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Abstract. A Smart grid fault-identification is a critical aspect
of the protection relaying system with the integration of renewable
energy based on photovoltaic-distributed generators. With in-
creasing the distributed generators usage in smart grids, the con-
ventional relaying techniques suffer from maloperation owing to
the risk of changing fault current levels. Therefore, in this paper,
a discrete wavelet transform (DWT) and the statistical cross-al-
ienation coefficients-based method is proposed to detect and clas-
sify different types of faults considering the dynamic response of
photovoltaic. The proposed protection scheme does not require
any extra-measuring systems as it relied on the one-ended meas-
urements that are installed at PV-feeder over a moving window,
which are available due to the use of advanced measuring facili-
ties in smart grids. This opens the doors to transferring real-time
data from / to protective relays, and then these datasets are pro-
cessed for discriminating among various internal fault classes and
external and healthy conditions. Intensive simulation studies are
executed using PSCAD/EMTDC platform along with the valida-
tion of the proposed scheme. The 300 kW PV panel is connected
to grid though a boost converter and Voltage Source Inverter. Re-
sults unveil that the application of alienation concept and differ-
ential faulty energy method for approximation coefficients-based
DWT for voltage and current signals show a better performance
in terms of accuracy and computational burden.

Keywords. microgrid protection, fault-identification,
smart gird, renewable energy resources, photovoltaic sys-
tem

1. Introduction

Future electrical grids are reliant on the development of
low-greenhouse gases technologies such as Photovoltaic-
Distributed Generators (PV-DGs) and wind energy to meet
out the long-term climate goals that are set by implemented
initiatives and regulations [1]. Also, the continuing growth
in population and energy demand has promoted renewable
energy production worldwide. Besides the aim of support-
ing primary generation and increasing system reliability
and resilience, the employment of environmentally friendly
generations decisively mitigates the anthropogenic emis-
sions of carbon footprint for a sustainable future. However,
the deployment of a huge number of PV-DGs in modern
grids may induce new obstacles in designing fault-identifi-
cation schemes owing to the soar of dynamic and bidirec-
tional fault current. For example, an excessive PV-DGs
penetration creates the mal-operation of protection
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equipment due to a non-linear nature of both power elec-
tronics devices and loads. Thus, the philosophy of conven-
tional fault-identification algorithms is profoundly influ-
enced by a penetration level, location, and operation state
of PV-DGs [2].

To protect the utility grid integrated with PV-DGs, it is es-
sential that once a fault has been made, the fault identifica-
tion-based relaying system should take a fast response to
detect, classify and isolate faulty phases. Here, smart re-
lays’ schemes come into the picture, which the need of fast
and accurate fault identification schemes is more required
to identify fault conditions so that there would be a mini-
mum risk to the promising grid. With growing the popular-
ity of solar energy integrated with the grid, there are exten-
sive research works that have been proposed to develop in-
telligent fault identification schemes. The majority of re-
search activities have been driven by deterministic and ar-
tificial intelligent (Al) methods [3,4]. Although the appli-
cation of Al-based methods has become popular in fault de-
tection and classification techniques, these methods require
the greatest number of datasets that used for training and
testing purpose. On this basis, they consume a long time to
train these techniques for obtaining the accurate artificial
models that can handle the dynamic nature of fault current
and different grid topologies.

Recently, there has been considerable interest in fault iden-
tification-based deterministic approaches for real-time im-
plementation of grid-connected photovoltaic [5,6,7]. For
this purpose, signal processing and statistical techniques
are commonly used for identifying different types of faults
in smart distribution systems. In this context, there are a
plethora studies, including empirical mode decomposition
(EMD), Hilbert-Huang Transform (HHT), Discrete Fourier
Transform (DFT), Short Time Fourier Transform (STFT),
Stockwell-Transform (S-transform), Discrete Wavelet
Transform (DWT), and Wavelet Packet Transform (WPT)
etc.

