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In this study, the derivation of the Discriminative Common Vector (DCV) approach which is first intro-
duced for a face recognition task in the insufficient data case, for the sufficient data case is obtained
and it is applied for a photovoltaic (PV) panel fault detection and classification. Two experimental studies
are performed including two different fault configurations. In the first experimental study, as the faulty
conditions open-circuit, short-circuit, and partial shading conditions are taken and healthy condition is
taken as reference. Thus, a four-class fault detection and classification scheme is constructed. In the sec-
ond experimental study, the serial resistance degradation fault is considered. This fault detection and
classification scheme includes four classes that are healthy and three different serial resistance degrada-
tion. The data used in the experimental studies are formed to be 1x3 dimensional vectors which include
the current, voltage, and power values obtained from the simulations in the PSIM program. In all two
experimental studies for each class, a discriminative common vector (DCV) which represents the com-
mon properties of that class, thus, having a high discriminative ability is obtained. As a contribution to
the literature, the derivation of DCVA which has high discrimination ability for sufficient data case,
and usage of it for PV panels fault detection and classification is proposed for the first time in this study.
The proposed method’s performance is evaluated with the performance of PCA method that is recently
used for the fault detection and classification problem in PV panel systems in the literature. In the first
experimental study, the proposed method’s performance (99%) is obtained significantly higher than
the performance of the PCA method (95%). And in the second experimental study, while PCA can only
detect the faulty condition but cannot classify the serial resistance degradation, the proposed method
can both detect and classify with 99% accuracy the PV panel serial resistance degradation.
� 2021 Karabuk University. Publishing services by Elsevier B.V. This is an open access article under the CC

BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The number of studies on renewable energy systems has
increased in recent years due to factors such as insufficient fossil
resources, environmental damage, and increases in energy con-
sumption. Among renewable energy systems, photovoltaic (PV)
energy systems are more preferred because being a source of nat-
ural energy, they are sustainable, and they can be easily installed
anywhere [1].

Since PV energy systems operate in a natural environment, they
are affected by environmental factors. This causes complex and
various faults. These faults include aging, shadow, hot spot, short
circuit, open circuit fault, and partial shading fault. Faults in PV
panels affect the reliability, efficiency, service life, and stable oper-
ation of the energy system negatively and even cause fire hazards.
The study shows that the annual energy losses due to faults were
3.6% for the first year of operation, 6.6% for the second year, and
18.9% for the first year of operation in site B [2]. Due to the loss
of energy, the monitoring and fault diagnosis of PV panels are
becoming more and more critical [3–4]. The fault diagnosis meth-
ods of the PV arrays include signal processing methods [5–7], I-V
curves model-based diagnosis methods [8–12], and intelligent
diagnosis methods [13–29].

The signal processing methods consist of the earth capacitance
method, time-domain reflectometry TDR method, multi-sensor
method, analytical method, and satellite observations method. In
the earth capacitance method, open circuit fault is determined by
using the earth capacitance value in series-connected PV arrays
[5]. TDR method is used to detect wiring anomalies in arrays,
including interruptions in the circuit, insulation defects, open
circuit, and inversed polarity. This method is basically based on
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waveform analysis of the output voltage [6]. However, PV faults are
detected by turning off the PV arrays in the earth capacity and TDR
methods. Faults cannot be detected in real-time using these meth-
ods. In the multi-sensor method, data frommultiple sensors placed
in the PV array is analyzed. In the study, the number of open and
short circuits of PV arrays is tried to be determined by analyzing
the irradiance level, temperature, number of wires of PV arrays,
and output power [7]. PV faults can be detected in real-time using
the multi-sensor method. However, this method is expensive since
it requires additional equipment to be placed on PV arrays.

The I-V curve model-based diagnostic methods use the PV array
model to determine the type and location of the fault occurring in
the PV arrays [8–9]. In model-based diagnostic methods, faults of
PV arrays are accurately detected without the need for any addi-
tional equipments [10]. However, it is problematic to create and
implement an accurate model of the large-scale PV array system
in this method. In the study, Rs and Rsh are calculated from the I-
V curve properties and array degradation is determined by analyz-
ing such indicators. An 11% degradation is noted over more than
20 years [11]. In the study, Kalman filters are used to determine
the output power lowering in PV arrays by the I-V relationship [12].

Intelligent diagnosis methods or statistical pattern recognition
methods identify faulty operating conditions in PV arrays using
particle swarm optimization PSO algorithm, support vector
machine SVM algorithm, an artificial neural network ANN algo-
rithm, fuzzy and neuro-fuzzy classification algorithm, and statisti-
cal pattern recognition. In refference [13], the PSO algorithm is
proposed to determine all possible local maximum voltage points
according to the P-U characteristic to locate the starting position
of the agents. In this study, a SVM based fault diagnosis algorithm
is presented to detect short circuit, open circuit, and partial shad-
ing faults occurring in PV arrays. Short circuit current, open circuit
voltage, maximum power current, and maximum power voltage
are selected as input parameters of the SVM algorithm [16–17].
The ANN algorithm is used for diagnosing faults in a PV, using
power device failure, overheating of power devices, very low out-
put voltage value, and abnormal voltage meter values in references
[20–22]. In reference [23], a fuzzy classification algorithm based on
the analysis of theoretical curves of a PV system is used. Under a
certain operating condition, using a number of properties such as
voltage ratio and power ratio, the temperature data of radiation
and PV arrays are simulated using LabVIEW software. In reference
[24], a fault detection and classification algorithm using a neuro-
fuzzy classifier is used in case of a serial fault, defect bypass diode,
and blocking diode faults. Maximum power and open circuit volt-
age deviations are selected as input parameters. However, due to
the uncertain number of nodes in the hidden layer in ANN, partial
learning, over-fitting learning, and under-fitting learning become
difficult to implement. Therefore, ANN-based intelligent diagnosis
algorithms cannot accurately predict the faults that occur in PV
arrays. In recent years, fault diagnosis use of PCA method is popu-
lar in PV system [25–28]. In reference [28], PCA is used for fault
diagnosis in case of a partial shading condition in a PV system. In
reference [29], PCA is used for dimension reduction purposes, again
in a PV fault diagnosis system as a preprocessing step before SVM.

