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Abstract: Maximal Overlap Discrete Wavelet Transform (MODWT) is employed to characterize three-phase current signals for high
impedance fault (HIF) detection. However, a few vital issues, like the classification of HIF from non-HIF, have not yet been benefited by
MODWT families and Bi-LSTM. Hence, in this paper, the performance of four families of MODWT, namely, Coiflets (coif), Daubechies
(db), Fejer-Korovkin (fk), and Symlets (sym) were studied. A radial distribution network was simulated, and three-phase currents were
taken during HIF and non-HIF conditions. Further, this paper attempts to identify the best of the four MODWT families and the level of
decomposition required to analyze the current signals. The nine statistical features are extracted from the wavelet coefficients, Kruskal
Wallis test is carried out to select the best features and fed into the Bi-directional LSTM(Bi-LSTM) classifier. From the results, it was
found out that the coif attained the highest classification accuracy for all the levels of decomposition.

Keywords: High Impedance fault, Maximal Overlap Discrete Wavelet Transform, Bi-directional LSTM, Fault detection.

1. Introduction

Distribution  networks are highly wvulnerable to
interruptions in power quality, primarily resulting from
three types of operational failures: HIF, voltage
disturbances, and short-circuit faults. HIF stands out as
one of the most concerning in this context, primarily
because the fault current is typically below the threshold
for overcurrent devices like relays, reclosers, and fuses,
meaning that it is not usually eliminated by the traditional
protection system. Furthermore, HIF poses a risk to the
public due to the potential for electric shock as well as the
potential for fire because of arcing.

A high-impedance surface (HIF) is created when an
electrically charged conductor makes contact with
something like sand, asphalt, or even tree branches[1]. If
all the disturbances are examined in the time domain, it
may be confused for other disturbances like feeder and
load energizing or capacitor bank switching. On the other
hand, HIF exhibits unique properties in the frequency
domain that make them detectable. Multi-resolution
transforms are more appropriate for analyzing HIF signals
because they are not stationary.
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The proposed work uses three-phase current signals from
a radial distribution system. The nine statistical features
are extracted using MODWT families, the Kruskal wallis
test is used to select the best features, and then the HIF
/Non-HIF classification is done using Bi-LSTM.

1.1. Literature review

In [2],a novel approach to identifying power quality (PQ)
disturbances, focusing on voltage sags and interruptions
associated with diverse faults such as transmission line,
feeder, and transformer faults, is introduced. The method
employs a MODWT-based PQ detection algorithm that
accurately pinpoints the initiation and recovery of
disturbances. The algorithm  showcases  strong
performance even without a detection threshold and isn't
reliant on the sampling frequency of PQ data. To combat
noise, it transforms pre-processed PQ waveforms into 2D
binary vectors via space vector transformation.
Subsequently, a resilient classifier is proposed, employing
an enhanced stacked sparse denoising autoencoder
coupled with supervised backpropagation training. The
technique maintains high detection accuracy, even when
faced with limited training samples detecting various PQ
disturbances[17].

The[3] paper introduces a time-series-based method
utilizing maximal overlap discrete wavelet transform
(MODWT) for detecting and locating diverse power
quality (PQ) disturbances. Ten different PQ events in
voltage signals, such as sag, swell, interruption, harmonic,
spike, notch, etc., are investigated using this wavelet
transform. Signal decomposition up to the fourth level
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with  MODWT provides coefficients for feature
extraction, which act as inputs for classifiers like Support
Vector Machine (SVM) and Decision Tree (DT). In the
detection phase, signals are decomposed up to four levels
of refinement, while in the classification phase, signals
undergo similar decomposition. Comparative analysis
reveals that DT outperforms SVM in classification
accuracy across various scenarios, including those with
and without noise. Furthermore, DT shows satisfactory
performance with both synthesized and real signals,
presenting a quicker and more straightforward alternative
to SVM.

