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Abstract—Wide-area measurement systems (WAMS) are effi-
cient tools to estimate the fault location in the large-scale power
systems. In this study, a fast and accurate deep learning based
structure is proposed to detect the faulty lines and locate the
fault based on the measured data of WAMS including phasor
measurement units (PMUs). To this end, a modulated gated
recurrent unit deep learning based network named improved
gated recurrent neural network (IGRNN) has been proposed. The
designed network, which has a recurrent neural network-based
structure, benefits from one update gate that can capture sudden
changes in transient voltage and current signals and also enhance
computational efficiency. Furthermore, to enhance robustness of
the designed network under noisy conditions, a new informative-
based loss function is formulated. The proposed loss function
utilizes generalized form of mutual information to enhance
robustness of designed network in presence of Gaussian and non-
Gaussian noises. The numerical results on IEEE 68-bus system
verifies the effectiveness and superiority of the proposed method
considering several operational conditions and comparison by
two combined shallow-based networks and one deep learning
based networks.

Index Terms—Improved gated recurrent neural network, Fault
Location, Gaussian and non-Gaussian Noise, Information Theory,
Loss Function, Transmission Networks

I. INTRODUCTION
A. Motivation and Background

Transmission power lines play a pivotal role in delivering
electrical energy from the generation units to electrical con-
sumers/prosumers in the modern/traditional power systems.
Thus, safe operation of this section of power system is
getting high attention with emergence of new power electrical
technologies and high growth rate of the electrical energy
consumption. To this end, a fault localization technique to
restore large-scale power systems and prevent severe outage,
cascading failures, and even a blackout is an essential tool in
the transmission networks [1]. Since fault usually occurred in
the times of the order of a few milliseconds. Hence, in case
that we cannot accurately detect and locate the fault, we cannot
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prevent the consequences of the fault occurrence. To prevent
this issue, the only way is the monitoring the system all the
time to detect and locate the fault occurrence.

From practical point of view, the techniques for identifying
the fault location are divided into conventional and wide-
area methods. The measurements in the conventional methods
are based on one-end, double end, and multi-end of the
transmission lines. However, the issue is different in a large-
scale power systems, in which at least one measurement
device at the end of each line is needed. The huge problem
in this regard is when a measurment device fails to do its
task accurately that results in mal-operation of fault location
approaches. So, it seems that wide-area measurement systems
(WAMS) can become more efficient in modern power systems.
The emergence of WAMS, in particular phasor measurement
units (PMUs), can help capture the transient behavior of the
power system with high-resolution sampling frequency [2].
Practically, in the wide-are fault location methods [3]-[5],
firstly, the fault line is detected, regardless of whether it is
an approximate location or not, then the exact position of the
fault can be estimated.

The main motivation of this paper is to develop an efficient
wide-area fault location methodology. Accordingly, in the
WAMS based methods, the faulted line is first localized and
then the exact position along the line is determined at a
second stage. In the first stage, a large-class classification
problem should be resolved. The class number is dependent
on the scale of the transmission network. To do so, smart
methods, especially deep neural networks, are recognized as
the potential solutions. Therefore, this paper establishes a data-
driven structure to address this challenge.

From another aspect, one of the main concerns in fault
location methods are related to noises in measured waveforms.
It is widely known that the measurement and process noises
are unavoidable that can adversely affects the fault location
techniques [6]. Based on [1], a majority of noises do not
obey Gaussian noises. Therefore, it is necessary to design a
fault location technique which is robust to Gaussian and non-
Gaussian noises simultaneously. Thus, we motivated to design
a data-driven WAMS based fault location technique the can
locate faults accurately as well as robust against presence of
Gaussian/non-Gaussian noises.
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B. Relevant Literature

Fault locations techniques can be divided into four different
group: traveling wave-based methods, impedance-based meth-
ods, time-domain based methods and data-driven techniques.
In the following, some information regarding each group has
been presented. Based on the presented discussion, one can
easily find out that data-driven schemes can be prefect choices
for this application.

1) Traveling Wave based methods: Traveling wave based
methods utilize the propagated waves during fault occurrence
between two different time intervals [7]. The accuracy in this
group is acceptable, however these methods require to the
ultra-high sampling devices in range of IMHz, which is highly
expensive.