In this study, derivation of discriminative common vector
(DCVA) approach in case of sufficient data is proposed based on
reference [30] and a common vector in the first stage is obtained
that is unique for each class although the null space of the
within-class scatter matrix of all classes approaches to zero. As a
very important renewable energy source, the PV array system is
an important example corresponding to sufficient data case, thus,
this derivation is used in a fault detection and classification task
for PV array. The discriminative common vector approach (DCVA)
[31] is a statistical pattern recognition method based on the
common vector approach (CVA) [32], which is originally presented
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for a face recognition problem in case of insufficient data. In both
methods, the main idea is to find a common vector for each class.
But there is a difference between them: DCVA uses the within-
class scatter matrix of samples of all classes while CVA uses the
within-class scatter matrix of only the samples in that class. Both
methods are defined for the insufficient data case. However, Gul-
mezoglu et al. obtained the derivation of the CVA method for the
sufficient data case, and they theoretically defined the common
vector that is unique for each class in case of sufficient data [30].

In this paper, as the PV array fault detection and classification
method, the novel proposed derivation of the DCVA method for
sufficient data case is used. As far as we know, according to the lit-
erature, this is the first study. In the experimental studies, as the
DCVA is a statistical pattern recognition algorithm, its performance
is evaluated with PCA, also a statistical pattern recognition algo-
rithm. The data to be used in the application consists of the voltage,
current and power values obtained as a result of the simulation of
the array models produced using PSIM. The results obtained in the
experimental studies are given in comparison with the results of
the PCA method, which has come to the fore in the literature, espe-
cially in recent years. According to the results obtained, the pro-
posed method provided significantly better classification
accuracies reaching 99% for the two of the experimental studies
while it is obtained 95% accuracy in PCA for the first experimental
study. However, in the second experimental study, PCA is failed.
This is because PCA is a dimension reduction method and it elim-
inates the useful information required to discriminate the different
classes from each other [33].

The contributions of this paper can be summarized as follows:
First, derivation of DCVA in case of sufficient data which is novel
in the literature is proposed. Second, DCVA that keeps the specific
and distinctive information for a sample class is used in a PV sys-
tem fault diagnosis for the first time in the literature. The proposed
study is applied offline, for the case of a PV system. Third, the pro-
posed method for PV fault diagnosis only uses voltage, current and
power values of a PV system, so, its sensitivity to environmental
factors is low. In addition, it performs the detection and the classi-
fication independently of any PV sizes. Fourth, the cost of deter-
mining and classifying PV array fault does not increase with the
algorithm proposed. Fifth, the DCVA model is simpler than the
models in the literature and results in good and clear data appa-
rency. The proposed method’s performance is evaluated with the
performance of the PCA method that is recently used for the fault
detection and classification problem in the PV array system in the
literature. The proposed method separates healthy data from faulty
data. It makes a good classification in open circuit, short circuit,
and partial shading compared to other classification methods in
the literature. Especially in series resistance degradation fault,
while PCA cannot separate the faulty conditions, CVA provides an
extremely high separability.

This paper is organized as follows: The proposed fault detection
and classification method in case of sufficient data are explained in
section II. Photovoltaic system and type of PV faults in PSIM are
given in Section III. The experimental results for PV array fault
detection and classification using DCVA and PCA are given in Sec-
tion IV. Finally, brief conclusions are drawn in Section V.
2. Proposed fault detection and classification method

2.1. CVA and DCVA

The CVA first emerged as a solution to the problem of isolated
word recognition when the sample dimension for each class was
equal to or greater than the number of samples in the training
set [32]. This method is based on the principle of finding a common
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vector which is single and constant for each class. For any class,
class common vector is obtained by projecting any sample from
that class onto the indifference subspace, where the common prop-
erties of the data belonging to the same class are defined. This vec-
tor is then used in recognition. The common vector for each class is
calculated, using the eigenvectors that span the null space
obtained via the Eigen analysis of the within-class scatter matrix
of only the samples belonging to that class. Let x1; x2; � � � :; xm be
the word vectors that exist in the training set for each word class
and are supposed to be linear independent. In this case, each word
vector, xj is defined as

xj ¼ xj;dif þ xcom þ ej; j ¼ 1;2; � � � :;m ð1Þ
where xj;dif represents the differences caused by various factors for
any word class, xcom represents the common aspects of different
samples in the word class and ej represents the error vector. The
within-class scatter matrix for any word class, say c can be found
as in Eq. (2) in CVA method

SW ¼
Xm
j¼1

xj � l
� �

xj � l
� �T ð2Þ

where l ¼ 1
m
Pm

j ¼ 1 xj, is the mean vector of the word class c.

In the DCVA, the common vector is calculated by the within-
class scatter matrix of the samples of all classes instead of using
the within-class scatter matrix of the samples of a single class.
The within-class scatter matrix used in DCVA is as given in Eq. (3)

SW ¼
XC
i¼1

Xm
j¼1

xi
j � li

� �
xi
j � li

� �T
ð3Þ

where li ¼ 1
m
Pm

j¼1x
i
j; i ¼ 1; � � � ;C: C is the total class number.