EMD method reported in [8] have been applied to separate
intrinsic mode functions (IMF) components for microgrid
fault identification, but this method has a disadvantage of
missing frequency information because it is reliant on time
series data for signal during fault condition. HHT method
and decision tree (DT) machine learning have been utilized
in [9] to discriminate between faulty disturbances, switch-
ing transients, and islanding conditions. However, this
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method consumes ample time due to training data through
DT technique. Although the authors in [10] have introduced
the fault detection and classification scheme using DFT
method which processes a fault signal in frequency domain,
this technique is not appropriate to analyse non-stationary
signal. STFT method is presented in [11] for extracting the
feature of fault signals to detect and classify different faults
in distribution system. However, this method suffers from
always using fixed resolution though analysis of local sec-
tions of fault signals. DWT method is proposed in [12] for
a non-stationary signal to decompose fault signals in time
and frequency domains, but it does not provide adequate
data about a fault nature. The authors in [13] proposed a
fault identification scheme using alienation coefficients for
the measurement of current signal, while in [14] correlation
coefficients have been used for fault detection and classifi-
cation based on synchronised measurements. Despite the
fact that the literature has presented different approaches
for fault identification for both conventional and smart
grids, the dynamic variation of fault current level and two-
way power flow constitute a significant challenge. Accord-
ingly, a fast and reliable fault identification algorithm using
wavelet-based cross-alienation coefficients is proposed in
this paper.

The proposed scheme must accommodate the impacts of
system parameter variations due to the PV-DGs uncer-
tainty. Based on a differential energy of Statistical Cross
(X)-Alienation Coefficients (X_ACs) using low-frequency
components, the improved fault identification method is
designed to distinguish between internal and external fault
within PV-feeder with high selectivity performance; more-
over, the fault classification and faulty phase selection for
all symmetrical and non-symmetrical internal faults are
identified correctly.

2. Principal of the proposed methodology

The flow chart of the online fault identification application
that is divided into different distinct stages is depicted in
Fig. 1. As it observed, the procedure of the fault identifica-
tion process is pictured in the following subsections.

A. Estimation of signal decomposition method-
based DWT

In this paper, the measured voltage and current signals are
captured from PSCAD/EMTDC platform, before they fed
into the fault identification scheme that is implemented via
MATLAB software. The measured signals are sampled
with 12.8 kHz (256 samples / cycle) and the length of slid-
ing window (1/2 cycle) which is used for signal processing
and statistics purpose.

After obtaining the absolute value of the measured 3-phase
voltages and currents, it is important to adopt a DWT
method. The reason for this is that it is a superior multi-
resolution analysis technique which can handle a non-sta-
tionary and nonlinear signal in both time and frequency do-
mains. Therefore, this technique has ability to provide a
better signal resolution at low and high frequencies. Not
only detail coefficients extracted from it, but also approxi-
mate coefficients are obtained. These coefficients are ex-
tracted through the following mathematical models as for-
mulated in Eqg. (1) and Eq. (2), which convey a lot of infor-
mation about signal, so many studies can use this criterion
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to identify fault features. However, the choice of a mother
wavelet is a significant factor to perform DWT; accord-
ingly, in this study, a db4 is adopted as a mother wavelet
because it is commonly used in protection applications as
in [15]. As observed, equations (1) and (2) induce approxi-
mation (CA1) and detail (CD1) coefficients at level one
[16].

CAl[K]= ni‘jx [n]*L[2K ~n]

@
DAI[K]= 3 X [n]*h[2K -n] @

where X(n) refers to the sampled signal, and L (K) and h
(K) are scaling and wavelet filters that used for decomposi-
tion process.

In this research work, the 3-phase approximation coeffi-
cients are selected to make up fault criteria with the help of
cross-alienation and differential faulty energy concepts.

B. Estimation of approximate- alienation coeffi-
cients

According to the statistical analysis, the alienation of ap-
proximate coefficients that extracted from the DWT
method are derived from statistical cross-correlation analy-
sis which use to determine the degree of similarity between
two sets of variables. This statistical cross (x)_correlation
coefficients (X_CCs) can be expressed using the following
relation [14]:

NSy () ()
Iz (S v Er (T ]

where N; refers to the number of samples per cycle, (Ns=
256 samples/ cycle considering sampling frequency 12.8
kHz. y1 represents sampled voltage or current approximate
coefficients at time to (current window), while y, is sampled
voltage or current approximate coefficients at time — T
-+ to (previous window).