2) Impedance-based methods: In the methods of this group,
the measured voltage and current signals are used to com-
pute impedance or sequence component of impedance be-
fore/during/after fault occurrence in the direct/indirect manner.
Then, the estimated fault impedance or corresponding compo-
nents are used to estimate fault location [8]. Both of syn-
chronous [9] and asynchronous [10] measurement devices are
utilized in the previous studies and therefore, these techniques
are not sensitive to measurement devices. Despite this issue,
the techniques of this group require predefined threshold and a
precise transmission line parameters which make the methods
hard to implement. The major shortcoming can be related to
poor performance under noise conditions that is undesirable
in future power system relaying.

3) Time-domain based methods: The third group is dedi-
cated to time-domain based methods. In these methods, time
variant fault current or voltage have been utilized directly or
indirectly. Then, an optimization distance problem formulates
based on difference between distribution transmission line
model and measured signals. The high computational burden
of the optimization problem for fault location estimation and
high sensitivity to noise and parameter values are the main
drawbacks in this group [11].

4) Data-driven methods: The fourth group is the data-
driven methods. In this group, a learning process is carried
out based on training based on historical data and without
any requirement of predefined threshold and physical model
of the transmission network with high speed performance
[12]. Generally, data-driven methods can be categorized into
two different subcategories, i.e. shallow-based and deep-based
models [13]. The shallow-based models consist of one in-
put, one hidden layer, and one output layer. However, deep
networks include more than two hidden layers. The shallow-
based methods have been widely studied in conventional fault
location techniques in the transmission networks. For instance,
artificial neural network (ANN) [14], support vector machine
(SVM) [15], extreme learning machine (ELM) [16] are the
shallow-based methods which have been considered in for this
application. Due to small parameters hypothesis, the shallow-
based models cannot capture fully the non-stationary and non-
linear signals features in the complex systems such as the
transmission networks [17], [18]. Therefore, the shallow-based
methods can integrate into signal processing techniques such
wavelet transform (WT) [19] or combined shallow network
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such as combination of ANN and SVM [20]. Although the
hybrid methods have been proven effective and well-designed
for fault location task, the additional signal processing tech-
niques cannot be considered as a general solution in this
regard. These signal processing techniques are usually feature
extraction/selection methods which attempts to extract/select
the feature from the raw signal by time-domain/frequency
analysis. Also when external factors such as noise level,
configuration change and etc. affect the fault data, the accuracy
of hybrid methods dramatically decreased [21], [22].

Deep learning is the novel and revolutionary concept in data
science and machine learning. With increasing the hidden lay-
ers in the shallow-based structures, designing new optimization
techniques in the learning process and human progress in the
technologies, deep neural networks have been gained attention
and shows great potential in several applications such as power
transformer protection [12], time series forecasting [23], power
quality assessment [18], wind turbine monitoring [24], etc. In
fault location methods, deep learning based techniques are
utilized for conventional fault location [11] and wide-area
based fault location [25]. One of the attractive advantages
of the deep neural network is their transferability. The deep
neural networks are able to easily be generalized or transferred
to other contexts such as different operating conditions in the
power systems.

Despite all these efforts in the previous investigations,
there are several challenges that still remains unanswered, 1)
requirement to deep based model that can perform accurate as
well as fast, ii) noise robust model, and iii) considering non-
Gaussian noises robustness in the fault location technique.

C. Contributions and Organization

In this paper, application of Recurrent neural networks
(RNN) for estimation of fault location has been discussed.
RNNSs are deep neural networks which benefits from recurrent
connections to provide availability of the hidden layers to
access to the previous and next outputs information. There
are two gated recurrent units, namely long short-term memory
(LSTM) and gated recurrent unit (GRU), which provides the
capability of adjusting information during learning process.
LSTM is a recurrent network with three gates, while GRU is
more efficient with less computational complexity with two
gates including reset and update gates.

In this paper, an improved version of GRU in terms of
accuracy and time computational burden have been proposed
for the faulty line detection and fault location in the trans-
mission networks. To this end, a reset gate from conventional
GRU has been removed. Because in the fault signals inclduing
voltage and current waveform, it is possible that information
in sudden changes remove completely by reset gate and
therefore, GRU performance has been influenced adversely.
Thus, with removing reset gate, the sudden changes in the
transient behavior of currents and voltage signals obtained by
the PMUs in wide-area fault location can be kept in memory
of the network and enhance the learning ability in faulty line
detection and fault location problem. Furthermore, removing
reset gate improves the computational complexity by speeding
up the training and testing process.