The common vector for CVA and DCVA is obtained using the null
space obtained from the Eigen analysis of the scatter matrices given
in Eqs. (2) and (3), respectively. Both methods are defined for insuf-
ficient data case. In other words, in both methods the within-class

scattermatrices SW have a null space. Let it be assumed that Rdis the
original sample space, and V and V?, denote the range space and the
null space of the within-class scatter matrices, SW, given in Eqs. (2)

and (3). Then, Rdcan be defined as Rd ¼ V� V? where

V ¼ span ak SWak–0; k ¼ 1; � � � ; rjf g ð4Þ

V? ¼ span ak SWak ¼ 0; k ¼ rþ 1; � � � ;djf g ð5Þ
As r < d to be the rank of matrix SW given in Eqs. (2) and (3),

a1;a2; � � � ;arf g is the set of the orthonormal eigenvectors. These
eigenvectors correspond to the eigenvalues which are non-zero
of the SW matrices and arþ1;arþ2; � � � ;adf g is the set of the orthonor-
mal eigenvectors that correspond to the eigenvalues which are
zero of the SW matrices. Then, Q ¼ a1 � � � ar½ � and
Q ¼ arþ1 � � � ad½ � are the matrices used to define the difference
and the indifference subspaces, respectively. At this stage, as
P ¼ QQT and P ¼ QQT are the orthogonal projection matrices onto

the V and V?, respectively, components of any sample xi
j 2 Rd as

given in Eq. (1) has a single form of decomposition such that

xi
j;dif ¼ Pxi

j ¼ QQTxi
j 2 V ð6Þ

xi
com ¼ Pxi

j ¼ Q QTxi
j 2 V? ð7Þ

Here, xi
j;dif is the projection of the sample xi

j onto the difference

subspace of the sample space and xi
com is the projection of the sam-

ple xi
j onto the indifference subspace of the sample space, and xi

com

can be written as [31]
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xi
com ¼ xi

j � xi
j;dif � eij ¼ xi

j � Pxi
j � eij ð8Þ

The xi
com given in Eq. (8) is called the common vector. In DCVA

the obtained common vectors for each class are used to define the
scatter of the class common vectors, Scom. In recognition, vectors
that maximize Scom are found and used to obtain a discriminative
common vector for each class.

Scom ¼
XC
i¼1

ðxi
com � lcomÞðxi

com � lcomÞ
T ð9Þ

where lcom ¼ 1
C
PC

i¼1x
i
com is the mean vector of the class common

vectors. TheWmatrix, consisting of orthonormal optimal projection
vectors that maximize the distribution in Eq. (9), provides the fol-
lowing criteria

J Wopt
� � ¼ argmaxWkWTScomWk ð10Þ

Then, using the W matrix, discriminative common vectors for
each class are obtained.

As can be seen, CVA and DCVA are both methods that obtain the
common vector using the null space of the sample space. In other
words, they can be applied in case of insufficient dataðd � mÞ.
Otherwise, if ðd < mÞ, CVA and DCVA cannot be applied in this
way. Because, the null space of the sample space approaches to
zero. However, Gulmezoglu et al. obtained the derivation of CVA
method, in case of sufficient data in their study and they defined
a common vector that is single and constant for each class [30].
In the following section a similar derivation is proposed for DCVA,
in this paper. Thus, the usage of DCVA in sufficient data case has
been possible.

2.2. Derivation of DCV in sufficient data case

A sample in the Rd sample space is defined as given in Eq. (1). In
this case, the common vector for a sample class in the CVA method
is the only solution found by minimizing the F metric given below
with respect to xcom [30].

F ¼ 1
2

Xm
j¼1

kejk2 ¼ 1
2
kxj � xj;diff � xcomk2 ð11Þ

Here, m is the total number of samples in a sample class and
kejk is the Euclidean norm of the vector ei. If we adapt this metric
to DCVA method, the following metric is obtained:

J Wopt
� � ¼ argmaxWkWTScomWk ð12Þ

Thus, in the DCVA method, the common vector for any sample
class would be the only solution found by minimization of the F
metric in Eq. (12) with respect to xi

com; i ¼ 1;2; ::;C. As result of this
minimization, the common vectors for each class can be obtained
as follows:

xicom ¼ xij � xij;diff 8j ¼ 1; � � � ;m; i ¼ 1; � � � ;C ð13Þ

where xi
j;diff ¼ hxi

j;a1ia1 þ � � � ::þ hxi
j;ariar and the a1;a2; � � � ;arf g

vector set is the set given in Eq. (4).
The explanations given so far for DCVA are those for insufficient

data cases where the sample size is greater than the number of
samples. The null space of all the samples within-class scatter
matrix that appeared in case of insufficient data is the space that
is used to obtain the common vector. In the case of sufficient data,
the null space approaches to zero, but not completely equals to
zero. Thus, all the eigenvectors of the within-class scatter matrix
has an eigenvalue that is not zero. The smallest one approaches
to zero but not equals to zero. But yet, the indifference subspace
can also be defined for sufficient data case. The ability to define
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the indifference subspace can be achieved by choosing the k value
satisfy the Eq. (14) [34]. Then, the difference and the indifference
subspaces of the within-class scatter matrix obtained for all classes
can be defined using the orthonormal base vectors. These

orthonormal base vectors uj�Rd; j ¼ 1;2; ::; k� 1 k� 1 < dð Þ and

uj�R
d; j ¼ k; kþ 1; � � � :;d; span the difference and indifference sub-

spaces, respectively. They are chosen to satisfy the following crite-
ria such that

