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Abstract: A new protection scheme based on applying a combination of wavelet multi-resolution
singular spectrum entropy and support vector machine is proposed to identify different types
of grid faults in a three-phase grid-tied photovoltaic system. In this technique, discrete wavelet
transform with multi-resolution singular spectrum entropy is utilized to extract the unique features
of three-phase voltage signals at the point of common coupling. The three-phase voltage signals are
decomposed to provide detail and approximation coefficients of wavelet transform. Then, various
features between different types of grid faults can be extracted by a combination of multi resolution
analysis and spectrum analysis with entropy as the output. The constructed features vector is utilized
as input data of a support vector machine classifier to identify and classify various types of faults. The
results illustrate that the proposed intelligent technique not only recognizes different types of grid
faults correctly, but also performs quickly in identifying grid faults in a grid-connected photovoltaic
system. Apart from this, a graphical investigation is executed to observe the effects of different types
of grid faults in photovoltaic (PV) operation which highlight the necessity of intelligent protection
methods to protect PV systems.

Keywords: grid-tied photovoltaic system; fault identification; discrete wavelet transform;
multi-resolution singular spectrum entropy; support vector machine

1. Introduction

The rapid growth of photovoltaic (PV) installations around the world is no surprise owing to
their benefits such as no pollution, easy installation and integration, noiseless operation, and economic
benefits. The total installed capacity of PV systems reached 310 GW by the end of 2016 [1]. In that year,
PV generation was 200 TWh, about 1% of worldwide electricity demand [2]. By 2050, about 20% of the
world electricity will be provided by photovoltaics. As matter of fact, PV-based generation is the third
most important source of renewable energy in terms of global installed capacity [2]. However, in spite
of the benefits, PV systems could be subject to different varieties of failures, mainly due to external
operating conditions. The reliability of electrical systems can be put at risk by these failures [3]. The
main catastrophic failures in PV systems are symmetrical and asymmetrical faults [4]. These faults in
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PV systems can cause a massive amount of energy loss and fire hazard [5]. Hence, new methods need
to be developed to assist in assessing the power production during normal operating situations and
for fault recognition in PV systems. Recently, different techniques have been proposed to recognize
and classify grid faults. For all methods, increasing the operational reliability of PV systems with low
grid cost and detecting the causes of disturbance in PV systems are important. A review of these
techniques can be found in [6–9]. For example, rate of change of frequency (ROCOF) [10], the vector
surge method [11], real-valued negative colon selection [12], under/over voltage (U/OV) [13], the high
impedance method [14], the hypothesis testing method [15], and external events vectors [16] have been
presented as traditional protection techniques in PV systems. Therefore, to solve the threshold problem
in conventional fault detection techniques, intelligent fault detection techniques have been used in PV
systems. In [17], a Slantlet transform in combination with Ridgelet probabilistic neural network was
presented to detect grid faults in a grid-tied photovoltaic system. Wavelet singular entropy theory
in combination with fuzzy logic was proposed to detect faults in a multiple distributed generation
(DG) system [18]. In [19], a methodology based on probabilistic neural network and wavelet packet
transform was presented to predict and classify grid faults in a PV system. Various intelligent fault
detection methods in PV systems have been proposed based on computational intelligent methods and
modern signal processing techniques to detect grid faults correctly and to improve the performance of
PV systems [20–26]. The cumulative sum algorithm (CUSUM) [27] and permanent magnet synchronous
motor [28] have been used to improve the performances of fault detection and diagnosis. In spite of
the performed research work in this field, a more accurate intelligent fault detection method in PV
systems is still required.