As in [4], a practical 400-kV Dual Circuit Transmission
Line within the Indian network features a newly
introduced fault diagnosis framework for the
identification and categorization of cross-country side
Faults (CCF) with HIF syndrome. This innovative
approach comprises a three-step procedure involving
signal preprocessing, detection of high impedance faults
(HIFs), and subsequent classification using specific fault
classifier protocols. These protocols are precisely
determined based on fault coordinates within a normalized
3D Fault Plane. The effectiveness of this method has been
successfully demonstrated across various operational and
switching scenarios, including capacitor bank switching,
reactor string switching, and load/feeder switching.
Extensive testing has been conducted to evaluate the
resilience of the diagnostic scheme against noise,
nonlinear loads, and light-load conditions[18].
Comparative analyses have been performed for both
common cause faults (CCF) and CCF-HIFs. Notably, the
proposed scheme demonstrates an operational time within
five cycles from when a HIF is detected.

Electroencephalogram (EEG) signal analysis has
extensively used wavelet transforms for automated

Modelling of
Radial Network
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current signals
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diagnosis of epileptic seizures[5]. Four cases—normal-
generalized epilepsy (i), normal-focal epilepsy (i),
normal-focal-generalized (iii), and normal-epilepsy (iv)—
are used to assess the suggested methodology. The study
also attempts to define the necessary degree of
decomposition for EEG signal analysis and identify the
best wavelet function among seven popular wavelet
families. The wavelet coefficients are used to extract nine
statistical features, which are then fed into the support
vector machine (SVM) classifier. The results of the
experiments show that, out of all the experimental cases,
Discrete Wavelet Transform (DWT) with rbiol.1 achieves
the best classification accuracy.

2. Methodology adopted

Step 1: Model the system to be studied — In the study,
the radial topology of the distribution feeder is modeled
MATLAB and faults like HIF, Non-HIF ((Line to ground
(LG), Line to Line (LL), Line to line to ground(LLG) and
line to line to line to ground(LLLG)) were created.

Step 2: Data acquisition — By varying the fault
resistances and ground resistances, different cases of Non-
HIF and HIF were obtained.

Step 3: Feature Extraction-Four MODWT families
(coif, db, fk, sym) each were applied to extract the features
of the faults and statistical features were taken.

Step 4: Feature Selection- Kruskal Wallis test is done to
get the best features that can contribute to the classifier for
better accuracy.

Step 5: Classifier — Selected features are input to the Bi-
LSTM classifier for discriminating HIF and non-HIF
events.

Three phase || extraction using —

Feature selection - -
using Kruskal - |—",| Classification
Wallis test using Bi-LSTM

U

HIF Mon- HIF

Fig 1 Flow diagram showing various steps involved.

2.1 Radial distribution network

Radial distribution networks are often used to service
areas with medium and light loads from a single source,
with good voltage regulation and reliability and reduced
cable congestion [1]. The drawback of using the radial

system is if any of the feeders becomes faulty, the entire
system experiences blackouts that might lead to expensive
repairs and productivity loss [6], [7]. A power distribution
network is modeled using a sim-power system block. The
HIF and Non-HIF conditions are created in the model, and
fault current waveforms are taken for analysis [8]. The
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model consists of a grid source 5S0MVA/138kV, a
transformer SOMVA, and 138kV/25kV with an integrated
load facility. The power grid frequency is 50 Hz, and the

distribution line length is 100 km. The single-line diagram
of the radial distribution system with the HIF model is
shown in Fig 2.

Three
Phase
Fault

50MVA 138ka 25kv

[T

Model

Fig 2 Single line diagram of radial distribution network.

The waveforms shown in Fig.3(a) show the time-varying
current waveforms during normal conditions in which the
normal three-phase current rating is 175A and the three-

phase voltage 20kV. A total of 1000 cases of faults,
including HIF, LGF, LLF, LLGF, and LLLGF, were taken
for the input to feature extraction techniques[9].
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Fig.3 (a) Current waveform at normal conditions,. (b)