Page 2 of 29
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From another viewpoint, noises are huge challenge in the
fault location and power system monitoring problems. To
address this challenge, this paper proposes a new proba-
bilistic loss function based on information theory concept.
The proposed loss function takes advantage from the general
form of the mutual information and then shape a robust loss
function against Gaussian and non-Gaussian noises. As it is
mentioned earlier, a large share of noise signals in the power
systems do not follow Gaussian noises, Thus, the presented
loss function provides the capability for the designed improved
gated recurrent neural network (IGRNN) to be robust to all
types of noises.

So, the contributions of the paper can be briefly summarized
as follows:

o A fast and accurate gated recurrent unit for fault line
detection and fault location in the power transmission
networks

o Formulation of new loss function based on information
theory concept to enhance learning ability

o Design robust deep network that an perform accurately
in presence of Gaussian and non-Gaussian noises

The rest of this paper is organized as follows: Section II
describes the proposed deep learning based network and the
proposed loss function in detail. The numerical results are
analyzed in Section III. Section V concludes the paper.

II. PROPOSED METHOD BASED ON ROBUST AND
ACCELERATED GRU

Each fault location is denoted by a set ¢ with size of z.
The data-driven fault location method attempts to construct
a network O that projects input data X to produce A,
O : X — Al where Al shows the set of all possible
distributions throughout the set of each ¢. Considering S data
points in dataset with size of NV, where /N shows the number of
samples in each S* and depends on sampling frequency of the
PMU units. For the set of St = {Sk}f:p the fault location is
assumed to follow unknown a distribution probability, Px y.
The designed network constructs a Px y that Y conditioning
based on known input dataset, X.

A. Princinple of IGRNN

The proposed method for fault location in the transmission
system consist of only one gate to perform fast and capture
the sudden changes during fault occurrence. By taking rectified
linear unit (ReLU) as the activation function, the update gate
as the only gate of the designed robust RNN-based network
for fault location identification purposes describe as follows:

U?m,L — chLU {fbatch [wuyme] _|_,ruh1i—l} (1)

where ufn ;, shows the update gate for m'" feature map and
L™ layer at time t, functions fR¢LU and fbetch represent
ReLU activation and batch normalization functions, respec-
tively, and parameters w,,, yfn 1> Tu, and hi depict update
gate weight matrices, output of the update gate m!" feature
map and L'" layer at time ¢, recurrent parameter of the update
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gate, and hidden state for m?" feature map and L!" layer at
time ¢, respectively. The hidden state layer h' is defined as:

Wy =(1—ub, ) ®z) +ul, B )

Where © is the element-wise multiplication. The candidate
state is shown by 2% :

Zi _ fReLU {fbatch [whyfn,L} _i_,rhhzfl} (3)

where wy, and r, show the hidden state weight matrices and
recurrent parameter, respectively.

Batch normalization function prevents the internal covari-
ance shift due to learning parameters and distribution of
activation function changes during the training process. Batch
normalization function resolve the shift gradient problem by
extending the weight matrices and can describe as:

L — Mbatch
/2
Obatch + p ot

where p*°d¢, p*hift and p** represent scale, shifting, and stabil-
ity enhancement parameters, while the minibatch mean and
variance are shown by fipaech and Opaeh, respectively. The
scale and shifting parameters are used to restore the network
capacity and remove bias matrices to enhance computational
efficiency and stability of the designed network during the
training process.

To connect all hidden layers of the designed robust deep
network, a fully-connected layer (FCL) has been added as the
last layer of the network in this paper. The m!" feature map
for L*" layer passes through two FCL layers and then final
outputs are produced as:

Ym.1, = wffsigmoid/ Re LU [nym,Lfl] (5)

In the first FCL, the activation function is ReLU activation
function fReMM while sigmoid activation function f51€moid jg
selected for the second FCL and last layer. Besides, the FCL
weight matrices is shown by wy.

fbatch(L) _ pscale ® + pshifl(L) (4)

B. Proposed Loss Function

In the previous studies, the cross-entropy loss (CEL) is the
common loss function of the data-driven methods. However,
CEL is not robust against noises. One reason in this regard
is that CEL is a distance-based method, i.e., the loss is the
distance between the classifier’s outputs and the labels. In
the distance-based loss functions, the noise can significantly
reduce the errors in a large-class classification problem like
the faulty line detection problem. To this end, this paper uses
an information theory-based loss function instead of distance-
based loss function like cross-entropy.

