output variables;
• Standardization of data sets;
• Selection of the network structure;
• Network training;
• Network test.

3.3 The Neural Networks Method (ANN)
The Artificial Neural Network (ANN) is the system of 
adopting the physical implementation system to imi-
tate the structure and function of human brain cells [42]. 
Nowadays, the ANN has been applied to various fields 
such as pattern recognition, signal processing, modeling 
and computer vision [43].

Fig. 6 Detection and fault diagnostic algorithm for a PV module by 
threshold (classical) method 
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In this work, ANN is used as an identification tool for 
faults diagnosis in a photovoltaic module, where an MLP 
(multi-layer perception) feed forward neural network is used, 
in which it is characterized by one input layer, one output 
layer and one or more hidden layer [43]. For this MATLAB-
based model shown in Fig. 7 is exploited. The database of the 
artificial network is composed of the (Voltage, Current and 
the Power) of the PV module as inputs and the nine faults as 
outputs as well as the normal operation.

3.3.1 Construction of the neural network
To build the neural network, four main tasks must 
be realized: The construction of the ANN block, the 
acquisition of data (learning base), the classifica-
tion of the various faults, and the network test [34]. 
Each neuron is connected to all the neurons of the next. Fig. 8 
clearly shows that the Structure of ANN faults classification.

From Fig. 8, three layers can be seen: 
• An input layer composed of three neurons, whose 

role is to transmit the values of the inputs that cor-
respond to the variables (Pm, Voc and Ish) to the next 
layer called the hidden layer.

• A hidden layer contains ten neurons with selected 
sigmoid activation functions.

• An output layer composed of ten neurons, that indi-
cate one of classes correspond to the faults F0 to F9 
as well as the normal operation and the hidden layer 

contains 10 neurons that has been obtained by the 
manner trial and error.

4 Result and discussion
This section presents the results of the Simscape based 
model as well as the performance of the proposed fault 
diagnosis technique for the PV module (KC130GHT) sys-
tem is simulated, this module consists of 36 cells while 
groups of 18 cells are equipped with a bypass diode.

In this study, the impacts of different types of faults 
applied on a PV system in different aspects (variation of 
voltage or current, power losses) can be observed, and 
therefore different I-V characterization curves are gener-
ated. Figs. 9 (a) and (b) show the curves for several typical 
types of faults. A fault of Rsh and Bypass diode faults bring 
a reduced open circuit voltage (Voc) compared with the 
normal curve. While the mismatch fault (Partial shadow 
is used as an example in the case of study to cause a mis-
match fault) which leads to a decrease in short circuit cur-
rent (Isc) and this leads also to a decrease in power.

Fig. 7 The block of the fault detection system by ANN method

Fig. 8 Structure of ANN faults classification

(a)

(b)

Fig. 9 (a), (b) I-V of PV Module in Different type of faults
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4.1 Analysis of the applied diagnosis methods  
4.1.1 Results of algorithm 1
As aforementioned, the algorithm based on the threshold 
approach cannot distinguish all faults, where these faults: 
(F1, F5, and F7), and (F2, F6, F8 and F9) Have the same 
indications, on the other hand, the symptoms of property 
IV under these defects have different capacities under the 
same climatic conditions. Thus, to Solve this issue a more 
efficient method based on ANN is highly needed. 

4.1.2 Results of algorithm 2
In our study, our network composed of three layers: An 
input layer, the next layer called hidden layer and the 
output layer, the hidden layer uses the tangent sigmoid 
transfer function (tansig), while the output layer uses the 
log-sigmoid transfer function (logsig), which has a binary 
output (it exists between (0 to 1). It is easy to understand 
and apply), because the ANN in our context is used for 
classification purposes.

In this study, a data set of 65536 patterns has been gen-
erated using a MatLab/ Simscape™ simulation tool. the 
training of ANN is carried out using 52428 samples which 
represent 80 % of total data, while a number of 13107 sam-
ple data is used for the test (equivalent of 20 % of total 
data), the value of error goal is fixed to 0.001 which is suf-
ficient to give good classification rate.

The convergence of the learning algorithm is verified by 
the learning curve given in Fig. 10 (a), where it can be seen 
that the value of the error objective is equal to 0.00994 at 41 
iterations, the value is sufficient to give a good ranking rate. 

This implies that the parameters of the network (weight 
and bias) are well determined.

To verify ANN’s ability to classify faults, the data-
set (training + test) is tested, in which the results of the 
classification are presented in Fig. 10 (b), where the green 
squares indicate correctly classified data and in the red 
squares indicate the opposite. The classification confu-
sion matrix reveals that the correct and false classification 
rates obtained with the MLP-based model are 94.0 % and 
6.0 %, respectively, which reflects a good performance of 
the classification faults by the ANN model. 

From Fig. 10 (b), the effectiveness of the ANN network 
can be analyzed in which this figure shows the output clas-
sification confusion matrices for the ANN networks. The 
cells of each matrix with red and green colors presents the 
percentage of faults correctly and not correctly classified 
by the ANN network respectively. Additionally, the gray 
blocks represent the total percentage of the detection accu-
racy in the column and row respectively.

How to read the confusion matrices: the Fig. 10 (b) 
shows the confusion matrices in case for detection 9 
faults. In this figure, the first nine diagonal cells show 
the number and percentage of correct classifications by 
the trained network. For example, 80 samples for F1 
(fault type, shown in Table 3), are correctly classified.  
This corresponds to 10 % of all tested samples (600 sam-
ple). Similarly, 79 samples are correctly classified as F2, 
this corresponds to 9.9 % of all 600 samples. 80 samples 
are correctly classified as F3, this corresponds to 10 % of 
all 600 samples.