In this article, wavelet multi-resolution singular spectrum entropy in combination with support
vector machine is presented to predict and classify grid faults in a grid-tied photovoltaic system. The
protection scheme is divided into the following steps. Firstly, three-phase voltage signals at the point
of common coupling (PCC) are measured for grid faults during different situations, e.g., type of fault,
resistance, and distance. Using the discrete wavelet transform (DWT) with multi-resolution singular
spectrum entropy (MRSSE), the prominent feature vectors are extracted for different types of grid
faults. Then, the obtained feature vector values are used to train the SVM classifier for identifying and
classifying the different types of faults in the system. The major priorities of the proposed approach
are to achieve a simple, easy to implement method with a fast detection time, that is effective in
recognizing grid faults and protecting the grid-connected photovoltaic system. Apart from this, a
graphical investigation is executed to observe the effects of different types of grid faults in PV operation
which highlight the necessity of intelligent protection methods for protecting PV systems.

The rest of the article is prepared as follows: Sections 2 and 3 describe the theoretical background
and the proposed protection scheme, respectively. The studied model and simulation results are given
in Section 4. The performance of the SVM classifier and comparative examination are presented in
Section 5. The investigation of PV operation under different fault conditions is given in Section 6.
Finally, the discussion and conclusions are given in Sections 7 and 8, respectively.

2. Theoretical Background

2.1. Discrete Wavelet Transform

Discrete wavelet transform (DWT) is an influential tool to examine the steady-state and
non-stationary signals. It cuts up information, then interprets and scales versions of a single function [29].
Mathematically, DWT for a discrete signal f (k)(k = 1, 2, 3, . . . , N) with regard to the wavelet function
ψ(.) is assumed to be as follows [30]:

DWTψ f (m, n) =
∑

k

f (k)ψ∗m,n(k) (1)
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where ψ∗m,n is the discretized mother wavelet, given as follows:

ψ∗m,n(k) =
1
√

a0m
ψ

(n− kb0am
0

am
0

)
(2)

where a0(> 0) and b0(> 0) are adjusted as real values, and m and n are positive integers.
Generally, the selection of a suitable mother wavelet for analysis, depending on the type of

information used and the determination of decomposition at the best level, plays a prominent role in
DWT applications. Different mother wavelets have been presented to examine the grid fault studies
such as Haar, Mexican, Biorthogonal, Daubechies, and Morlet. In this article, the mother wavelet at
scale 4 (DB4, Daubechies 4) is considered to extract features of grid fault waveforms by experimentation
and trial and error.

2.2. Multi-Resolution Singular Spectrum Entropy

Multi-resolution analysis (MRA) was firstly introduced by Mallat as a necessary part of
decomposition and reconstruction of the signal at different resolution levels [31]. The easy
implementation and low memory usage are two important merits of MRA. The discrete signal
f (k)(k = 1, 2, 3, . . . , N) with respect to the selection of the mother wavelet and the best decomposition
layer is processed by the MRA algorithm. The DWT of a discrete signal can be calculated as follows [32]:{

c j(k) =
∑+∞

m=−∞H(m− 2k)c j+1(m)

d j(k) =
∑+∞

m=−∞ G(m− 2k)c j+1(m)
(3)

where H is the low-pass filter and G is the high-pass filter. c j and d j are approximate and detailed parts
of the signal scale, respectively. j represents the decomposition layer.

The signal f (k) can be decomposed in terms of the wavelet coefficients at (J = 1, 2, 3, . . . , j)
resolution levels into d1, d2, d3, . . . , d j, c j, which illustrate detailed (high-frequency) and approximation
(low-frequency) data coefficients. The coefficient vector data for signal f (k) is given as follows:

Mcoeff = [d1, d2, d3, . . . , dj, cj]. (4)

The reconstruction of DWT coefficients for the parsed signal of each layer is implemented
as follows:

c j−1 = H∗c j + G∗d j (5)

where H∗ is the dual operator of H and G∗ is the dual operator of G.
In order to reconstruct the reconstruction signal of layer j in an n-dimensional phase space, an

(N − n + 1) ∗ n dimensional matrix M is given as follows:

M(N−n+1)∗n =


d j(1) d j(2) . . . d j(n)
d j(2) d j(3) . . . d j(n + 1)

...
...