The proposed loss function is developed based on the
information theory, where the Shannon entropy is formulated
for each random variable R as:

R
> PR =r]log P[R =] (6)

r=l

fShcm (R) —

where 59" (R) calculates the uncertainty entailed with the
random variable R. The mutual information (MI), for two
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random variables R; and R, can then be defined based on
the Shannon entropy as:

fM(R1, Ry) =

iy Ry 7
Svi s PRI =11, Ry = r3]log pryoziz=rel, @

Propertyl: Considering three different random variables R,
Ry and R3; with Rj3 being less informative than the former
two, the following holds:

M (R3, Ro) < fMT (R, Ry) (8)

As Rs is the most informative variable amongst all, the
following yields:

M (R, Ry) < fMT(Ry, Ry) 2 A (Ry) 9

The construction of the data-driven network of interest © can
be carried out based on fM![O(X),Y].

Property2: Taking the measurement and process noises in
power systems into consideration, ©(X) should form a set of
Y (fault/non-fault) hinged on the noisy outputs Y and inputs
X. If for VO, @', we have fM1[O(X),Y] > fMT[0'(X),Y],
it is possible that fM/[O(X),Y] > fMT |0/ (X), f/], does
not necessarily hold. Therefore, it is not feasible to implement
the general form of MI in the CM procedure.

In order to deal with such an issue, a generalized MI (GMI)
structure is adopted from [13], which can be defined for the
two unidentical random variables R and Rs:

FEME (Ry, Ry) = [det (Jy, )| (1o

where J,, ,, refers to the matrix form for the joint distribution
of R1 and R,.

Property3: The GMI produces symmetric and non-negative
outputs based on the three different random variables R, Ro
and R3 (with R3 being less informative than Ry) and thus:

FOMI Ry, Ry) = f9MI (Ry, Ry) | det [P ( Ry =3 )1
Ry =R
(11)
On this account, due to the classification issues, the GMI can
be generalized; because:

FEMIO(X), Y] > fEMT [/(X),Y]

& [Me(x), V) > ro o), v 1Y

Therefore, a loss function based on informatics-theory is
constructed as:

flos { PII(X), Y1} = = log { £ (), Y1}

. (13)
— _log Hdet (PJ[h(X),Y])’

The joint distribution function is represented by P (e), with
the size dependent on the class, where ¢ denotes to the size
of each class (fault/non/fault), and therefore the size of P”(e)
would be equal to ¢ X c. In order for the scaling problems of
the P7(e) in its matrix form to be resolved, the logarithmic
function has been employed. At each iteration of the training
process, the raw measurement data from SCADA is sampled
in accordance with the noisy labels <X ks )A/k) Vk=1,--- N

with k£ denoting the number of samples and N referring to
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the total number of samples in one record which depends on
the data sampling frequency. The notation f°“!(e) is used to
denote the output of FGRNN classifier which corresponds to
the probability distribution based on the proposed probabilistic
loss function. The noisy labels, shown by M™ (of size N x 1)
are assigned a value of either zero or one, and defined as:

Mj" = Cly; = ¢ (14)
where Cly; = ¢| is one for y; replaced in class ¢& zero
otherwise.

According to the probabilistic loss function, the output of
the proposed FGRNN is defined as:

f (e, ) :P% Z;v:z Sidran M3 = (15)
N O (X)Clyi =4
It is to note that the robustness of the proposed loss function
to both Gaussian and non-Gaussian noise is assured; because:
Proof: Considering the classifier © equipped with the
proposed loss function, the following yields:

argminfM1 [0 (X"),Y"] = argminfMI[O(X), Y]
c€O ceO (]6)

where X’ and Y respectively denote the noisy input and
output. Thus, the following holds in the training process:

FEMTIO (X)), Y = fOMO(X), Y] +x  (17)

where ~ is a constant value. Subsequently, it can be deduced
that the proposed loss function is not affected by noises
regardless whether of being Gaussian or non-Gaussian.