Xd
j¼k

kj

 !
=
Xd
j¼1

kj

 !
< L ð14Þ

For the value of L in Eq. (14) it has been indicated that 5% gives
good performance [35]. In this case, xi

j;diff and xi
com given in Eq. (6),

Eq. (7) respectively for sufficient data case can be written as
follows:

xi
j;diff ¼ Pxi

j ¼
Xk�1

j¼1

hxi
j;ujiuj ð15Þ
xi
com ¼ P?xi

com ¼
Xd
j¼k

hxi
com;ujiuj ð16Þ

Here P ¼Pk
j¼1QQT, P? ¼Pk

j¼1QQT are the orthogonal projec-

tion matrices, where Q ¼ ½u1 � � � uk�1 � and Q ¼ ½uk � � � ud �.
Under these assumptions the F metric given in Eq.12 can be

written as:

F ¼ 1
2

XC
i¼1

Xm
j¼1

kxi
j � Pxi

j � P?xi
comk

2 ¼ 1
2

XC
i¼1

Xm
j¼1

kP?ðxi
j � xi

comÞk
2

ð17Þ
The F metric given in Eq. (17) is a multivariable function in

which the variable number is equal to the total class number that
is xi

com; i ¼ 1; � � � ;C. In order to obtain the common matrix for each
class, the F metric is minimized each time with respect to one of
the variables ðxc

comÞ. Then, xi
com is obtained as follows:

xi
com ¼ P?xi

ave ¼ P? 1
m

Xm
j¼1

xi
j

 !
; i ¼ 1; ::;C ð18Þ

If Eq. (18) is written in Eq. (17) F metric becomes

F ¼ 1
2

Xd
j¼k

uT
j SWuj ð19Þ

From the minimization of F according to uj under the constraint
kujk ¼ 1for j ¼ k; ::;d, uj base vectors become eigenvectors of SW
indifference subspaces. In this case, SW

SW ¼
Xm
j¼1

ðxi
j � xi

aveÞðxi
j � xi

aveÞ
T ð20Þ

After minimization ofF

Fmin ¼ 1
2

Xd
j¼k

UT
j SWUj ¼ 1

2
ðkk þ kkþ1 þ � � � ::þ kdÞ ð21Þ

Here, ðkk; kkþ1; � � � ::; kdÞ are the smallest eigenvalues of SW and
ðuk;ukþ1; � � � ::;udÞ are the eigenvectors corresponding to these
eigenvalues, respectively. The common vector for each class can
be obtained with the projection of the average vector of that class
onto the indifference subspace V?.
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3. Photovoltaic system modeling and type of PV faults

3.1. Modeling of PV system

PV array manufacturer’s catalog includes open-circuit voltage,
short-circuit current, voltage at maximum power point (MPP), cur-
rent at MPP, and maximum power values at standard test condi-
tion (STC). The standard test condition is defined as the condition
where the irradiation value equals to 1000 W=m2 at temperature
25 �C. Along with these parameters, the temperature coefficients
in Voc and Isc can be obtained from the catalog information.

Due to the existence of different array types in the PV array
industry, it is important to consider different parameters in the
equivalent circuit to be used in real operating conditions, for accu-
rate and reliable modeling and simulation of the PV array systems.
To simulate the operation of a PV array, the researchers used a sin-
gle diode model [36]. Initially, the values of the resistance used are
obtained from the catalog information of the manufacturers. In
addition, ideality factor, saturation current, and photon current
are needed for these values [37].

In this study, a PV array is modeled using a single diode model
with five parameters. The current equation of the PV array can be
obtained as shown in Eq. (22) [38–39].

I ¼ Iph � Iso e
VþRs :I
Vtns � 1

� �
� Vþ Rs:I

Rsh
ð22Þ

The output current is defined by using the parameters, such that
are the photon current produced in STC (Iph), the saturation current
(Iso), the serial and the parallel array resistances (Rs ,Rsh), the num-
ber of connected cells to the array (ns) and the thermal voltage (Vt).
The thermal voltage is calculated using the Boltzmann’s constant K
(1.38 � 10�23 J/K), the ideal diode factor A, the cell temperature of
PV T, the electron charge q (1.602176565 � 10�19). Then, the ther-
mal voltage is expressed as in Eq. (23).

Vt ¼ AKT
q

ð23Þ

The photon current Iph is defined by using the short-circuit cur-
rent Isc, the current temperature coefficient Ki, light intensity S, and
T and it is expressed as in Eq. (24).

Iph ¼ Isc þ Ki T� 298:15ð Þð ÞS=100 ð24Þ
The saturation current Iso is defined by the current temperature

coefficient, the cell temperature, the short-circuit current, the elec-
tron charge, the voltage temperature coefficient Kv, the open-
circuit voltage Voc, ideal diode factor, and Boltzmann’s constant
as in Eq. (25).

Iso ¼ Isc þ Ki T� 298:15ð Þð Þ= eq
VocþKv T�298:15ð Þ

AKTnsð Þ � 1
� �

ð25Þ

The PV array parameters selected in the modeling are chosen to
increase the reliability and quality of modeling fault conditions. For
this reason, current, voltage and power parameters are obtained
from the output of the PV array. The PV array used in this study
is a STS-156P-255 W module and the array parameters are shown
in Table 1. In the following, we simulated a PV array with the same
specifications as the one considered in the literature [16].