...
...

d j(N − n + 1) d j(N − n) . . . d j(N)

. (6)

In order to compute the singular spectrum entropy, matrix M is decomposed by singular value
decomposition as follows [33]:

M = U(N−n+1)Λl∗lVT
n∗l (7)
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where Λl∗l possesses a nonzero diagonal element, which is called singular values of the matrix M from
layer j. Hence, the signal singular spectrum entropy is calculated as follows:

H j = −
l∑

i=1

P ji log
(
2 ∗ Pi j

)
(8)

where H j indicates the information entropy of level j and P ji shows the undefined probability
distribution of the nonzero diagonal elements. P ji is expressed as follows:

P ji =
λ ji∑l

i=1 λ ji
i = 1, 2, 3, . . . .l (9)

where λ ji is the nonzero diagonal elements from Λl∗l.

2.3. Support Vector Machine

One of the intelligent classifiers that is commonly utilized for classification in power system
applications is support vector machine (SVM). It is developed based on determining a decision
boundary to divide the training examples into their relevant classes. To classify the normal and grid
fault cases, SVM creates a hyperplane to separate data into their respective classes in a d-dimensional
feature space. In this paper, a linear decision boundary is used. A class decision function linked with a
hyperplane is defined as follows [34].

y(x) = Tϕ(xr) + b
(
xr ∈ Rd) (10)

where indicates the weight vector normal to the hyperplane and b is the bias. xr is the training vector
that is mapped into a d-dimensional feature space by the function ϕ. Mathematically, the learning task
of SVM is defined as follows [34]:

min
,b,ξ

1
2

∣∣∣ ∣∣∣2 + C

 l∑
r=1

ξr

 (11)

which is subject to
yr

( Tϕ(xr) + b
)
≥ 1− ξr, (∀r) ξr ≥ 0, yr ∈ {1,−1}l (12)

where parameter (C > 0) shows the error’s penalty factor. ξr is the slack variable. Furthermore, the
kernel function is shown by k(xr, xs) = ϕ(xr)

Tϕ(xs). In this work, radial basis function (RBF) is used
as the kernel function because of its excellent performance in practice and because it is relatively easy
to calibrate, which is also mentioned in [35], as opposed to many kernels being utilized. It is defined as
follows:

k(xr, xs) = exp
(
−γ ‖ Xr −Xs ‖

2
)
γ > 0. (13)

The steps to determine the optimum values of C and γ parameters are given below:

Step 1. The values of C and γ parameters are specified experimentally by a grid search and
cross-validation process.

Step 2. The values of C and γ parameters are changed in increments of the power of 2.
Step 3. A k-fold validation is used for any parameter combination. The training data set is partitioned

into k subsamples of equal size. k – 1 subsamples from the whole of k subsamples are utilized
as the training data, and only the remaining subsample is applied as validation data.

Step 4. The cross-validation process is iterated k times, and SVM is trained by all subsamples except
the validation data.

Step 5. The trained SVM is tested only via the validation data, and the classification error for this
subsample is computed.
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Step 6. The training subsamples are tested separately once and the percentage of correct classification
is calculated as the cross-validation accuracy.

Step 7. To select the best value combinations of C and γ parameters, this process is repeated until the
best pair gives the maximum assessment accuracy.

3. Proposed Protection Scheme

Figure 1 illustrates the application procedure of the proposed protection scheme using wavelet
multi-resolution singular spectrum entropy (WMRSSE) and SVM for identifying and classifying grid
faults. The steps in detecting and classifying grid faults are given as follows:

Step 1. The three-phase voltage signals at the PCC are measured for different types of grid faults
by simulating a three-phase grid-tied photovoltaic system in a Matlab/Simulink (r2015a,
Mathworks, Natick, MA, USA) environment.

Step 2. A suitable mother wavelet is selected and the number of levels of decomposition is determined.
In this paper, Daubechies 4 (DB4) was designated as the mother wavelet by experimentation
and trial and error and the measured PCC voltage signals were decomposed by eight layers.