In row 9 of Table 3, 45 sample is incorrectly classified 
as F9 and it is classified as F10, this corresponds to 5.6 % 
of all 600 samples. For row 2, all samples have been clas-
sified correctly, 100 %. However, for column 2, out of 80 
samples, 98.8 % are correct and 1.2 % are incorrect.

(a)

(b)

Fig. 10 (a)  Learning curve of trained ANN. (b) Classification 
confusion matrix for ANN network
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The overall detection accuracy of the confusion 
matrix could be calculated using the diagonal cells as the 
following:

1st cell (10.0 %) + 2nd cell (9.9 %) + 3rd cell (10.0 %) + 
4th cell (10.0 %) + 5th cell (10.0 %) + 6th cell (9.9 %) + 7th 
cell (10.0 %) + 8th cell (9.9 %) + 9th cell (4.4 %) + 10th cell 
(10.0 %) = 94.0 %

This 94.0 corresponds to the percentage of correctly 
classified samples (out of all tested samples, 600 samples). 
And 6.0 % correspond to incorrectly classified samples.

In conclusion, the obtained results of this section shows 
that The overall detection accuracy of the network is 
94.0 % which means that the ANN network (that includes 
3 inputs, 9 outputs with 1 hidden layer) detects accurately 
564 samples out of 600.

4.2 Test on a PV system off-line and on-line 
In this section, our contribution is to expand this technique 
to be suitable for the fault diagnosis in the On-Line PV 
system. First step: a PV system consisting of 4 PV mod-
ules (KYOCERA 130 GHT) connected in series is mod-
eled and simulated, where Pmax equals 520 (W), Voc=87.6 
(V) and Isc=8.02 (A). In the state of health and then four 
types of faults are created: 

• F0: state without fault (healthy)
• F1: Increase the resistance series in one module 

(hot spot) 
• F2: One module disconnected 
• F3: One module disconnected Partial shadow of 

two modules (bypass diodes is faulted)
• F4: Partial shadow of two modules (bypass diodes 

work correctly).
This method is tested in state (off-line), after the same 

step for PV system on-line.
The curves in Fig. 11 are studied and analyzed the 

impact of the faults on the PV system. Next the new 

technique (ANN) is tested in which the obtained results 
are in Fig. 12 (case 4 faults in PV system Online).

From Fig. 12 (a), the mean squared error is equal to 
0.0067 at 60 epochs, the value is sufficient to give a good 
classification rate and the confusion matrix shows that the 
accuracy reaches the value of 97.2 %, which reflects a good 
performance of the classification faults by the ANN model.

Fig. 13 shows simulation results of diagnosis and detec-
tion of 4 different faults in a photovoltaic system (Online) 
by the ANN method, in which, in each step, the type of 
fault is well illustrated.

5 Discussion
In this study, artificial intelligent networks (ANN) have 
been developed for detecting faults in PV systems. This 
technique is used for detecting possible faults accruing in 
the used PV system.

Fig. 11 I-V of PV system Off-Line in different type of faults

(a)

(b)

Fig. 12 (a) Learning curve of trained ANN; (b) Classification confusion 
matrix for ANN network (PV system on-line)
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Fig. 13 The output power with 4 faults (diagnosis and detection by 
ANN in PVS online

Fig. 14 Classification Confusion Matrix for ANN Network (case 9 
faults). Results obtained by Dhimish et al. [19]

The mathematical modeling of the ANN network is 
much simple but it requires a lot of samples in order to val-
idate the network.

From the obtained results in this paper, the overall 
detection accuracy of the network is 94.0 % in the first 
case (9 faults) and 97.2 % in the second case (5 faults).

In order to test the effectiveness of the final detec-
tion accuracy obtained by the ANN network, the pro-
posed method has been compared with the ANN 
output results presented in Chine et al. [27] and 
Dhimish et al. [19]. The output confusion matrix 
for all obtained studies is compared in: Fig. 10 (b), 
Fig. 14, and Fig. 12 (b), Fig. 15 (a), Fig. 15 (b). As can 
be noticed, the overall detection efficiency of the pro-
posed ANN network is equal to 94.0 % comparing to 
92.1 % by Dhimish et al. [19] in (case 9 faults), and to 

97.2 % comparing to 90.3 % obtained by Chine et al. [27] 
and to 77.7 % by Dhimish et al. [19] in (case 4 faults).

6 Conclusions
In this work, a simulation study is carried out for diagnosis 
and detection nine types of defects in a PV module, by two 
methods, the first one is the thresholding method (classi-
cal) and the second one is sophisticated intelligent method 
by the artificial intelligent networks ANN.

After analyzing the simulation results, it can be 
observed that the threshold method has several disad-
vantages and it is difficult because several values of the 

Fig. 15 Classification Confusion Matrix for ANN Network (case 5 
faults). (a) Results obtained by Dhimish et al. [19], (b) Chine et al. [27]

(a)

(b)
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modified parameters of a fault can appear in another fault, 
which leads to false alarms with the absence of the fault. 
Although all studied styles for this method have been used 
to avoid false alarms, but these warnings have appeared 
and cannot identify the type of fault. 

On the other hand, the artificial neural network method 
proved that it is the most adapted technique (simple and 
easy) to the diagnosis of PV module defects compared to 
the method of thresholding. It has been proved that the 
studied method can accurately detect, via the database, 

the different types of defects, based on the database of 
voltage, current and power. The developed artificial neu-
ral network requires a large database and periodic training 
to evaluate the output parameters with good accuracy. The 
methodology can be generalized to photovoltaic installa-
tions connected to the grid or for large-scale photovoltaic 
plants as well as for other PV technologies.

In the future, the detection and diagnostic capacity 
of large-scale system experimentally in real time can be 
studied.
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