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Effective fault diagnosis in a PV system requires understanding the behavior of the current/voltage (I/V) parameters in different
environmental conditions. Especially during the winter season, I/V characters of certain faulty states in a PV system closely
resemble that of a normal state. Therefore, a normal fault detection model can falsely predict a well-operating PV system as a
faulty state and vice versa. In this paper, an intelligent fault diagnosis model is proposed for the fault detection and classification
in PV systems. For the experimental verification, various fault state and normal state datasets are collected during the winter
season under wide environmental conditions. The collected datasets are normalized and preprocessed using several data-mining
techniques and then fed into a probabilistic neural network (PNN). The PNN model will be trained with the historical data to
predict and classify faults when new data is fetched in it. The trained model showed better performance in prediction accuracy
when compared with other classification methods in machine learning.

1. Introduction

Fault detection and timely troubleshooting are essential for
the optimum performance in any power generation system,
including photovoltaic (PV) systems. In particular, the goal
for any commercial power-producing house is maximizing
power production, minimizing energy loss and maintenance
cost, and the safe operation of the facility. Since PV systems
are subject to various faults and failures, early detection of
such faults and failures is very crucial for achieving the goal
[1–3]. The US National Electric Code requires the installa-
tion of OCPD (Overcurrent Protection Device) and GFDI
(Ground Fault Detection Interrupters) in PV installations
for protection against certain faults. However, the Bakersfield
Fire case, 2009, and Mount Holly, 2011, show the inability of
these devices to detect the fault in those particular scenarios
[4]. Faults in a PV system can arise from either physical,
environmental, or electrical conditions [5, 6].

A wide range of technologies exist for PV array fault
detection, and also extensive studies have been done in the

area to offer possible solutions [7]. The two most important
parameters in determining the performance in a PV system
are current and voltage. A simple current-voltage analysis
method was proposed where the electrical signature of each
faulty modules and array was fixed by considering the defor-
mations induced on the I/V curves [8]. Another study shows
the use of infrared thermography where electrical and ther-
mal models of a PV system were combined for extracting
quantitative information of a mismatch fault [9]. Similar
studies show the application of aerial infrared thermography
for detection of the damage on the PV blocks [10] and an on-
field infrared thermography-sensing technique for PV sys-
tem efficiency assessment [11]. Likewise, reflectometry
methods have also been used for fault detection in PV sys-
tems. A time domain reflectometry (TDR) method was used
to detect short circuit and insulation defects [12, 13], and
recently, a spread spectrum TDR (SSTDR) method was
investigated to detect ground faults and aging-related imped-
ance variations in a PV system [14]. In addition to that, the
application of wavelet decomposition techniques for

Hindawi
Journal of Sensors
Volume 2020, Article ID 6960328, 11 pages
https://doi.org/10.1155/2020/6960328

https://orcid.org/0000-0002-0766-0859
https://orcid.org/0000-0002-6807-6568
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2020/6960328


detecting arc faults [15–17] and multiresolution signal
decomposition for detecting line-line faults [18, 19] are also
found in the literature. A recent article has provided a com-
prehensive study on several advanced fault detection
approaches in PV systems. The study has divided fault detec-
tion approaches into model-based difference measurement
(MBDM), real-time difference measurement (RDM), output
signal analysis (OSM), and machine learning techniques

(MLT). It has also done critical comparisons of these
advanced techniques with conventional methods providing
their pros and cons [20].

Nowadays, most of the PV systems are built with a
monitoring system and have a database constantly backed
with huge historical data [21]. Artificial Intelligence (AI)
methods are data-based, and with the availability of big
data in PV systems, studies in this area seem to be in
the momentum. In particular, machine learning- (ML-)
based algorithms and techniques are proposed [22–25],
where the model is trained with historical data to predict
and classify faults. A recent study reports the application
of thermography and ML techniques for fault classification
in PV modules [26]. The study has adopted a texture fea-
ture analysis to study the features of various fault panel
thermal images, and the developed algorithm was trained
with 93.4% accuracy. Another study reports the applica-
tion of ML techniques for fault detection, classification,
and localization in PV systems. The study claims the
development of the algorithm with the prediction accuracy
of 100% [27]. Likewise, another study utilizes a wavelet-
based approach and radial basis function networks
(RBFN) to detect short circuit and open circuit faults in
the inverter [28]. Their work presents 100% training effi-
ciency and 97% testing efficiency when tested in a 1 kW
single-phase stand-alone PV system.