Step 3. The reconstruction voltage signals of each layer are reconstructed in the phase space. In
this article, the number of sampling points is N = 29700. The n-dimensional phase space is
2970-dimensional. Hence, matrix M(N−n+1)∗n is reconstructed into (26731 ∗ 2970) dimensions.

Step 4. Matrix M is decomposed by singular value decomposition in order to compute the singular
spectrum entropy of each layer. So, 2970 singular values of each layer are obtained.

Step 5. The entropy value of each layer, e.g., H j, is calculated.
Step 6. The extracted H j for different types of grid faults are collected in vector T and used to train the

SVM classifier:
T =

[
h1, h2, h3, . . . , h j

]
. (14)

Step 7. The grid faults are detected and classified by SVM.
Step 8. A command block diagram is considered to specify whether a fault occurs or not. The proposed

fault detection technique transfers a “trip signal is set to 1” command if fault cases are predicted;
otherwise, for normal conditions a “trip signal is set to 0” command is set.

Figure 1. Structure of the proposed protection scheme.

4. System Model and Simulation Results

4.1. Studied System

Figure 2 shows a 250 kW grid-connected PV system, the details for which are given in [19]. The
studied system was modeled using the MATLAB simulation tool. This electrical system consists of
a PV system that is connected to a 25 kV electrical grid with the frequency of 60 Hz by a 250 kVA
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250 V/25 kV three-phase transformer. In the utility grid part, two feeders (Line 1 and Line 2) are
connected to the PCC, having lengths of 14 km and 8 km, respectively. There is a ground transformer
between Line 1 and transformer T1. The relay is located at the end of the DG to obtain voltage and
current signals at different types of fault conditions. The studied grid fault conditions were simulated
with different types, resistances, and distances away from the PCC of the PV system. The grid fault
locations were selected as follows:

• At the PCC location;
• At two different distances of 8 km and 14 km away from the PV system.
• The type of fault conditions are as follows:
• Single phase to ground fault (SP-G);
• Phase to phase to ground fault (PP-G);
• Three phase to ground fault (PPP-G);
• Phase to phase fault (PTP).
• The grid faults occurred at t = 0.3 s, and after 150 ms they were cleared.

Figure 2. Structure of the studied system.

4.2. Simulation Results

In this study, three-phase voltage signals at the PCC were retrieved and an analysis based on the
algorithm in Figure 1 was executed. The abnormal voltage changes must be detected by the proposed
protection scheme in a timely manner when faults occur. Moreover, the protection relay must transfer
the disconnection command to arrest the DG in the main utility grid based on the IEEE Std. 1547 [36].
The simulation sampling frequency was 19.8 kHz and sampling time was 1.5 s. The signals were
decomposed by eight layers and the mother wavelet at scale 4 (DB4, Daubechies 4) was examined. The
obtained results are described as follows:

Figure 3 illustrates the wavelet decomposition levels of the PCC voltage signal for a PPP-G fault
located 8 km away from the PCC in phase A. The DWT coefficients (d1, d2, d3, d4, d5, d6, d7, d8) were
utilized to provide the singular spectrum entropy that was used to calculate the entropy value of each
layer, e.g., H j, to recognize faults in the PV system. As mentioned above, different types of faults
such as SP-G fault, PTP fault, PP-G fault, and PPP-G fault were explored at different distances and at
different fault resistances in this model. The entropy values of fault conditions that occurred 8 km
away from the PCC of the PV system with a fault resistance of 120 ohm under normal conditions are
presented in Table 1. As seen, the differences between the entropy of different types of faults and the
normal condition are noticeable and the entropy of each layer is different. Thus, the fault conditions
influence the entropy values in the system and the classification results. Hence, entropy feature vectors
were obtained by MRSSE, which was utilized to simplify the identification and classification as input
data for the training SVM so as to specify the response time required to detect faults in the system with
the relevant provisions.
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Figure 3. Cont.
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Figure 3. (a–j) Wavelet decomposition levels of the point of common coupling (PCC) voltage signal at
phase A during three phase to ground (PPP-G) fault condition.

Table 1. The entropy values of different fault types.