C. The Procedure of Training

The optimal learning weights of the designed network
is achieved through an iterative based procedure which are
described as follows:

1) Firstly, it is aimed to determine the epoch number,
learning rate and batch size.

2) The IGRNN is pre-trained using CEL function and
generated data pool.

3) Then, a set of batch normalized sample is randomly
picked from the training dataset.

4) The samples of GMI based the proposed loss function
must be evaluated.

5) After that, the weights of learning samples must be
updated.

6) The batch numbers is checked, if all of the previous
samples were evaluated, then go to the next stage,
otherwise go back to stage 3.

7) Finally, the learning weights must be sorted based on the
proposed loss function and then minimum values must
be selected.

Page 4 of 29
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D. Input Data Organization

The input data set for faulty line identification is as follows:

I;
X faulty=line _ “’; vie{l,---,B} (18)
bi
e 1"
L=|1o - 1" | vne{l,.- K} (19
o
o' e
0; = (921 ggK ,vne{l, - K} (20)
976: o gaK
va' ooy
Vi=| vt . vt | Vne{l,--- K} 2D
vehoopet
b e o
oi=| oh e |sme{l Ky @)
on e oy

where V!, 6}, I}, and ¢} are respectively show the normalized
values of voltage magnitude, voltage angle, current magni-
tude, and current angle. The bus numbers are depicted by

Vie{l,--- , B}, where B is the total number of buses, while

Table. I. The hyperparameter of designed robust IGRNN

Layer Number of filters  Size of filter ~ Activation function

IGRNN 512 2%] ReLU

IGRNN 256 2%] ReLU

IGRNN 128 2%] ReLU
FCL 256 - ReLU
FCL 64 - ReLU
FCL 10 - Sigmoid

GPS-Satellite -

x @ @
Area 1l Area 2 cee AreaN-1| | Area N

Centralized
Control System

NO

' Fault Detection
p and faulty line?
+"" | based Faulty line

Robust IGRU-
Detection

Relay
Fig. 1. The schematic of faulty line and fault location proposed
method
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the number of samples in half-cycle of data is shown by
n € {l,---, K}, where K is the total number of samples.

For the faulty line, X fultlocation  — 7. 9. V2 ], where [
shows the number of faulty lines.

E. The Designed Deep-Network

The structure of the designed robust IGRNN consists of
three IGRU layers and three FCLs. The proposed method is
designed in three major steps as:

o Stepl: The input data is normalized.

o Step2: the input is fed into three IGRNs with 512, 256
and 128 units, respectively. In each layer, the kernel size
and stride are considered two and one, respectively. Then,
a batch normalization is uses to improve the performance
as well as computational efficiency.

o Step3: The output of third fast and robust GRU layers
is fed into three FCNs. The first FCN is composed of
256 neurons with ReLU activation function. The outputs
of the first FCN are dropped out by dropout technique
with 20% probability. The dropout technique is used to
regularize and prevent over-fitting throughout the learning
process. The second and third FCNs consist of 64 with
ReLU and 10 neurons with sigmoid activation function,
respectively.

Table I shows the hyperparameter optimization results.
The number of the layers, neurons, and dropout values is
determined based on hyperparameter optimization. To this end,
this paper adopts the hyperparameter optimization technique,
namely root mean square propagation (RMSProp) [26]. Fur-
thermore, the proposed probabilistic loss function is consid-
ered as a loss function and optimal learning weight is obtained
by Adam algorithm. Figure 1 shows schematic of the proposed
faulty line detection/fault location method. As can be seen
from this figure, firstly the input data is fed into a faulty
line detection block. In this unit, the faulty line and normal
condition is discriminated. Then, the fault location block is
applied on the faulty line to estimate the exact location of the
fault. Furthermore, the proposed probabilistic loss function is
optimized by the Adam algorithm [17]. Finally, the estimated
fault location is sent to the advanced relay using commu-
nication infrastructure, namely synchronous optical network
(SONET) standard architecture, which is specially designed
for WAMS relaying. The technical details are provided in [27].

III. NUMERICAL RESULTS

This section discuss the results obtained by the proposed
method and verifies the superiority of the proposed method
through a comparison with several methods. For the sake of
the comparison, the following methods have been simulated:

1) A combination of SVM and wavelet transform [19]
2) A combination of ANN and SVM [20]
3) Conventional CNN [25]

As mentioned earlier, noise plays a pivotal role in the power
systems relaying. So, three types of noises have been consid-
ered in this paper, i.e. Gaussian noise, Gaussian mixture noise
and Laplace noise with Chi-square distribution and 2 freedom
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degree. As an example, Fig. 1 shows the raw fault signal, three
types of noises and one noisy signal with Laplace noise.