HIF is a set of power system disturbances that occur in an
MYV distribution system(15kV to 25 kV), which produces
a fault current(<100A) difficult for
conventional relays to detect [10]. The fault occurs when
a charged conductor touches the high grounding
impedance surfaces such as trees, sand, cement, wet soil,
etc., or can be due to a broken or unbroken conductor that
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(b)
Faulty condition: current waveform of LL fault in RB phase

possesses dynamic features like asymmetry, randomness,
non-linearity, shoulder, build-up and intermittence [9].
Modelling HIF is important to exhibit the features of HIF
characteristics. Many models [11], such as the Emanual
arc model [12], Mayr's model[13], kizilcay model[14],
and Matthews's arc model[10] can be used to model HIF,
of which the Emanual arc model is used for this study.
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Fig.4 Emmanuel arc model of HIF

Fig.4 shows the modeling of HIF using the Emmanuel arc
model [15], having two anti-parallel diodes (Dn, Dp),
voltage sources(Vn, Vp), and nonlinear resistors (Rn, Rp).
The diodes mimic the randomness during positive and
negative half cycles. The voltage source represents the
arcing voltage between the distribution lines, trees, soil or
air that produces asymmetry during positive and negative
half cycles, and the resistors represent the resistance
offered by the trees or earth resistance.

The waveform shown in 5(a)&5(b) represents the fault
voltage and current during HIF inception at 0.1s to 0.45s.
A total of 1000 HIF cases were taken, creating HIF in
Phases A, B, and C. The voltage range is 25kV, and the
current ranges from 5-20A depending on the fault
resistances varied from 3000Q2-3600Q2.
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Fig 5(a) & 5(b) HIF current and voltage waveform

2.2 Maximal Overlap Discrete Wavelet Transform

The improved version of the DWT that allows for the free
selection of the beginning point time series signal [1] and
also a non-orthogonal variation of the traditional DWT is
MODWT [16]. The DWT filter can be equated to the
wavelet filter §, and the MODWT scaling filter &; via (1)
and (2).

_ Ml

hy VZ (1)
Gi=% )

Also, the MODWT filters are given by the equation (3) and
“4)

g1 = (_1)l+1hL—1—l 3
hy= (D" g4 “4)

where L is the filter width and 1=0, 1, 2,..., L — 1. Along
with the MODWT scaling coefficients and the input time

series signal Y (n), the nth element of the first-stage
wavelet.

Wipn =2ty BiXnoy mod N (5)
Vin =2 GiXnoy mod N (6)
Where n= 1, 2, 3,..., N(length of signal in sample)
Ayp = 312" §iVinss mod N (M
Din=Nily" GiWinss mod N )

The first-stage approximations and details can be
calculated by (7) and (8). The MODWT scaling
coefficients 17] and VT/J wavelet coefficients at the n
element of the j* stage are given by the eqns. (9) and (10).
Fig 4 represents the block diagram of MODWT
decomposition.

Lj—l

V}'.n = Zl=0 gj,1)?n_l mod N 9)
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~ L]-—l ~

VV]',n = - hj,1Xn_l mod N

(10)

-
X[n] Level 1 coefficients

G[n]

Level 3 coefficients

Fig 6 Block diagram representation of MODWT decomposition.

The approximations Aj and the details 5]- of the n®
element of the j" stage MODWT are given by the (11) and
(12).

~ Li-1 _o ~
Ain =%y §}1Vins mod N (11)
~ Li—1 ~n ~

Dj,n = Elio hjo,lwl,n+l mod N (12)

Using MODWT, the nine statistical features are extracted,
and the details are shown in Table 1. After feature
extraction, the Kruskal wallis test is run to get the best
results, which makes the classification easy for the
classifier. Table 2 shows the comparison of various
MODWT families.

Table 1. Statistical features extracted using MODWT.

Features Equations
Min min(C;)
Max max (Cj)
Mean 1 ZN c
ui = N - i
STD 1 N ,
0; = Nzizl(ci — )
Kurthosis A/N) (@) — u)*
i = No*
Skewness A/N)Z (c(@) — u)?
Si= Ng3
Energy 1N
e = Nz- |c:l?
i=1
nSTD (Ratio no, = 0i
l

between STD and difference of
min max values)
nEnergy (Ratio
between energy and size of the
band)

nei= length (c;)

Table 2 Comparison of MODWT families

SILNo Family Short Order Support  Filter
name width length
1 Coiflets coif N=1,2,..5 1 2
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2 Daubechies db or

haar
3 Fejer- fk
Korovkin
4 Symlets sym

N=1,2,..45 ON-1 2N
N= ON-1 2N
4,6,8,14,18,22

N=2,3,..45 6N-1 6N

2.3. Bi-directional Long short-term memory (Bi-
LSTM)

Bi-LSTM is the name given to a sequence model that
consists of two LSTM layers, one for processing input
forward and the other for processing backward. The idea
behind this strategy is that the model can better
comprehend the relationship between sequences by
processing data in both directions.