Cases Fault
Type h1 h2 h3 h4 h5 h6 h7 h8

Single phase to ground fault
A-G 1.651916 1.81376 2.087569 2.240375 2.332471 1.822076 1.515768 1.212614
B-G 1.584156 1.675841 1.985808 2.192021 2.289222 1.791597 1.490412 1.19233
C-G 1.605848 1.707286 2.019093 2.209135 2.323937 1.823147 1.516659 1.213327

Phases to phase fault
AB 2.281622 2.333029 2.626407 3.022257 3.175512 2.51777 2.094509 1.675608
AC 2.194732 2.310459 2.763754 3.040323 3.174181 2.457786 2.044609 1.635687
BC 2.192187 2.311252 2.765803 3.037306 3.172545 2.455789 2.042948 1.634358

Phase to phase to ground fault
AB-G 2.4201 2.528262 2.846191 3.275166 3.441246 2.728463 2.269783 1.815826
AC-G 2.378392 2.503803 2.995031 3.294744 3.439804 2.663459 2.215706 1.772565
BC-G 2.375634 2.504663 2.997252 3.291475 3.438031 2.661295 2.213906 1.771125

Three phase to ground fault ABC-G 3.69408 4.056001 4.668304 5.010014 5.215963 4.074597 3.389619 2.711695

Normal - 0.567916 0.623556 0.71769 0.770223 0.801885 0.626415 0.521109 0.416887

Table 2 indicates the new entropy results for all measured signals under noisy conditions. A White
Gaussian Noise was applied to the abovementioned cases, where the signal to noise ratio SNR was
20 dB.

As observed in Table 2, the noise does not have much effect on the MRSSE, and the proposed
protection scheme can be employed in practical applications.



Energies 2019, 12, 2508 9 of 18

Table 2. The entropy values of different fault types with noise.

Cases Fault
Type h1 h2 h3 h4 h5 h6 h7 h8

SP-G
A-G 1.856042 2.037885 2.345528 2.517216 2.620692 2.047228 1.70307 1.362456
B-G 1.779908 1.882924 2.231192 2.462886 2.572099 2.012982 1.674581 1.339665
C-G 1.804281 1.918254 2.268591 2.482116 2.611104 2.048431 1.704071 1.363257

PTP
AB 2.563559 2.621319 2.95095 3.395714 3.567907 2.828888 2.353326 1.882661
AC 2.465933 2.59596 3.105268 3.416012 3.566412 2.761492 2.297259 1.837807
BC 2.463073 2.596851 3.107571 3.412623 3.564573 2.759248 2.295393 1.836314

PP-G
AB-G 2.71915 2.840677 3.197892 3.679875 3.866477 3.065616 2.550258 2.040206
AC-G 2.672288 2.813196 3.365124 3.701872 3.864857 2.99258 2.489499 1.991599
BC-G 2.669189 2.814162 3.36762 3.698199 3.862865 2.990148 2.487476 1.989981

PPP-G ABC-G 4.150553 4.557197 5.245161 5.629096 5.860494 4.57809 3.808471 3.046777

5. Performance of SVM Classifier and Comparative Examination

To investigate the performance of the proposed method, i.e., SVM and wavelet multi-resolution
singular spectral entropy, to detect grid faults in PV systems, evaluation metrics such as accuracy and
F-measure were taken into account as follows:

Accuracy =
TP + TN

TP + TN + FP
× 100% (15)

F−measure =
2TP

2TP + FN + FP
× 100% (16)

where TP is the total number of fault cases correctly detected by the model and TN is the total number
of other cases (e.g., normal and other fault events) correctly predicted. FP indicates the total number of
fault cases wrongly detected as other cases and FN is the total number of other cases wrongly predicted
as fault events.