To evaluate the performance of the fault location methods
in this paper, 10 different lines have been selected including
lines number 2, 14, 18, 26, 34, 46, 57, 63, 75, 82, and normal
operating conditions. It is worthwhile to note that limited
number of PMUs are required for the proposed methodology.
The PMUs location have been determined based on full
observability considering contingencies. Thus, there is no need
to relocate them.

The dataset is generated in MATLAB software and further
process in python in a computer system with a GeForce GTX
1080 TI GPU and 32 GB memory.

A. Generated Dataset

To evaluate the presented method comprehensively, a stan-
dard case study, IEEE-68 bus system, have been considered in
this paper. This network consists of 86 lines and 16 generators
[28]. To mimic the system behavior in realistic conditions,
the power system toolbox (PST) has been utilized [29]. The
phasor values for voltage and current are assumed to be
measured by PMU units in buses 2, 6, 9-11, 14,17, 19-20,
22-23, 25, 29, 31-33, 36-38, 41-42, 45, 48, and 52 to provide
full observability conditions [30]. It is worthwhile to note that
the sampling frequency is 112 samples per cycle. The fault
dataset is generated based on different fault resistance values,
multi fault types, several fault inception time, fault locations.
Besides, data for normal conditions have been generated based
on stochastic characteristics of electrical loads, which follows
the Gaussian distribution function (mean = nominal values,
standard deviation = 10% of mean values) [31]. The detail
of generated dataset is given in Table II. Overall, 44000 data
sample have been generated including 1000 normal operation
and 43000 fault conditions.

x10°

[

Normal Fault current

Current (A)
=

) 200 400 600 800 1000
samples

T
- Gausaain Noise
Laplace Noise

s ohli| — — — - Gaussain Mixture

Current (A)

0 200 400 600 800 1000

Noisy current

Current (A)
\ >

)
T

0 200 400 600 800 1000
samples

Fig. 2. Example of raw signal, three types of noises, and noisy
current with Laplace noise

6

Table. II. Generated dataset description
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Attributes Description

LG, LL, LLG, LLL
0.01,0.03,0.05, 0.07, 0.1
0, 36, 72, 108, 144, 180
0, 10, 20, 30, 40, 50, 60, 70, 80, 100
Gaussian distribution (mean = nominal values,
standard deviation = 10% of mean values)

Fault type
Fault resistance (p.u)
Fault inception (degree)
Fault location (%)
Normal operation

To examine the different methods, 70% of data has been
considered for the training process, while 30% of data is
considered for the testing process.

B. Results Discussion: Faulty line Detection

To examine the proposed and other methods in faulty line
detection conditions, three metrics based on confusion matrix
has been utilized. The confusion matrix involves four main
member ie. true positive (TP), true negative (TN), false
positive (FP), and false negative (FN). Based on the output
confusion matrix, the accuracy (Acc) has considered as a
metric to represent the accuracy of the methods, and also
specificity (Spe) and predictivity (Ppr) have considered as the
measures to show the reliability of the faulty line detection
methods. The specificity shows rate of the correct detected
faulty lines, while the predictivity represents correct detection
of wrong faulty lines. As much as the metrics are near to
100%, the level of accuracy and reliability would be higher.
The metrics are given as:

TP+ TN

A= b T FP I TN T TN 23)
TN
5P = Fp T TN 24
TP
Ppr—=——" 2
Pr=TrprTP 25

In the fault line detection, the problem has considered as a
large multi-class classification problem. Thus, a complicated
classification problem need to be handled by the proposed
method. The results have been discussed under three different
types of noises: i) Gaussian, ii) Gaussian mixture, and iii)
Laplacian. Furthermore, three different metrics which are
discribed in (23)-(25) is considered for the evaluation of the
method. Since the IEEE-68 bus includes 86 lines, a one
normal class is also considered. So in this regard, 87-class
classification problem must be handled. It is not reasonable
that the results for all 87 classes described in the paper. To
provide comprehensive results as best as possible, the results
of 9 faulty line and one normal condition has been addressed.