As mentioned before, X-alienation coefficients are calcu-
lated from X-correlation coefficients, which can be formu-
lated as follow [13]:

X _ACs=1-X _CCs? (4)
After computing Approximate-Alienation Coefficients
(AACs), these coefficients are exploited to make a fault
identification index that is invented to identify faulty cases

in the utility grid integrated with the intermittent PV-
feeder.

X _CCs=

@)

C. Estimation of fault-identification index

A Fault-ldentification Index (F-11) is constituted by compu-
ting the peak value of differential faulty energy for 3-phase
AACs through the moving window technique using the fol-
lowing proposed mathematical expression:

[AACSZ () —min (AACsZ(t))]

F _ 1l =max
- [max(AACsz(t))f min(AACsZ(t))J

(®)
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where min and max refer to the minimum and maximum
values, respectively.
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Fig. 1. The flow chart of the proposed fault identification scheme

A threshold value of 0.1 is set to figure out faulty and non-
faulty phases. If the peak amplitude value of F_II corre-
sponding to a phase is greater than the determined threshold
value and close to unity, then faulty phases are declared,
else other phases are healthy in nature. The value of 0.1 is
considered as a threshold for F_I1 in order to make the dif-
ferentiation of faulty phases from health ones. This value is
chosen based on a 200-datasets of every fault. As a result,
a 1000 set of data has been considered for all fault kinds.
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This data is captured by varying fault and system parame-
ters, such as fault type, fault resistance, fault location, bidi-
rectional power flow, feeder energization and de-energiza-
tion, and load switching. Also, those associated with
varying irradiance and temperature of PV array integrated
with the grid is considered. It is evident that the value of 0.1
is effective to discreminate fault condition for all possibili-
tes of fault scenarios that is more likely to occur in the grid
integrated with PV array panel.
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D. Estimation of ground fault-detection index

A ground fault detection (GFD)-index is proposed to rec-
ognise the fault scenario that involves zero sequence cur-
rent, by which is used to identify grounded faults, like a 1-
phase to ground fault and a 2-phase to ground fault. The
GFD-index is reliant on the computation of zero sequence
current (Izsc) that flow while grounded fault occurrence,
which can be expressed as following relation [17]:
|y =R ls Hlr (6)
3
Using the decomposition of DWT method, the approxima-
tion coefficients of Izsc is computed. Having obtained these
coefficients, the differential faulty energy corresponding to
the approximation coefficients of Izsc is applied, and it can
be expressed as in (7) to differentiate the ground faults.

[Azzsc )-min ( Ay (t))}

[m a x(AZZsc (t))— min (Azzsc (t))} )

where Azsc is the approximation coefficients for Izsc.
Based on the value of GFD_index, if it is close to unity, this
indicate to a 1- phase to ground fault or a 2-phase to ground
fault, else the value indicates that the involvement of
ground in the fault is not found.

GFD_ Index=max

3. Applications

A. Description of simulation model for electrical

grid integrated with PV-feeder
The proposed algorithm has been successfully tested on the
studied grid as illustrated in Fig. 2, which consists of solar
photovoltaic (PV) power plant. The 300 kW PV panel is
connected to grid though a DC/DC boost converter, DC/AC
Voltage Source Inverter (VSI). After inversion, the PV-sys-
tem is linked to the distribution system through 0.6/20 kV
transformer and transmission line (TL1) of 10 Km length.
The 20 kV-grid is interfaced to 230 KV through two trans-
mission lines (TL2 and TLs3), each of which has length 20
km, and a 100 MVA, 20 kV /230 kV power transformer.
All the data pertaining to transformers, feeders, PV-system,
and loads are obtained from [18]. The studied power system
is simulated via PSCAD/EMTDC platform, and different
fault parameters and operation condition are carried out
through this platform to investigate the performance of the
proposed scheme.