The C and γ parameters were determined by varying their values in ranges of 2−5 to 210 and 2−8 to
28, respectively. Four-fold cross-validation was implemented to provide the optimum values of C and
γ parameters. The data set was partitioned into four parts, where three parts were utilized for training
and one part for testing. To ensure that the error is consistent, the four parts were rotated until all cases
were covered. Table 3 indicates the performance result of the SVM classifier in the training phase with
different combinations of values of C As seen, the suitable values of parameters C and γ were 8 and
0.125, respectively. According to Equations (15) and (16), the accuracy and F-measure of SVM were
100% when the values of C and γ were 8 and 0.125, respectively. To achieve a good generalization
performance of SVM, the training and testing processes were repeated 11 times, until the error rate
converged, with 80% of the data set for training and 20% of the data set for testing. The average
detection accuracy was then calculated. In the training phase, the overall detection accuracy was 100%.

Table 4 illustrates the classification accuracy per event and the overall detection accuracy in the
testing phase. To examine the performance of the proposed method in detail, the test data were
mentioned separately according to the event type, i.e., SP-G fault, PTP fault, PP-G fault, or PPP-G
fault. The detection time of each event is shown in Table 4. As seen, the proposed method can detect
grid faults a few milliseconds after they occur. The overall response time for the proposed protection
scheme was 11 ms.

Compared with other methods, the proposed method exhibits a better performance. The
comparison results are given in Table 5. As seen, the overall detection accuracy for the protection
scheme in [37] is lower than other mentioned methods. WSE + FL [18] and the proposed method
possess high classification accuracy and detection accuracy.
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Table 3. Support vector machine (SVM) classification results at different values of parameters C and γ.

Cases
Fault
Type

F-Measure (%) Accuracy (%)

C = 512; C = 32; C = 4; C = 8; C = 512; C = 32; C = 4; C = 8;
γ=2 γ=0.3125 γ=0.25 γ=0.125 γ=2 γ=0.3125 γ= 0.25 γ= 0.125

SP-G
A-G 75.55556 82.75862 88.37209 100 98.44156 98.97436 99.49109 100
B-G 77.77778 82.75862 88.37209 100 98.70466 98.97436 99.49109 100
C-G 77.77778 82.35294 88.09524 100 98.70466 98.72123 99.23858 100

PTP
AB 78.65169 85.05747 88.09524 100 98.70801 99.23274 99.23858 100
AC 78.65169 82.75862 88.37209 100 98.70801 98.97436 99.49109 100
BC 76.92308 82.35294 89.41176 100 98.7013 98.72123 99.49239 100

PP-G
AB-G 79.12088 83.33333 91.76471 100 98.96373 98.72449 99.74684 100
AC-G 75.55556 83.33333 91.76471 100 98.44156 98.72449 99.74684 100
BC-G 75.55556 85.71429 92.68293 100 98.44156 98.98219 99.49622 100

PPP-G ABC-G 79.12088 90.2439 97.56098 100 98.96373 99.24242 100 100

Table 4. Classification results of different types of events.

Cases Classification Accuracy Detection Accuracy Response Time

SP-G 100% 100% 7 ms after fault occurrence
PTP 100% 100% 8 ms after fault occurrence
PP-G 100% 100% 9 ms after fault occurrence

PPP-G 100% 100% 8 ms after fault occurrence
Overall 100% 100% 11 ms

Table 5. Comparison results of different protection schemes.

Reference Protection
Scheme

Classification Accuracy Detection Accuracy

SP-G PTP PP-G PPP-G SP-G PTP PP-G PPP-G Overall

[37]
QS + SVM - - - - 80% 88.2% 84.35% 99.33% 89.67%

TAQS + SVM - - - - 96.1% 99.8% 96.52% 99.33% 98.1%
A-QS + SVM 99.4% 99.1% 99% 98.7% - - - - -

[18] WSE + FL 100% 100% 100% 100% 100% 100% 100% 100% 100%

- Proposed Method 100% 100% 100% 100% 100% 100% 100% 100% 100%

6. Investigation of PV Operation under Different Fault Conditions

In order to better understand the PV system operation during the aforementioned grid fault
conditions, its performance was investigated graphically. The results are presented below.