In the physical model of the PV array, PSIM which can be used
for solar irradiation and ambient temperature changes is used. The
physical model used is shown in Fig. 1. Many parameter inputs are
required for the physical model. Some of these parameters can be
obtained from the catalog information, while other parameters
such as photo current, diode saturation current, series and shunt
resistors, and ideality factor must be obtained by means of trial
and error through the physical model.



Table 1
Parameters of PV array at STC.

Parameters (STC) Model Value

Maximum power, Pmax STS-156P-255 W 255 W
Current at Pmax, Impp 8.32A
Voltage at Pmax, Vmpp 30.65 V
Short-circuit current, Isc 8.95 A
Open-circuit voltage, Voc 37.8 V

Fig. 2. Comparison of I-V curves obtained from different faults in PV array.
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3.2. Modeling of PV faults

PV arrays constitute the most important part of PV power sys-
tems. However, PV arrays can be easily affected by environmental
factors, so different types of faults occur in PV arrays. These faults
are partial shading, aging and heating, open-circuit, short-circuit,
crack and the series resistance degradation. When the weather is
dark or cloudy, shades occur on the PV arrays, resulting in partial
shading fault because the PV arrays cannot receive the illumination
on the shaded area. Aging occurs in the PV arrays after a certain
period of time. Aged arrays cannot fully absorb the sunlight and
this leads to the decrease of the amount of the irradiation that
PV array can receive. The aging fault in PV arrays is indicated as
partial shading fault. The crack fault of PV array is indicated as par-
tial shading fault because it will have a serious scattering effect on
the sunlight.

Figs. 2 and 3 give the comparison of I-V curves and P-V curves
obtained from the PV array in case of standard test condition, shad-
ing fault condition, and partial shading fault condition. In case of
standard test condition, current and power curves are obtained
by applying the temperature value 25 �C and the irradiation value
1000W=m2. In case of partial shading fault, current and power
curves are obtained by applying the irradiation value 400W=m2.
In case of partial shading fault, first 20 sub-cells were shaded
Fig. 1. The physical model o
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and then, 40 more sub-cells were shaded in the study. Three
sub-cell are equipped with three bypass diodes; each one is con-
nected in anti-parallel to protect a PV sub-cell. Multiple peaks
occur in all I-V curves depending on the type of shading applied
in the shading fault condition. These peaks indicate that the effi-
ciency of the PV array is reduced since the maximum power is
reduced under shading fault. In Fig. 2, it is seen that the I-V curves
obtained when the shaded PV cells are formed in the area between
the curve formed in the STC condition and the curve formed when
the partial shading fault to 400W=m2. The I-V curve shows that the
partial shading fault and the irradiance change fault have the same
characteristic of I–V curve. Partial shading, aging, cracking of PV
arrays is actually a decrease in sunlight, this fault can be shown
as partial shading faults. As a result, faults occurring in PV arrays
f the PV array in PSIM.



Fig. 3. Comparison of P-V curves obtained from different faults in PV array.
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are modeled as partial shading faults, open circuit and short circuit
faults.
Fig. 4. (a) I–V curves of (b) P–V curves obtained from irradiation change at PV array.
4. Experimental results and discussions

4.1. Collecting the fault data

The PV simulator is a repeatable replication of PV array system
which enables testing of new algorithms and estimation of system
efficiency under different environmental conditions. The circuit
simulation tools provide flexible, convenient, and economical ways
for testing the PV system. PSIM simulation tools are promising cir-
cuit simulation softwares due to their fast simulation speed,
immunity to convergence problem, library extensibility using C-
code block, and achievability results compatible with the experi-
mental data. When the simulation results obtained from PV Array
modeling were compared with the laboratory results, it is seen that
the obtained data are very close to the experimental data [40–41].

In the experimental study, a 3 � 4 PV power system is created
by connecting 4 arrays in series and 3 arrays in parallel. In the case
of STC, the output power obtained from the system is 3060 W, the
open-circuit voltage is 151.2 V, and the short-circuit current is
26.85A. The PV system parameters used in the experimental study
are given in Table 2.

The I-V and P-V curves for different irradiance values are shown
in Fig. 4a and Fig. 4b. It can be seen in Fig. 4 that when the irradi-
ation value decreases and the temperature value constants at
25 �C, the PV array short-circuit current changes. However, when
the irradiation increases from 300 to 1000, the voltage only
increases by 1 V. Therefore, the reduction in irradiation greatly
changes the short-circuit current of the PV array.

Fig. 5a and Fig. 5b show the I-V and P-V curves obtained when
the temperature value changes. As shown in Fig. 5, generally, when
the solar irradiation is constant at 1000, if the PV array tempera-
ture rises, the open-circuit voltage decreases and the short-
circuit current increases very little. Therefore, the open-circuit
voltage of the PV array changes too much when the temperature
changes.
Table 2
Parameters of PV system using for the experimental
study.

Parameters Value

Maximum Power, Pmax 3060 W
Current at Pmax, Impp 24.96A
Voltage at Pmax, Vmpp 122.6 V
Short-circuit Current, Isc 26.85 A
Open-circuit voltage, Voc 151.2 V
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When the PV power system is operating under standard test
conditions, if a fault occurs in the PV system, the obtained I-V
curves differ according to the type of fault. In the first experimental
study, the open-circuit fault, short-circuit fault, partial shading
fault are performed. The four different I-V curves obtained from
the standard test condition, open-circuit fault, short-circuit fault,
partial shading fault in the PV power system are given in Fig. 6a.
As it can be seen in Fig. 6b, there are significant differences in
the maximum output power of the PV array in the case of a fault.