B. Simulation results
Taking the signal length of 3 seconds for simulation run
with operating frequency 50 Hz, the voltages and currents
that are measured by an installed relay at the PV-feeder are
sampled at 12.8 kHz (256 samples / cycle). Once a half-
cycle movable window is selected, its samples are sorted
(current window) and compared with the previous one. The
half-cycle window width (128 samples) has been consid-
ered for calculating the proposed F_I1 based on approxima-
tion-alienation coefficients for both voltage and current sig-
nals. The proposed F_Il and GFD_criteria are estimated
using the measured sampled signals within a current win-
dow and an earlier one to show the degree of variance of
two sets of data. To validate the robustness of the proposed
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fault identification algorithm, all fault classes (i.e., sym-
metrical, and non-symmetrical faults) have been simulated
at 2s with the fault duration 1s for both a distribution system
level and a PV-feeder. In addition to this, the variation of
fault parameters (i.e., fault locations and fault resistances)
has been considered.

Bus 2: 20KV

1 MVA)

GOl
I @.b O
I Load
T T
1

100 MV
V0

Boost

converter |
De/oc

Voltage
source
Inverter

Bus 1: 230KV

[0

MV-Utility Grid
KV

HV-Utiy Grid
BOKV 1l

Fig.2 Single line diagram of smart distribution network in-
tegrated with PV-DG

4. Results and Performance-Evaluation

A. Influence of internal fault under grid-connected
mode

The transients that are induced due to the post fault current
and voltages are largely reliant on a fault type. Thus, it is
necessary to test the proposed fault identification scheme
for different fault types. In this study, different kinds of
faults have been simulated at a midpoint of line TL1 (PV-
feeder), with fault resistance (3Q2). Fig.3. depicts the varia-
tion of fault-identification indices of three phase voltage
and currents with a phase to ground fault.in phase R. From
Fig.3. (b) and Fig.3. (d), it is clear that the fault index of
phase-R is always close to unity and exceeds threshold f-
value compared to the F-11 v, | for remained phases. There-
fore, it is identified as a phase to ground fault in Phase R.
As the same way, Fig.4 shows the F-1I of phase-R and
phase-S for both voltage and current signals are above
threshold B-value. In addition to this, the GFD-index is also
determined and equals 0.8 corresponding to (7) based on
calculating lzsc that follow through system during one
phase to ground fault and two-phase to ground fault. Thus,
this fault identified as a two-phase to ground fault in a
phase-R and a phase-S.
Similarly, From Fig.5, it can be observed that, for all three
phases R, S, T the F-Ils of voltage and current are close to
unity and greater than threshold B-value, and the GFD-in-
dex is determined as 0.03, which is near to zero. Hence, this
fault identified as a three-phase to ground fault in a phase-
R, phase-S, and phase-T. Therefore, the proposed scheme
is insensitive to different fault types that have been oc-
curred in PV-feeder which is connected to medium voltage
grid.
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B. flexibility of the proposed scheme against varying
fault resistance

The post fault voltage and current are highly reliant on a
fault location and resistance. Thus, it is important to verify
the proposed fault identification scheme for different fault
locations and resistances. In this work, different kinds of
faults have been simulated at a midpoint of line TL1 (PV-
feeder), with a wide range of fault resistance from 0.1 Q
to 80 Q. As listed in Table 1, the variation of fault-identi-
fication indices of three phase voltage and currents under
different fault resistances and types for faulted phase/s are
near to one and greater than threshold Bvalue, which indi-
cates that a fault occurred in these phases within PV-
feeder. Consequently, the proposed scheme would not be
mal-function due to the variation of fault resistance.

C. Influence of external fault under grid-connected
mode

Table 1 The performance of the proposed ¢ scheme under various internal and external faults with different fault