Two unidirectional LSTMs that process the forward and
backward sequence make up the bidirectional LSTM
architecture. This architecture can be understood as
having two independent LSTM networks, one of which
receives the token sequence in its original order and the
other in reverse. The combined probability of the two
outputs from the two networks is the final output, which
is a probability vector.

HIF or Non- HIF

4

Output layer

@O o O E Fully connected
Layer

[ Bidirectional
LSTM layer

A ﬁj ’EA;'_'

@ Embedding Layer

Fig.7 Bi-LSTM Architecture

With a learning rate of 0.001, the optimizer used to update
the model weights is the Adaptive Moment Estimation
(Adam) algorithm. For binary classification, the binary
cross-entropy loss functions are employed. The model
begins by employing an embedding layer to map inputs to
their representations, as seen in Fig. 10. After that, it feeds
the embeddings in two processing directions to the LSTM
layers: the first moves forward, and the second moves in
the opposite direction. The model architecture involves
fully connected layers receiving LSTM outputs, with
ReLU as the activation function. These fully connected
layers learn and assemble data from LSTM layers to form
the final output for classification. To prevent overfitting, a
dropout probability of 0.2 is applied. Model performance
is validated using a stratified K-fold cross-validation

method with K set to 10. The sample percentage for every
class is guaranteed to be identical to the stratified K-fold
in every fold. The dataset is divided into K groups after it
has been shuffled. Next, using K-1 (10-1) folds to fit the
model, validate it using the K™ folds that are left (9 folds).
This procedure is repeated until the final K-fold. It
continues in this manner until each K-fold functions as a

test set.
A7, = LSTM(Ar—1, We, Yeeq) (13)
A; = LSTM(Ay11, W, Yerr) (14)
A =47, A (15)
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The Input data is represented by X, the hidden state is
represented by A, , Wi represents the equivalent weight
matrix and the output state of the Bi-LSTM structure is
represented by Y.

3. Results and discussion

Various MODWT families are run with different levels of
decomposition, and the best accuracy obtained for each

case is shown in Table 3. The number of features extracted
using MODWT families and the number of features
selected using Kruskal Wallis tests are shown, with the
time taken by the classifier for classification. From the
Table, db and coif give the best results at lower levels of
decomposition, and fk and sym give satisfactory results as
compared with db and coif. Fig 8 shows some of the
random results of all the MODWT families.

Table 3 comparison of Performance of various MODWT families with Bi-LSTM

No of No of
MODWT Level of features features
Family decomposition  Accuracy extracted  selected  Time elapsed
dbl Leveld 94.59 125 75 22s
db2 Level8 100 125 135 27s
db3 Leveld 100 125 75 11s
db4 level 7 97.3 125 120 23s
db5 level 1 100 125 30 6s
db6 level 3 100 125 60 12s
db7 level 4 97.3 125 75 18s
db8 level 1 100 125 30 8s
db9 level 5 100 125 90 10s
db10 level 1 100 125 30 8s
dbl1 level 6 94.59 125 105 22s
db12 level5 100 125 90 19s
db13 level3 97.3 125 60 15s
db14 level3 100 125 60 8s
db15 level2 100 125 45 6s
db16 levell 100 125 30 5s
dbl7 level3 100 125 60 17s
dh18 level2 100 125 45 13s
db19 levell 97.3 125 30 6s
db20 level3 100 125 60 10s
db21 level5 100 125 90 19s
db22 levell 100 125 30 12s
db23 levell 94.59 125 30 15s
db24 level5 100 125 90 11s
db25 levell 100 125 30 5s
db26 level2 100 125 45 7s
db27 level3 100 125 60 7s
db28 level 4 100 125 75 9s
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db29
db30
db31
db32
db34
db35
db36
db37
db38
db39
db40
db41
db42
db43
db44
db45
coifl
coif2
coif3
coif 4
coif 5
fk2
k4
k6
k8
fk14
k18
fk22
sym2
sym3
sym4
sym5
symé6
sym7
sym8
sym9
sym10
sym12