In the second experimental study, the series resistance degrada-
tion faults are performed for three values of series resistance
(Rs ¼ 0:00417X) Rsþ 50%Rs ¼ 1:5Rs ¼ 0:00625X,
Rsþ Rs ¼ 2Rs ¼ 0:00834Xand Rsþ 2Rs ¼ 3Rs ¼ 0:01251X. The four
different I-V curves obtained in the standard test condition, three
series resistance degradation fault in the PV power system are
given in Fig. 7. Since the series resistance value is very small, it
may be neglected in some cases. However, since it has an effect
on the output power of the PV array and open-circuit voltage, it
is important to determine the resistance faults. Reductions in ser-
ies resistance cause an open-circuit voltage Voc decrease in the I-V
curve. Fig. 8 shows the P-V curves for series resistance degradation
fault. As shown in Fig. 8, the change of the series resistance results
in the deviation of the maximum power point.
4.2. PV Fault detection and classification

Two different experimental studies for two different types of PV
fault diagnosis are performed in this study. One type includes the
open-circuit fault, short-circuit fault, and partial shading fault



Fig. 5. (a) I–V curves of (b) P–V curves obtained from temperature change at PV
array.

Fig. 6. (a) I–V curves, (b) P–V curves for different PV array fault.

Fig. 7. The I-V curves for series resistance degradation fault.
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while the other one degradation of series resistance. PV faults for
the application are simulated using the PSIM program. The data
obtained by the simulation in PSIM are analyzed with the DCVA
method proposed in this study and in order to evaluate the
obtained results, they are analyzed using the PCA method, too.

Experimental Study 1: When the I-V curves obtained in differ-
ent irradiation values, different temperature values and different
fault conditions are examined in the PV power system consisting
of 3 � 4 PV array, it is seen that the I-V curves contain the informa-
tion related to the type of fault occurring in the PV arrays. Short-
circuit current and open-circuit voltages of PV array vary in case
of fault. For the output power changes in the faults that can occur
in PV arrays, the short-circuit current, the output power and the
open-circuit voltage can be selected as the input parameters of
the diagnosis and classification algorithm in array faults. The cause
of using DC parameters in the experimental studies is the fact that
these values are obtained only from the output of the PV array. DC
parameters of a array are composed from short-circuit current,
open-circuit voltage, current in maximum-power, voltage in
maximum-power, and maximum power. If a fault condition occurs
on PV systems, these parameters change. I-V and P-V curves corre-
sponding to three different faulty conditions and the standard test
condition are given comparatively in Fig. 6 and all the data (X) that
are obtained from the simulation has a form as:

X ¼ V I P½ �1x3 ð26Þ
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The 1x3 dimensional simulation data X are composed of volt-
age, current and power values of four data classes that each class
corresponds to a different operation condition (class,
Ci; i ¼ 1; ::;4). These operation conditions include one healthy con-
dition (STC), C1, and three faulty conditions. These faulty condi-
tions are partial shading, C2, open-circuit, C3, and short circuit,
C4, as given in Fig. 6. The fault diagnosis and classification config-



Fig. 8. The P-V curves for series resistance degradation fault.

Fig. 9. The total simulation data used in the experimental studies.
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uration constructed in this study given in Fig. 6 is just like the con-
figuration that is constructed given in reference [16]. In reference
[16], they proposed to use a statistical dimension reduction
method, PCA that is popular in recent years, for PV fault detection
and classification. However, PCA is a dimension reduction method
rather than a classification method so its classification perfor-
mance is poor according to other classification methods. Based
on this fact, in this study, we proposed to use DCVA which has a
high classification performance instead of PCA for the PV fault
diagnosis system. In order to evaluate the fault detection and clas-
sification performance of the novel proposed method, DCVA in this
study, the simulation data is also classified using PCA. The total
simulation data used in this study is given in Fig. 9.

In two of the experimental studies, 10 fold cross-validation is
used for model performance evaluations. That’s why the total sim-
ulated data given in the form as in Fig. 9 is divided into ten parts.
10 model performance evaluations are performed in which each
part is used one time as a training set, and one time as a test set
and, the average of these 10 evaluations is taken as the model
performance.

In the model construction step, a Discriminative Common Vec-
tor (DCV) for each of the four classes corresponding to one of the
different operation conditions such as STC, partial shading, open
Fig. 10. The flow c
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circuit, or short circuit is obtained and used for classification pur-
poses. The model construction steps for the proposed PV fault
detection and classification method in this paper are as follows:

Step 1: A common matrix xi
com is found for each operation con-

dition. For this, the within-class scatter matrix SW with the dimen-
sion 3x3 is obtained using Eq.(3). Applying Eigen decomposition on
this scatter matrix three eigenvalues and corresponding three
eigenvectors are obtained. To obtain xi

com for each class, only the
eigenvectors corresponding to the eigenvalues that are close to
zero are used. As explained in Eq.(18) common matrices are found
for each of the four classes. The feature space represented with the
eigenvectors corresponding to the eigenvalues close to zero is the
space that contains the common matrices for all classes. The flow
chart of Step 1 is as given in Fig. 10.

Step 2: In this step, total scatter of the common matrices, S com
is obtained using Eq.(9) and then, Eigen decomposition is applied
to this scatter matrix. Then, the Discriminative Common Feature
hart of Step 1.



Fig. 11. The flow chart of Step 2.

Table 4
Classification process of a new data sample.