Figure 3 shows the accuracy metric and corresponding reli-
ability metrics results on 9 faulty lines and normal conditions
considering only Gaussian noises. From this Fig, it is obvious
that the proposed robust recurrent-network based faulty line
identification is far more accurate and reliable than CNN,
ANN+SVM, and WT+SVM based methods. For instance, the
accuracy obtained by the proposed robust deep network is
higher than 98%, while the accuracy obtained by the CNN-
based method is about 90% in faulty line detection. The
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42 .
43 accuracy of the ANN+SVM and WT+SVM is not acceptable
44 in presence of Gaussian noises (under 80%).
45 As mentioned before, one of the achievement of the pro-
46 posed method is robustness in presence of non-Gaussian
47 noises. To demonstrate this issue, Figs 4 and 5 compares the
48 performance of the proposed robust and fast deep network
49 with CNN, ANN+SVM, and WT+SVM in terms of accuracy
50 and reliability. The superiority of the proposed method and
51 capability to perform accurately in presence of non-Gaussian
52 noises (Gaussian mixture and Laplacian noises) is clear from
53 Figs 4 and 5.
54
55
56 C. Results Discussion: Fault Location
57
58 To evaluate the performance of the fault location methods
59 in this paper, 10 different lines have been selected including
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where L7: and L{¢ represent the estimated fault location and
the actual fault location.

As we mentioned before, three types of noises have been
considered in this paper to show the robustness of the designed
deep learning based methods. Firstly, the performance of the
proposed method under Gaussian noise have been tested and
showed in Fig 6. As can be seen from this, the maximum
error values of the proposed GRU-based fault location are
significantly lower than other methods, while the max-error of
shallow based methods are higher than 10% and CNN-based
fault location is higher than 5%, the maximum error of the
proposed method in fault location in all selected 10 lines are
lower than 2% under high noise conditions.

Similar results can also be observed in presence of Gaussian
mixture noises and Laplace noise as non-Gaussian noise,
which are shown in Figs 6, 7 and 8, respectively. Based on
Figs 6, 7 and 8, the maximum error of the proposed method
is significantly lower, at least 4% lower, in all selected lines.

To analysis the severity of non-Gaussian noises on the
proposed method performance. To this end, four combination
of Gaussian mixture model have been considered, as:

e GM;: G1 = 45dB, G2 = 45dB, G3 = 45dB.

o GMy: Gy = 35dB, G2 = 45dB, G5 = 45dB.

. GM3 G1 = 25dB, G2 == 45dB, G3 = 45dB.

° GM4Z Gl = 25dB, Gl = 35dB, Gg = 45dB.

The results which are related to line #18 are demonstrated
in Fig. 9. This figure verifies the high level of accuracy of
the proposed methodology in presence of different type pf
Gaussian mixture noises.

D. Sensitivity Analysis

The proposed method is also tested on the different condi-
tions in this subsection of the paper. The results of sensitivity
analysis on different fault resistance, fault type, and different
Gaussian noise values are conducted and the results are given.

Firstly, the results of the different methods on faulty line
classification is given in Fig 10. As can be seen, the proposed
method is superior than other methods in 13 different condi-
tions (5 different values for fault resistance, four type of faults,
and 4 different values for SNR). As an example, in faulty line
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detection, when Ry is 0.01 p.u, the accuracy of the robust fast
GRU-based method is higher than 98%, while the accuracy of
CNN, ANN+SVM, and WT+SVM is respectively lower than
90%, 80%, and 75%.

The proposed method is also tested on the different condi-
tions in this subsection of the paper. The results of sensitivity
analysis on different fault resistance, fault type, and different
Gaussian noise values are conducted and the results are given
in Fig 11. Based on Fig 11, it is obvious that the proposed
method is superior to other methods in all conditions. In
different fault resistance, the maximum error in fault location
estimation obtained by the proposed method is lower than
1.53% in , while in this condition the maximum error obtained
by CNN, ANN+SVM, and WT+SVM are 8.36%, 16.05%, and
18.02%, respectively. Similar results can also be observed in
different fault types and different noise level (noise assumed
obey Gaussian distribution function). In different noise levels,
the accuracy of the proposed method is kept almost the same
in all conditions, while in the other methods experienced a
significant rise.