The measured effective value of the PCC voltage and current under grid faults, i.e., SP-G fault,
PTP fault, PP-G fault and PPP-G, at a distance of 8 km from the PCC with a fault resistance of 200 ohm
are illustrated in Figures 4 and 5. Figure 4 shows the variations of amplitude of the effective PCC
voltage in different phases. As seen, in phase A, the amplitude of the effective PCC voltage for all
types of faults decreased significantly, whilst in phase B the amplitude of voltage increased only under
SP-G faults.

This increase in amplitude of the PCC voltage was observed during SP-G, PTP, and PP-G faults,
whilst the effective PCC voltage during PPP-G fault decreased in each of the three phases. Figure 5
shows that the highest and lowest values of the short circuit current belonged to ground faults and line
to line faults, respectively.

Figure 6 shows the changes of the PCC frequency under fault conditions at a distance of 8 km
from the PCC. As seen, during PPP-G faults, the frequency exceeded the boundaries imposed by the
grid standards regardless of the fault location, whilst for PP-G, PTP, and SP-G faults, the frequency
rose, but stayed inside the threshold.
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Figure 4. (a–c) The changes of effective values of the PCC voltage during grid fault conditions in
different phases.

Figure 5. (a–c) The variations of effective values of the PCC current during grid fault conditions in
different phases.
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Figure 6. The variations of frequency at the PCC during grid fault conditions.

Moreover, two important components, i.e., voltage components and current components, are
illustrated in Figures 7 and 8 during different types of faults at 8 km away from the PCC. The mentioned
components were computed in the phase locked loop (PLL) and measurements block of the voltage
source control (VSC), as explained in [38], by means of the abc to dq0 transformation. When Id is
positive, the converter produces active power and engages reactive power once Iq is in inductive
mode [38].

The modulation index of Uabc_ref, utilized by the pulse-width modulation (PWM) generator of
VSC [38], can be seen in Figure 9 during fault conditions at a distance of 8 km from the PCC.

Figure 7. (a–d) The Vd and Vq grid voltage components during grid faults.
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Figure 8. (a–d) The Id and Iq grid current components during grid faults.

Figure 9. (a–d) The modulation index of Uabc_ref used by the pulse-width modulation (PWM)
generator of the voltage source control (VSC).
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The dc-link voltage fluctuation for all types of grid faults at different fault locations is illustrated
in Figure 10. As seen, when the grid faults occurred, the dc-link voltage of PTP, PP-G, and PPP-G faults
increased whilst their dc-link voltage reduced after the faults were cleared. Furthermore, for SP-G
faults, the dc-link voltage fluctuations were opposite to the frequency changes.

The output PV voltage, current, and diode current [38] during different grid fault conditions that
occurred 8 km from the PCC are illustrated in Figure 11. The variation of the PV voltage and current is
clearly visible. The rising and dropping of the magnitude of voltage and current at the occurrence of
the fault and at the fault clearance can be seen. For the diode current, as expected, the variation of the
current is the same as the variation of the PV voltage and current during the grid faults. This influence
is more noticeable for PPP-G faults, as can be observed in Figure 11.

Figure 10. Variation of the dc-link voltage under grid fault conditions at different distances away from
the PCC.

Figure 11. (a) The output photovoltaic (PV) voltage; (b) the output PV current; (c) the PV diode current
under grid fault conditions 8 km away from the PCC.
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7. Discussions

The obtained results indicate that the proposed protection scheme based on WMRSSE and SVM
can easily detect symmetrical and asymmetrical faults in PV systems. As shown in Figure 1, the trip
signal is activated to command the disconnection of the PV system if faults are detected. In the case
of symmetrical faults where the effects are severe, the proposed protection scheme has no problem
detecting them and thus can avoid relay maloperations. It is worth mentioning that extracted features
based on MRSSE are stable for similar types of signals and samples. This capability gives the proposed
technique two advantages, i.e., it is easy to implement and feasible to detect and classify grid faults.
Finally, using the optimal combination of both parameters—C = 8 and γ = 0.125—the overall detection
accuracy for the training data set and test data set reached 100%. The obtained results suggest that
the proposed method is robust and accurate and can also be used for multiple distributed generation
systems. A comparison between the performance of the proposed protection scheme with previous
related works in terms of overall fault detection and classification accuracy is shown in Table 6. Most
of the mentioned techniques have an acceptable performance to detect and classify grid faults with a
fairly high accuracy. However, only a few of the referenced techniques evaluated their performance
under noisy conditions. It is worth mentioning that the proposed protection scheme not only has an
acceptable performance in terms of detecting and classifying grid faults in ideal and noisy conditions,
but is also quick to identify them in real time.