level7
level2
levell
levell
leveld
level2
levell
levell
level2
level6
level4
level3
leveld
levell
levell
level2
levell
levell
level 1
level 3
level 1
level 2
level 4
level 4
level 1
level 3
level 8
level 6
level 4
level 4
level 3
level 4
level 3
level 1
level 5
level 6
level 3

level 4

97.3
100
100
100
97.3
100
100
100
100
94.59
100
100
97.3
94.59
100
100
100
100
100
100
100
100
94.59
100
94.59
94.59
89.19
97.3
100
100
100
100
100
94.59
100
100
100
97.3

125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125
125

120
45
30
30
75
45
30
30
45
105
75
60
75
30
30
30
30
30
30
40
39
45
44
75
30
60
35
105
75
75
60
75
60
90
55
105
60
75

10s
13s
11s
12s
16s
8s
6s
5s
6s
10s
23s
16s
10s
7s
7s
6s
5s
16s
6s
8s
5s
15s
15s
9s
6s
20s
24s
24s
8s
17s
19s
8s
7s
19s
22s
20s
7s
10s
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sym13 level 1 100 125 30 5s
syml4 level 1 100 125 30 12s
sym15 level 6 97.3 125 105 20s
sym16 level 3 100 125 60 12s
syml7 level 1 100 125 30 12s
sym18 level 1 97.3 125 90 9s
sym19 level 3 100 125 60 8s
sym20 level 1 100 125 30 6s
sym21 level 4 100 125 75 17s
symz22 level 2 100 125 45 13s
symz23 level 4 100 125 75 10s
symz4 level 1 91.89 125 30 7s
sym25 level 3 100 125 60 19s
Ssym26 level 2 100 125 45 7s
sym27 level 4 100 125 75 9s
sym28 level 2 100 125 45 8s
sym29 level 4 97.3 125 60 7s
sym30 level 2 94.59 125 45 12s
sym31 level 5 75.68 125 90 21s
sym33 level 2 100 125 45 24s
sym34 level 1 94.59 125 30 11s
sym35 level 1 67.57 125 30 7s
sym36 level 1 94.59 125 40 19s
sym37 level 1 100 125 30 17s
sym38 level 1 86.49 125 30 6s
sym39 level 1 67.57 125 30 19s
sym40 level 1 97.3 125 30 25s
sym4l level 1 100 125 30 7s
-
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[Epoch 1 Epoch 2 Epoch 3 Epoch 4

Epoch 5 Epoch 6 Epoch 7 Epoch 8 Epoch 9 Epoch

och 4 Epoch 5 Epach 6 Epoch 7 Epoch 8 Epoch 9 Epoch]

Db3 level 4

po<h 5 ED

och 6 Epoch 7 Epoch 8 Epoch 3 Epact
» = a

Coif 1 level 1

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(23s), 606616 | 614



21.0
135ec
<
Dot
E
NA
s ‘Single CPU
g4

Sym 2 level 2

iy
& & 0 i@ o E

[Ebocy | Ebbeys Ebocy 3 Ebocjiy Ebocy o Ebot @ Ebbey \ Eboti g Ebocy a Eboe!
o3 won
2 covang
ROy antte cn

e

a 10 = 5 E

Ebocy ¢ £bocy ¢ Eboeue £bocw 4 Eboed g Ebocka Ebon]

“Ebocyy  EBoeH's Ebok3

i o
Bt U3 det shoeys
Az
1oLi0

ERbeq e igwe
o s ST TEDL
Lo e

1Ll proficeze (55-19L-5053 S5190:04) ez

Db3 level 1

- J

)

Aeoway

[Epoch 1 Epoch 2 Eposn 3 Epoch 4 Epoch & Epoen 6 Epoch 7 Epash 8 Epoch 9 Epoct
£ z T 5 = g