The performance of a trained model for a PV system
using ML techniques can greatly vary if new data is fetched
from a different environmental condition, especially data
from the winter season. The irradiation level in the winter
is substantially lower than that in the summer, and studies
have shown faults occurring in such lower irradiation levels
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have higher chances of remaining undetected [29, 30]. Such
undetected faults can cause a significant amount of power
losses and degradation of the quality of the panel or even lead
to deterioration of panels. We propose an intelligent fault
diagnosis model for detecting faulty modules and further
classifying the fault type that is applicable in all environmen-
tal conditions. The model uses the multilayer perceptron

(MLP) and follows the supervised learning approach. It is
robustly trained with historical data of different faulty and
normal states in different environmental conditions espe-
cially focusing on winter. The data was collected from a
1.8 kW grid-connected PV system located at Jeollabuk-do
province of South Korea.

The rest of the paper is organized as follows. Section 2
introduces the overview of PV system faults. Section 3
describes the whole system architecture of the fault diagnosis
model. Section 4 presents experimental results, compares the
model with existing classification methods, and discusses
other relevant issues. Finally, Section 5 summarizes and con-
cludes the article.

2. Overview of PV System Faults

The classification of faults occurring in a PV system can be
categorized from different aspects. We classify such faults
into three types: physical, environmental, and electrical
[2, 3]. However, the classification of faults can also be
made on other bases, e.g., location and structure [1].

Physical faults can be internal or external and generally
include damage, cracks, and degradation in PV modules.
Also, PV system failures are caused by the aging effect which
is also a physical phenomenon.

Environmental faults include soiling and dust accumula-
tion, bird drops, and temporary shading. Permanent
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environmental faults include permanent shading due to the
poor choice of installment location. Hotspot faults in the
PV modules can be caused by both permanent and tempo-
rary shading. Lastly, electrical faults include open circuit,
line-line, and ground faults, either in PV modules, arrays,
or in the whole systems. Open circuit faults are caused by
the disconnection of wires in single or multiple branches of
a PV circuit.

Line-line faults are created by unintentional low imped-
ance current path in a PV array. Ground faults are similar
to line-line faults; however, the low impedance path is from
current-carrying conductors to ground/earth. Figure 1 shows
the classification of PV array faults, whereas Figure 2 shows
the main types of electrical faults in PV systems.

A PV module can be modeled electrically with a one
diode or two diode model [18]. However, modeling a real
PV system is very complex because electrical parameters vary
largely between PV systems due to variation in the construc-
tion of PV modules (dimension, material, and ground con-
nection), site, and physical layout [27]. Especially in large-
scale power generation systems, modeling a system comes
with the special technical challenge. In this study, we have
limited our work to detect only electrical faults.

3. Proposed System Architecture

This chapter provides detailed explanation of the several
steps that constitute the proposed fault diagnosis system
architecture. Figure 3 shows the block diagram and the flow
of each step in the proposed architecture.

3.1. Data Acquisition. This is the first layer of the system
architecture. For building the model, we acquired the cur-
rent, voltage, irradiation level, and temperature data from
respective sensors attached to the PV array. The sensors
operate at the 5V level, while the PV module used in this
study has an open circuit voltage (Voc) of 39V and short cir-
cuit current (Isc) specification of 9A. Active analog filters
were used to remove noise levels that could get injected into

current and voltage sensors from the PV panel. The irradia-
tion level data was collected using a commercial lux meter
(LX1330B) with a 0.01 to 200 klux range and error rate of
±2%. Temperature data was collected from the sensor
attached to the modules. The difference between ambient
temperature and panel temperature was in the range of 1 to
7 degree Celsius (°C). The input data fetched for training
the model is the average temperature measured from each
module. The dataset consists of data collected in summer
and winter in all possible environmental conditions. The
collected data was backed in the local server as well as the
cloud server.