Table 6. Comparison of the performance of the proposed protection scheme with previous related works.

References Method
Overall Detection Accuracy Overall Classification Accuracy

Without Noise With Noise Without Noise With Noise

[18] WSE + FL 100% Not evaluated 100% Not evaluated

[37] Temporal attribute
QSSVM 98.10% Not evaluated Not evaluated Not evaluated

[37] Attribute QSSVM Not evaluated Not evaluated 99.05% Not evaluated

[39] Principle component
analysis based SVM 99.74% 99.79% (30 dB),

99.77% (20 dB) 99.93% 99.77% (30 dB),
99.70% (20 dB)

[40] Wavelet based fuzzy
logic algorithm Not evaluated Not evaluated 89.50% Not evaluated

[41] Hybrid ST approach 99.9% 99.9% (40 dB),
99.6% (20 dB) 99.47% 99.33% (40 dB),

99.02% (20 dB)

Proposed
Method WMRSSE + SVM 100% 100% (20 dB) 100% 100% (20 dB)

8. Conclusions

In this paper, a protection scheme based on wavelet multi-resolution singular spectrum entropy
and support vector machine is proposed to detect and classify different types of faults in a grid-tied
photovoltaic system. Wavelet multi-resolution singular spectrum entropy is compounded wavelet
transform and multi-resolution singular spectrum entropy, which is used to extract the prominent
features of the PCC voltage as input data of a support vector machine that is able to react in fault
detection and classification. The results determine which wavelet multi-resolution singular spectrum
entropy is not sensitive to noise and sudden changes in signals and has the ability to detect grid faults
of different types, at varying distances, and in different situations. Furthermore, it is proven that
the proposed intelligent method not only recognizes different types of grid faults correctly, but also
performs quickly in identifying grid faults in grid-connected photovoltaic systems. The classification
and detection accuracies of the proposed protection scheme are 100% and its detection time is less than
0.12 ms. The algorithm is simple and easy to execute. Apart from this, a graphical investigation is
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shown to observe the effects of different types of grid faults on PV operation, highlighting the necessity
of intelligent protection methods to protect PV systems.

There is still a lack of more complex conditions which need to be studied and solved by applying
the proposed protection scheme in multiple DG systems in the future.
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Nomenclature

PV Photovoltaic
PCC Point of common coupling
DG Distributed generation
DWT Discrete wavelet transform
SVM Support vector machine
f (k) Discrete signal
ψ(.) Mother wavelet
ψ∗m,n Discrete mother wavelet
MRA Multi-resolution analysis
MRSSE Multi-resolution singular spectrum entropy
WMRSSE Wavelet multi-resolution singular spectrum entropy
H Low-pass filter
G High-pass filter
c j Approximate parts
d j Detailed parts
j Decomposition layer
Mcoe f f Coefficient vector
H∗ Dual operator of H
G∗ Dual operator of G
Λl∗l Nonzero diagonal element
H j Information entropy of level j
P ji Undefined probability distribution of the nonzero diagonal elements

Weight vector normal to hyperplane
b Bias
ξr Slack variable
k(xr, xs) Kernel function
RBF Radial basis function
SP-G Single phase to ground fault
PP-G Phase to phase to ground fault
PPP-G Three phase to ground fault
PTP Phase to phase fault
SNR Signal to noise ratio
PWM Pulse-width modulation
PLL Phase locked loop
VSC Voltage source control
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