parameters
Fault RF | Fault Fault-1dentification Index (GFD)-index Final Relay Decision
type @ | location F-1lig] F-1lis | F-l1lit | F-llvr F-llvs | F-llv~
Healthy - - 0.061| 0.082 | 0.046 | 0..052 0.076 | 0.046 0
PGF 10 | 50% of TL, 097 | 0.308 0.19 0.99 0.125 0.06 0.960 Tripping for Int. AG fault
PPGF 20 50%of TL, | 0.87| 098 | 0.18 1 0998 | 0.06 0.934 Tripping for Int. ABG fault
PP 25 50% of TL, 0.93 0.97 0.1 0.89 0.92 0.09 0 Tripping for Int. AB fault
PPPG 50 50% of TL; 0.84 0.95 0.81 1 1 0.99 0 Tripping for Int. ABCG fault
PGF 5 50% of TL, 0.368 0.3 0.31 0.616 0.231| 0.336 0.754 Blocking for Ext, fault
PPGF 15 50% of TL, 0.286] 0.32 0.212 0.718 0.398 0.039 0.810 Blocking for Ext, fault
PPF 60 50% of TL, 0.544] 0.316 | 0.146 0.263 0.237 | 0.103 0 Blocking for Ext, fault
PPPGF 30 50% of TL, 0.268| 0.418 | 0.252 0.318 0.239 | 0514 0 Blocking for Ext, fault
PGF 40 50% of TL 0.148] 0.135| 0.166 0.219 0.09 0.07 0.674 Blocking for Ext, fault
PPGF 12 50% of TL3 0.049] 0.178 0.164 0.112 0.098 0.706 0.78 Blocking for Ext, fault
PPF 1 50% of TL3 0.269| 0.189 0.155 0.218 0.217 0.119 0 Blocking for Ext, fault
PPPGF 0.1 50% of TL 0.232] 0.370| 0.251 0.297 0.228 | 0.349 0 Blocking for Ext, fault
PGF 80 Bus 2 0.273] 0.101 0.112 0.201 0.084 0.754 0.642 Blocking for Ext, fault
PPGF 6 Bus 2 0.171] 0.252 | 0.104 0.116 0.321 | 0.338. 0.632 Blocking for Ext, fault
PPF 35 Bus 2 0.155| 0.288 0.109 0.168 0.172 0.129 0 Blocking for Ext, fault
PPPG 45 Bus 2 0.201] 0.103 0.276 0.038 0.128 0.135 0 Blocking for Ext, fault
- Int. fault: Internal fault - Ext fault: External fault
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The proposed fault identification scheme was investigated
under different external fault scenarios within a MV /HV grid
that integrated with the PV-feeder (see Fig. 2). Simulation
results are described in Table 1. Taking a phase to ground
fault in phase-R at the middle of TL2 line, as example, the F-
Il of faulty phase for both voltage and current waveform is
not close to unity (F-11i  =0.368, F-1lv g =0.616) and one of
them is less than the threshold p-value (F-11i g =0.368 <P, F-
Ilv r =0.616>p). According to the proposed fault identifica-
tion scheme, these results indicate to finding external fault,
compared with the healthy case of the power system test, the
values of F-II for the measured signals at the PV-feeder are
very close to zero (F-I1ir= 0.061, F-11is= 0.082, F-11i 1=0.046,
F-1lv g- =0.052, F-1lv s=0.076, F-1lv 1=0.046). Therefore, the
possibility of identifying external fault conditions from inter-
nal faults is illustrated in Table 1, and it is evident that the
proposed scheme has a superiority to discriminate between
internal and external faults. Furthermore, different external
fault scenarios that are carried out on midpoint of TL3 line
and bus 2 show the capability of proposed scheme to recog-
nise the external fault condition from internal one within PV-
feeder. Thus, from Table 1, it can be concluded that in the
case of external fault with varying fault parameters, the be-
haviour of F-I1 for all phases is completely different from the
case of internal fault, and therefore an external fault is not
affected in the proposed scheme compared to existing
schemes that are reported in the literatures.

5. Conclusions

Based on the usage of approximation-alienation coefficients
for both voltage and current signals, this paper presents an
effective fault identification scheme for a smart grid inte-
grated with PV-system through the available power elec-
tronics facilities. An accurate, efficient, and fast fault iden-
tification scheme has introduced considering the dynamic
fault current response for the grid interfaced with PV-sys-
tem. In this scheme, once the DWT is employed to extract
the approximation components for measured signals, cross
alienation coefficients are computed based on these approx-
imation components. Then, the differential faulty energy is
calculated and defined as a fault identification index that is
used to discriminate between internal and external fault.
The simulation results reveal that the fault identification
scheme can differentiate between internal and external fault
with high selectivity performance. Moreover, after internal
fault is declared, the scheme can classify the fault type and
select the faulty phase within half cycle moving window.
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