3.2. Data Preprocessing. Data preprocessing is the second
layer in the proposed system architecture. It consists of all
the actions taken before the data inputs are fetched to the
model for extracting features. Figure 4 shows the functional
block of the multilayer perceptron model used in this study.
In order to create the fault detection model, seven PV data
features are selected as the input attributes for the input layer.

x1 is the current (A) in branch 1 of the PV system, x2
is the current (A) in branch 2 of the PV system, x3 is the
voltage (V) in branch 1 of the PV system, x4 is the voltage
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Figure 5: Feedforward multilayer perceptron.

Table 1: Parameters used in the MLP.

Parameters Values

Algorithm Stochastic gradient descent

Activation function
ReLU (input, hidden layers)

Softmax (output layer)

Layer
3 hidden layers with 8 units each

3 units at the output

Loss function Categorical crossentropy

Optimizer Adam

Data split Train: 80%, test: 20%

Batch size 5 (with 200 epochs)

Tuning k-Fold crossvalidation, dropout
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(V) in branch 2 of the PV system, x5 is the irradiation
level (klux), x6 is the average temperature (°C) from each
module, and x7 is the weather condition (sunny, snowy,
cloudy, and rainy).

Among the input data, x7 is of a categorical nature; thus,
it is encoded to a suitable numerical data. The weather condi-
tion “sunny” was encoded to 1 and the rest (“snowy,”
“cloudy,” and “rainy”) were encoded to 0 as data collected
in those environmental conditions showed quite a similar
feature. After that, all the input data were normalized as fol-
lows:

z = x − u
s

, ð1Þ

where z is the standard score of sample x, u is the mean of the
training samples, and s is the standard deviation of the train-
ing samples. The whole dataset was split into the training set
and the test set with the ratio of 8 : 2.

3.3. Multilayer Perceptron and Feature Extraction. A multi-
layer perceptron (MLP) or probabilistic neural network
(PNN) is a nonlinear learning algorithm in ML and is widely
applied in both supervised and unsupervised learning. How-
ever, most of its application is found in the classification
problem of supervised learning.

Φij yð Þ = 1
2πð Þ1/2ωd

1
d
〠
d

1
e−

y−yi jð Þ y−yi jð ÞT
ω2 : ð2Þ

Here, ΦijðyÞ is the probability density function of input
vector y, d is the total category number of training samples,
yij is the j

th training center of the ith type of samples, and ω

is the smoothing factor [23]. Figure 5 shows a feedforward
multilayer perceptron.

Assuming that we used an input layer with n0 neurons,
input layer X can be given as

X = x0, x1,⋯, xnð Þ: ð3Þ

For the feature extraction, the hidden layer is designed
with two layers: h1 being the first hidden layer and h2 being
the second hidden layer. Each of the input dimensions (x1
to x7) is fed to h1, and then, the output from h1 goes to h2.
The outputs hji of neurons in the hidden layers are computed
as

hji = f 〠
ni−1

k=1
Wi−1

k,j h
k
i−1

 !
, i = 2,⋯,N ,  j = 1,⋯, ni, ð4Þ

where Wi−1
k,j is the weight between the neuron k in the

hidden layer I and neuron j in the hidden layer +1, ni is the
number of the neurons in the ith hidden layer. Both of the
hidden layers use uniform distribution as the kernel initializer
for initializing the weights in the network. Also, we chose
ReLU (Rectified Linear Unit) as the activation function
because of its several advantages in nonlinear datasets with
multiple dimensions [31]. ReLU is given as

y =max 0, xð Þ: ð5Þ

The output layer consists of three layers: y1, y2, and y3.
The network outputs are computed as

yi = f 〠
nN

k=1
WN

k,jh
k
N

 !
, ð6Þ

Table 2: Data collected of the PV system in different states under different environmental conditions.