Class DCVs Euclid Distances Assigned Class Label

DCVremain ¼ WXclassified

DCVC1 ¼ WlC1 < DCVC1 ;DCVremain >
1=2 Data will be classified is assigned

to the class that the Euclid
Distance is minimum

DCVC1 ¼ WlC2 < DCVC2 ;DCVremain >
1=2

DCVC3 ¼ WlC3 < DCVC3 ;DCVremain >
1=2

DCVC4 ¼ WlC4 < DCVC4 ;DCVremain >
1=2

Fig. 12. Data projected onto the PCA feature space for the first experimental study.
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space is obtained using the eigenvectors that maximize this scatter
matrix and by projecting the class mean vector onto the Discrimi-
native common feature space, a DCV is obtained for each class. The
flow chart of Step 2 is as given in Fig. 11.

The pseudocode of DCVA that is used in this study to detect and
classify the faults is as given in Table 3.

The model performance evaluation step for the proposed PV
fault detection and classification method in this paper is as follows:
In this step, the performance of the proposed method is evaluated
using the separated simulation data. In this step, data that will be
classified is projected onto the Discriminative Feature Space using
the eigenvectors obtained in Step 2 of the model construction step.
This projection vector is called the remaining vector. Then, Euclid-
ian Distances between the remaining vector and the DCV vector of
each class are computed. The data to be classified will be assigned
to the class for which the distance is minimum, given as in Table 4.

The k-fold cross-validation method is used for evaluating the
system performance. In fact, cross-validation is a statistical resam-
pling method used to evaluate the classification performance on
data that the classification model does not see, as objectively and
accurately as possible. In this classification model, the collected
data is divided into two in order to be used for creating a model
and evaluating the model. However, since different accuracy values
are obtained as a result of different divisions with this method, the
performance of the model cannot be evaluated objectively. One of
the most basic cross-validation methods is k-fold cross-validation.
In this method, first, the data set is divided into ‘‘k” groups. Second,
k piece classification studies (experimental studies) are performed
as such the each of the k groups will be used for model construc-
tion once, and the remaining groups as data samples for the model
performance evaluation. Then, the average of the total k piece
experimental study results is taken as the model performance. In
Table 3
Puseudocode for fault diagnosis system.

This algorithm obtains Discriminative Common Vectors for sufficient data case.
Data samples: xij ¼ V I P½ �1x3, j ¼ 1;2; ::;m; i ¼ 1;2; ::;C

Step1: Common vector for each class
Compute Sw: Within-class scatter matrix of all classes as in Eq. (3).
Perform Eigen analyse of Sw where lCi

; i ¼ 1; ::;4 are the class mean vectors and Fe
eigenvalues close to zero.
Common vector for each class:
for i ¼ 1 : C

XCi
com ¼ P?lCi

; P? ¼Pk
j¼1QQT i ¼ 1; ::;4end

Step2: Discriminative common vector for each class
Compute Scom: Within-class scatter matrix of common vectors of all classes as in Eq.
and Discriminative Common Feature Space Wð Þ spanned by the eigenvectors (colu
Discriminative Common Vector for each class:
for i ¼ 1 : C

DCVCi ¼ WlCi
; i ¼ 1; ::;4end
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the literature, usually, 10 is chosen as the ‘‘ k ” value.
In Fig. 12, the data projected onto the PCA feature space for the

first experimental study is given. In this feature space, it can be
seen that although the standard test condition and the partial
shading fault can be separated accurately, the open-circuit and
the short-circuit faults cannot be separated from each other.

On the contrary, in the same fault conditions, using the DCVA
method which is derivated for the sufficient data case in this study
as a first in the literature, we obtained extremely high classification
rates. The reason can easily be seen from the DCVA feature space
for the first experimental study given in Fig. 13. In DCVA feature
space, scatter lines of the projected data for standard test condi-
tion, open-circuit fault, short-circuit fault and partial shading fault
can easily be separated from each others.
ature Space P?� �
spanned by the eigenvectors (column vectors of matrix Q) that

(9). Perform Eigen analyse of Scom where lCi
; i ¼ 1; ::;4 are the class mean vectors

mn vectors of matrix W) that contains the 95% of the energy.



Fig. 13. Data projected onto the DCV feature space for the first experimental study.

Table 5
Classification percentages.

Method DCVA PCA

Classification performance (%) 99 95

Fig. 14. Confusion matrix of the first experimental study: a) For the proposed
method (DCVA), b) For PCA.

Fig. 15. Data projected onto the PCA feature space for the second experimental
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These classification percentages obtained from the first experi-
mental study performed using parameters of PV system are given
in Table 2, and Table 5. At the same time, by balancing the number
of samples for each class, the use of metrics such as the accuracy,
for the performance evaluation has a high significance. Thus, the
confusion matrix for the first experimental study both for the pro-
posed method (DCVA) and also PCA is shown in Fig. 14 a and b,
respectively.

Diagonal cells in the confusion matrix correspond to correctly
classified observations. Cells outside the diagonal correspond to
incorrectly classified observations. Each cell displays both the
number of observations and the percentage of the total number
of observations. The cell in the bottom right of the matrix shows
the overall accuracy, which is also known as the accuracy metric.
The overall accuracy is defined as the rate of the total correctly
classified fault samples to the total sample number. According to
the results obtained from the first experimental study, the pro-
posed DCVA method provided significantly better classification
rates than PCA. The classification performances are obtained 99%
for DCVA and 95% for PCA method as can be seen from the classi-
fication rate given in Table 5 and the accuracy metric obtained
from the confusion matrix given in Fig. 14. This is because PCA is
a dimension reduction method and it eliminates the useful infor-
mation required to discriminate the different classes from each
other. But DCVA method keeps the specific and distinctive infor-
mation for each class. Therefore, DCVA is more successful than
PCA in classification.