E. Computational Efficiency

The iterative training process to find the learning weight
is carried out in an offline manner, while the performance
time is concerned with the test time. To evaluate the perfor-
mance time, the methods have been assessed about 300 times.
Then, the minimum, mean, and maximum values obtained
regarding the test time are obtained for the proposed method
and other methods and the results are depicted in Table III.
Accordingly, the ANN+SVM is the fastest method, while the
accuracy and reliability of this method are not acceptable.
Although the proposed method has higher performance time
than ANN+SVM, the reliability and accuracy of the proposed
technique show its effectiveness and superiority. In comparison
with deep methods, the proposed method is almost four times
faster than CNN.

F. Topology Change Impact

This subsection evaluates the performance of the proposed
method under different topologies of the IEEE-68 bus system.
The different topology variation has been considered in this
case, is depicted in Table IV. In terms of accuracy, the faulty
line detection performance is compared in different cases
obtained by different methods. The results are reported in
Table V that clearly validate the transferability of the designed
network in faulty line detection of large power systems.

G. Further Results for 145 Bus System

To verify the proposed method application in the large-scale
power systems, it is beneficial to test the proposed method on
the large-scale transmission networks. To this end, we tested
the proposed methodology on the larger system. To this end,
a data of the 145-bus system includes 48-generator and 232
lines. In the beginning, large-scale dataset based on 4 different
fault type, 4 different values for fault resistance, and 4 different
values for fault location at each line, 4 different values for fault
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Table. III. Computational efficiency performance

Method Min (ms) Mean (ms) Max (ms)
PM 2.48 2.64 2.94
CNN 9.72 13.11 15.76
ANN+SVM 1.91 2.06 2.14
WT+SVM 2.98 3.12 5.82

Table. IV. Different Scenarios for Topology change assessment

Case  Disconnection Connection
#1 L:1-27 L: 1-20
#2 L: 36-48 L: 40-46
#3 G:3 L:4-47, G:47
#4 G:3 L: 10-37, G:12

Table. V. Accuracy of the methods in different topologies

Case PM CNN ANN+SVM  WT+SVM

#1 98.75 91.72 78.75 77.82
#2 99.12  89.46 79.72 78.94
#3 98.72  90.14 71.52 76.52
#4 98.12  90.52 76.52 72.42

Table. VI. Accuracy of the methods in 145-bus system

Line PM CNN  ANN+SVM  WT+SVM

#1 96.25  85.23 73.19 62.53
#2 96.17 84.14 70.72 68.94
#3 96.24  88.20 73.19 66.52
#4 96.25  85.23 69.85 62.42

inception, and 1608 normal samples composes 61000 different
time-varying samples. The Laplacian noises are added to the
raw samples. The results are evaluated for four different lines
in this network randomly selected to evaluate the results. The
results are reported in Table VI which validate performance
of the designed network in faulty line detection in the 145-bus
power systems as a large-scale power network.

IV. CONCLUSION AND FUTURE WORKS

In this study, the one gated recurrent neural networks,
namely IGRNN is proposed for fault location in the trans-
mission networks. The proposed method only utilizes update
gate in order to capture sudden changes in transient voltage
and current signals during half-cycle of fault occurrence.
On one hand, using one gate enhance the computational
efficiency of the proposed method. On the other hand, to
enhance the robustness of the proposed method, a new loss
function based on general form of mutual information as an
informative theory based concept is developed. The proposed
loss function improves the method performance in presence
of Gaussian/non-Gaussian noises. The suggested technique
efficiency and superiority have verified through sensitivity
analysis on different conditions and comparisons with other
methods.

Future works of the current study can be summarized as
follows:

o The investigations of the proposed method reveal that it
would be worthwhile to do the experiments on real scale
power equipment or test it on real-time digital simulators.

e The proposed data-driven method is explored under full
observability conditions. However, PMUs data interrup-
tion by bad data, outliers, communication delay, or even
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cyber-physical attacks is a possibility, which requires
further investigations. In future work, it is planned to
design the supplementary material to detect and rectify
the abovementioned challenges.

A controlled islanding strategy is crucial to accommodate
the risks brought by uncontrolled one. A controlled
islanding is the last resort to determine the splitting points
of an interconnected power system before occurring a
critical transition. Despite the importance of the con-
trolled islanding, it requires further investigations.
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