State
SI1 SI2 SV1 Sv2 Irradiation Temperature

Weather
Amps Volts klux °C

Normal

Max
7.6 110 110 41 Sunny/summer

5.4 102 97 23 Cloudy/summer

Min
5.5 105 108 15 Sunny/winter

0.4 80 9 -3 Cloudy/winter

Open
Max 7.6 110 108 15 Sunny/winter

Min 0 0 9 -3 Cloudy/winter

Line-line

Max
6.1 90 110 41 Sunny/summer

1.8 72 97 23 Cloudy/summer

Min
5.5 75 108 15 Sunny/winter

0.4 62 9 -3 Cloudy/winter

Variance
0.52 7.23 35.56 8.7 Summer

4.82 9.54 47.61 15.24 Winter

Table 3: Specification of the PV system.

Parameters Values

Maximum power (Pmax) 1.8 kW

Short circuit current (Isc) 9A

Open circuit voltage (Voc) 39V

Parallel connection 2 lines

Serial connection 3 panels

Connection type Grid-connected
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where wN
k,j is the weight between the neuron k in the Nth hid-

den layer and the neuron j in the output layer and nN is the
number of the neurons in the Nth hidden layer. The output
layer also uses uniform distribution as the kernel initializer,
but unlike hidden layers, it uses Softmax as the activation
function to represent the logits into probabilities [32]. The
Softmax function is given as

F Xið Þ = exp Xið Þ i = 0, 1, 2,⋯k

∑k
j=0exp xj

� � : ð7Þ

Because of the nature of classification, we have used
categorical crossentropy as the loss function given in equa-
tion (3) where ŷ is the predicted output.

L y, ŷð Þ = −〠
M

j=0
〠
N

i=0
yij ∗ log ŷij

� �� �
: ð8Þ

Categorical crossentropy will compare the distribution of
the predictions (the activations in the output layer, one for
each class) with the true distribution, where the probability
of the true class is set to 1 and 0 for the other classes. Among
many other optimizers, we used Adam (Adaptive Moment
Estimation) for optimizing the proposed model [33]. Adam
uses adaptive learning for each of the parameters, and the
weight of a learning rate is divided by a running average of
recent gradients. Finally, the model is fitted to train with a
batch size of 5 with 200 epochs. Table 1 shows the different
parameters used to construct the MLP as the fault classifier.

To check the bias-variance tradeoff, a k-fold crossvalida-
tion test is performed with the 5 validations split into the
training data. Also, for improving the model and reducing
overfitting, we implemented the dropout regularization tech-
nique. The dropout rates of 0.1 and 0.2 were selected for the
first and second hidden layers, respectively. The result of the
evaluation, improvement, and tuning of the model is pro-
vided in Section 4.1.
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Figure 6: The experimental model of the PV system.
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4. Results and Discussions

4.1. Experimental Results. For the purpose of collecting
experimental data, the data without any hardware or cir-
cuit modification in the PV system were categorized as
“normal.” Fault data were collected by making several
intentional faults in the circuit of the PV array. Table 2
shows the minimum range, maximum range, and variance
of data collected in the different environmental conditions
to train the proposed model. For the experimental verifica-
tion, we set up a PV system used in the real power pro-

duction industry with the specifications given in Table 3
and Figure 6.

As shown in Table 2, variance in the winter dataset is very
high than that in the summer season which requires special
attention while training the model for accurate predictions.

Figures 7 and 8 show normal and line-line fault dataset fea-
tures of the input variable x1 and x2 during summer and winter
seasons during sunny days and cloudy days, respectively.

Among the input dataset, irradiation level seems to have
the highest variance level in the absolute terms. However,
visualizing the current sensor (SI1/SI2) data would make
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much sense since its relative variance (σ2x/�x) was the highest
among other input variables. As seen in Figure 7, it is hard
to distinguish “normal cloudy” and “line-line” fault data in
the winter season as they overlap most of the time.

Figure 9 shows the principal component analysis (PCA)
dimensional reduction technique to visualize the seven-
dimension data (x1 to x7) into scaled two-dimension data.
As seen in the center-left and center-right parts of the figure,
small regions exist where “normal” state data and “line-line”
fault data overlap.