3
£l
B

Epoch 1 Epoeh 2 Epocn 3 Epoch 4 Epoch 5 Epoch 6 Epoen 7 Epoch 8 Epoth 9 Epocr
‘a s n " = 2 a

Coif 3 level 1

Reachad #ral fsrston

ol g Tshec
: j\_/\——/— sertime sy vz

Elapesd e e

war 1o
0ar
erwzong par gpot: 3
Epach 1 Epoch2 Epoch 3 Epoch4 Epoch 5 Epoch B Epoch 7 Epoch 8 Epoch @ Epoch  Memummersons: 30
o i / j |
o [ o 5 0 El W validstion
herstian
Freauency i
o T———— . Gther Information
2 Leaming e aom
Epoch 1 Eppen2 Epoch 3 Epochd Epoch 5 Epoch 6 Eppen 7 Epach 8 Epoch 9 Epoct]
o s o 5 » = 3 Hlammn
Horation

Fk4 level 4

e

] . © & E) s =
3 L 1
Ebocuy  Ebooss Ebocy 3 [Ebach Ebocy 2 Eboc g £bbep 1 Ebacig Ebocy o Ebos!

,‘
[cbors 1 Ebany 5 Ehocy 2 Eboea chocl 2 Ebay e Ebicy . Ebonwa Ehorw o Ebesl
% L

Sicews I

e e geope
e

: J\/\,\_i\’ / A

Sym 8 level 8

TraInIng Propress (11-an-2023 15:45:05

Resehed ral wranen
[

0
L Start tme Mdan-2023 1546.05
/\ cipees e o
g% A T
& o
o N

oot

,Epech 1 Eppen 2 Epoch 3 Epoch 4 Epoch 5 Epoch 6 Epoch 7 Epach 8 Epech 9 Epoct
2 : o = = =

2
[Epoch 1 Eppen 2 Epoch 3 Epoch 4 Epae) 5 Epoch 6 Eppch 7 Epoch 8, Epech § Epoer
K s 0 5 ) = E

o

Coif 2 level 3

IFAITHRG TOGIORS |$-4aN-2Uzs WiTH10]

- p—

ul
. A A //

[Epoch 1 Eppch2 Epoch 3 Epoch4 Epach 5 Epoch 6 Epach T Epoch 8 Epoch & Epod

o s o 0 = =5 a
o5, B e _
o4
02
o[Epoch 1 Epoch 2 Epocn 3 Epoch 4 Epoch 5 Epos 6 Epoch 7 Epoch 8, Epach 9 Epoct
1 . " (0 = B3 o
terabion
wranng rogress (s 1220y e
vadsionccesag: HA
Traring trisned: Reaees tal Pzt
Talning Tine
» / Slarttime: 20002023 17:22'58
Z /‘ Eipsec ime: 2 sec
o
£ Ting oy
§a Epoc 10ar 1
tarr: e
2 Iteranees per epech; 3

Epoch 1 Epoch2 Epoch 3 Epochd Epoch 5 Epoch 6 Epoch 7 Epocn Epoch 0 Epogty Mkl 81
f 5 £

D & n S vaidation
Heraiion
Fraquensy: A
_—
05/ — Otheriomation
— )

Bost ~——  Feorsosm SigeCPU
3 Leaming e scnede:  Gonsam

[

Learing raie: oam

|poch 1 Eppen 2 Epoch 3 Epoch 4 Epoch § Epoen & Eppeh 7 Epoch B Epach § Epoct
5 n s F o w Hisone

Hertion

Fk22 level 6

Fig 8 Performance of various MODWT families with Bi-LSTM

4. Conclusion

To classify HIF and Non-HIF, the best possible
combination of three factors—the level of decomposition,
the mother wavelet, and the wavelet coefficient features—
is studied in this work. The Bi-LSTM classifier obtains
nine extracted statistical features. The approach is most
suited for HIF detection analysis, according to the number
of feature vectors and classification accuracy. The mother
wavelet coif is determined to be the best wavelet family
for classifying HIF based on classification accuracy.
Additionally, selecting the right mother wavelet improves
the performance of current signal analysis when compared
to a random choice on the mother wavelet.
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