Experimental Study 2: In the second experimental study, a ser-
ies resistance degradation fault diagnosis with DCVA is carried out.
In this fault condition, in order to evaluate the performance of the
DCVA method, the data is also classified using PCA. The data is con-
structed from the simulation results of STC and three series resis-
tance degradation fault. The 1x3 dimensional simulation data X
composed of voltage, current, and power includes four data classes
that each class (C1, C2, C3, C4) corresponds to a different operation
condition. These operation conditions are one healthy condition
(STC), C1, and three serial resistance degradation faults such as
Rsadd ¼ %50Rs, C2, Rsadd ¼ Rs, C3, and Rsadd2Rs, C4, as given in
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Fig. 7. The fault diagnosis and classification configuration given
in Fig. 7 is just like the one in the first experimental study.

In the second experimental study, in the model construction
step, a Discriminative Common Vector (DCV) for each class which
corresponds to STC and three series resistance degradation fault is
obtained and used for classification purposes. 10 fold cross-
validation is used for model performance evaluation as it is in
the first experimental study.

In Fig. 15, the data projected onto the PCA feature space for the
second experimental study is given. As can be seen in Fig. 15, using
study.



Fig. 16. Data projected onto the DCV feature space for the second experimental
study.

Fig. 17. Confusion matrix of the second experimental study for DCVA.
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PCA we cannot classify the Rs degradation faults. Because all the
different classes, healthy, Rsadd ¼ %50Rs, Rsadd ¼ Rs, and
Rsadd ¼ 2Rs are projected on very close to each other in the PCA
feature subspace. That’s why the different classes cannot be differ-
entiated. Degraded series resistance fault diagnosis is studied using
PCA in the literature. They had also obtained the same results. They
stated that the additional data processing or/and additional infor-
mation should be done or included in their study in order to sepa-
rate the healthy case from the degraded series resistance [28].

On the contrary, in the same fault conditions, using the DCVA
method which is derivated for the sufficient data case in this study
as a first in the literature, we obtained an extremely high classifi-
cation rate that is %99. The reason can easily be seen from the
DCVA feature space for the second experimental study given in
Fig. 16. In DCVA feature space, scatter lines of the projected data
for STC and three series resistance degradation fault can easily be
separated from each other. The confusion matrix of the second
experimental study is also given in Fig. 17 and the accuracy metric
obtained from the confusion matrix for this experiment study is
99%.

5. Conclusions

DCVA is a statistical pattern recognition method and it is
defined in case of insufficient data case. It uses the null space of
the within-class scatter matrix of all classes to define a common
vector for each class in its first stage. However, in case of sufficient
data, it cannot be used as the null space approaches zero. In this
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paper, a derivation of DCVA in case of sufficient data is proposed.
The performance of the novel proposed derivation of DCVA is eval-
uated in a fault diagnosis of a PV system, in which the sample
dimension is less than the sample number, (sufficient data case).
To the best of our knowledge, this usage of DCVA for PV diagnosis
systems in literature is a first. To prove the accuracy of the pro-
posed method, the fault diagnosis is also performed using PCA
which is also a statistical pattern recognition algorithm and
recently became popular in PV fault diagnosis.

The data including voltage, current, and power used in the
study is simulated using PSIM. Two different fault diagnosis are
performed in the study. In the first one, the fault conditions are
chosen as to be open-circuit, short-circuit, and partial shading.
Thus, a total of four simulations are carried out, including one stan-
dard test condition and three fault conditions. In the second one,
the fault conditions are chosen as to be three series resistance
degradation. Thus, a total of four simulations are carried out,
including one standard test condition and three fault conditions.
The usage of novel proposed derivation of DCVA in case of suffi-
cient data, in fault detection and classification problem for a PV
system provides extremely high performances. The cause can be
seen from Fig. 13 and Fig. 16 in which the data projected onto
the DCV feature space is shown and from Fig. 12 and Fig. 15 in
which the data projected onto the PCA feature space is shown. As
can be seen from Fig. 13 and Fig. 16, the classes could be differen-
tiated from each other using DCV successfully in the first experi-
mental study, however, as can be seen from Fig. 12 and Fig. 15
using PCA, fault classes cannot be discriminated correctly.

In this paper, the advantages of using DCVA instead of using
PCA in PV arrays fault detection and classification are analyzed.
According to the results obtained from the first experimental
study, the proposed DCVA method provided significantly better
classification rates than PCA. The classification performances are
obtained 99% for DCVA and 95% for PCA method as can be seen
from the classification rate given in Table 5 and the accuracy met-
ric obtained from the confusion matrix is given in Fig. 14. As for the
results obtained from the second experimental study, the proposed
method achieved 99% classification performance, however, PCA
couldn’t discriminate the faults. The reason can be explained by
the fact that the PCA method eliminates the zero eigenvalues of
the covariance matrix of an attribute space in transition to feature
subspace. But, this causes a loss of information required to separate
the different classes. Thus, PCA is applied for the reduction in size
rather than classification. However, since DCVA maintains the
indifference subspace that is spanned by the eigenvectors corre-
sponding to the zero eigenvalues for classes, it is used to discrim-
inate classes. Because DCVA holds specific and distinctive
information for each class while PCA does not hold [32].

Contributions of this paper can be summarized as follows:
First, derivation of DCVA in case of sufficient data which is novel
in the literature is proposed. Second, DCVA that keeps the speci-
fic and distinctive information for a sample class is used for the
first time in a PV system fault diagnosis in the literature. Third,
the proposed method for PV fault diagnosis only uses voltage,
current and power values of a PV system, that its sensitivity to
environmental factors is low. In addition, it performs the detec-
tion and the classification independently of any PV sizes. The
cost of determining and classifying PV array fault does not
increase with the algorithm proposed.
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