Figure 10 shows training-test validation of the dataset
with the train-test split ratio of 8 : 2. The proposed PNN

model was extensively trained with 3000 datasets, 1000 each
from different states of the PV system.

Figure 11 shows the confusion matrix giving the outcome
of 100% accuracy when the test data was fetched to the
trained model. The numerical values shown in the confusion
matrix are expressed in absolute terms, i.e., the total number
of predicted labels for the line-line fault was 184, given the
true label for the line-line fault was 184, which is 100%.

Figure 12 shows the setup of the experimental 1.8 kW PV
system at the Jeonbuk National University campus.

Table 4 shows the comparison of the proposed method
with existing studies found in the literature. Figure 13 shows
the screenshot of the developed desktop application imple-
menting the proposed model for fault detection.

4.2. Discussions. ML-based fault detection and diagnosis
techniques have been employed recently, and it is expected
to continue in the coming years. The quality of the ML-
based model heavily depends upon the training data. Studies
show the models trained with PV data tend to have very high
accuracy rates in prediction, even up to 100% (Table 4). We
tested our dataset with other machine learning models and
got quite high accuracies (shown by the F1 score) in each case
as shown in Table 5. The correlations between each predicted
classifier are shown in Figure 14.

It is very important to identify the main features from the
input dataset while training a ML model. The most impor-
tant parameters in a PV system are current and voltage. A
fault detection model only trained with these two input fea-
tures can equally be robust as the other models trained with
more input datasets.

No single fault detection technique is capable of detect-
ing, diagnosing, and locating all types of faults in the PV
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system. As discussed in the introduction part, our study is
limited to detecting major electrical faults. As a part of the
continuation of this study, we aim to continue the research
to develop hybrid techniques including ML to develop a
comprehensive and complete fault detection method.

In most of the cases, a fault detection model developed
for a PV system cannot be implemented to another PV sys-
tem as electrical parameters vary largely in different PV sys-
tems. There is a need for the development of flexible
models that can be developed and can be implemented in
any PV system with minor modifications.We have given spe-
cial consideration to make our model as flexible as possible
while developing the desktop application. The source code
and data used for the experiment is available in the author’s
GitHub page as an open-source project. The open-source
community can use the model for their application, provide
feedback, or contribute to the improvement of the model as
a whole.

5. Conclusion

PV systems are subject to various faults and failures, and
early fault detection of those faults and failures is very impor-

tant for the efficiency and safety of the PV systems. ML-based
fault detection models are trained with data and provide
prediction results with very high accuracy. However, data-
based fault detection models for PV systems can sometimes
give false predictions, especially when the environmental
parameters are not taken into consideration. This paper
developed an intelligent fault detection model for PV arrays
based on PNN for accurately classifying the fault types. The
model was trained with a large dataset containing different
data values under different environmental conditions in the
summer and the winter season. For the experimental verifica-
tion, various fault state and normal state datasets are
collected from 1.8 kW (six 300W panels, 2 parallelly con-
nected lines, each with 3 serially connected panels) into the
grid-connected PV system. The experimental results demon-
strate that the proposed method is superior in accurately pre-
dicting the result in cases where fault state and normal state
are very hard to distinguish.

Figure 12: Setup of the experimental PV system at the premises of
Jeonbuk National University.

Table 4: Comparison with other models.

Model Accuracy (%)

Li et al. [21] 97

Wua et al. [22] 97.25

Zhua et al. [23] 100

Sun et al. [24] 97.5

Kurukuru et al. [26] 93.4

Alajmi et al. [27] 100

Proposed 100

Figure 13: Screenshot of the developed desktop application
implementing the proposed model.

Table 5: Other ML classifiers trained with the data.

Classifiers F1 score

Support vector machine 0.99

k-Nearest neighbors 1.0

Random forest 1.0

Extra trees 1.0

AdaBoost 0.85

Naïve Bayes 0.88
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Data Availability

The source code and data used for the experiment are avail-
able in the author’s GitHub page as an open-source project
(http://github.com/benjamin2044/PV_fault_Python/tree/
master).
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