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Abstract

Fault detection, diagnosis, identification and location are crucial to improve the sensitivity and reliability of system
protection. This maintains power systems continuous proper operation; however, it is challenging in large-scale
multi-machine power systems. This paper introduces three novel Deep Learning (DL) classification and regression
models based on Deep Recurrent Neural Networks (DRNN) for Fault Region Identification (FRI), Fault Type
Classification (FTC), and Fault Location Prediction (FLP).. These novel models explore full transient data from
pre- and post-fault cycles to make reliable decisions; whereas current and voltage signals are measured through
Phasor Measurement Units (PMUs) at different terminals and used as input features to the DRNN models.
Sequential Deep Learning (SDL) is employed herein through Long Short-Term Memory (LSTM) to model
spatiotemporal sequences of high-dimensional multivariate features to achieve accurate classification and
prediction results. The proposed algorithms were tested in a Two-Area Four-Machine Power System. Training and
testing data are collected during transmission lines faults of different types introduced at various locations in
different regions. The presented algorithms achieved superior detection, classification and location performance
with high accuracy and robustness compared to contemporary techniques.
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1. Introduction

Modern power systems exhibit very fast increase in both size with the integration of renewable energy resources
and complexity of generation, transmission and distribution parts to meet the increasing demand of energy [1]
and guarantee continuous delivering of energy. However, faults occur frequently and they are inevitable due to
various random causes; this severely impacts the performance of power systems, interrupts the delivery of energy
[2], and degrades the system health as well as efficiency and reliability. Therefore, the main goal today is the
successful earliest detection of these faults to eliminate them rapidly which enables maintenance of faulted
element; it also reduces the downtime via recovering the system main function in a minimum time and keeps the
components reliabilities closer to initial ones. Efficient protection and maintenance schemes are required to meet
this goal of mitigating these faults and restoring proper system operation [3]. One kind of these faults is electrical
short-circuit faults that may occur in generation, transmission, or distribution systems; particularly, faults occur
at generators, transformers, insulations, HVDC converter, feeder bus, underground cables and transmission lines.
Electrical short-circuit faults have negative effects on power system operation and they cause the loss of its main
function [2]. It was mentioned in [4] that most of the faults in power system transmission part occur on
transmission lines. Short-circuit faults are common in transmission lines and considered as the worst type of
faults which cause high risks on the lines such as reducing components remaining useful lifetime, increasing the
power loss and the heat at cables, and damage the insulators [5]. Various types of short-circuit faults are
encountered during daily operation and mainly classified into symmetrical and unsymmetrical faults. The
symmetrical or balanced faults, which keep the system balanced, consist of triple line to ground (LLLG), and
triple line (LLL) faults, and have a small occurrence probability of but they are the most severe type of short-
circuit faults due to their big effect and damage to system equipment. The asymmetrical or unbalanced faults
that make the power system unbalanced during the fault consist of double line to ground (LLG), line to ground
(LG), and line-to-line (LL) faults. Even though they are less severe compared to the balanced ones, they have a
greater occurrence probability of 0.80 due to single line to ground faults [6].

The fault impact on the system depends on its type, location, and duration thereby faster and reliable detection,
identification, and localization of faults greatly improve the protection and maintenance strategies of the system
[3], [4] and aid in maintaining power systems quality and quantity performance [7]. During short-circuit faults,
the amplitude, phase, and frequency of signals in the system such as voltages, currents, and rotor angles will
undergo transient variations based on the fault type and location. Their temporal patterns provide a set of
covariate features to be extracted from the signals to distinguish among them and other disturbances.

Owing to the development of wide area measurement systems (WAMs) due to the emergence of PMUs, massive
data becomes available which allow the application of data-driven approaches to become more widespread in
power systems such as in [8], [9]. Modern power systems are becoming digital and data-rich; many variables
can be measured at various terminals using PMUs such as current, voltage, and frequency and are available as
inputs to intelligent techniques for detection and classification. Furthermore, with PMUs emergence, recent
works aim to address the problem of fault detection, diagnosis, and location in transmission lines through
measurements of variables at different points in the power system. [10] presented a simple method for fault
detection and location based on the concept of post-fault change in the injected current at various buses. Thus,
in case of no fault at the power system, the change in injected current at all buses is equal to zero where in case
of a fault at transmission line, the change of injected currents at the two buses in transmission lines ends is far
from zero. In [11], the authors proposed a method based on the pilot impedance for transmission lines fault
detection to improve the sensitivity and reliability of the protection by defining the fault components of positive,
negative and zero sequence currents and voltages. Authors in [12] introduced a method for transmission lines
fault identification and location based on three-phase estimation framework considering measurement chain error
model, the method is suitable for both symmetrical and unsymmetrical networks. However, the limitation of
these methods is due to ignoring the transient performance where fault detection and location are mainly
explained from a single timestamp measurement rather than explaining faults by their full transient multivariate
patterns.

Recently machine learning techniques gain more interest with the advent of WAMs and big data availability
[13]. Authors in [14] suggested Fuzzy-Neuro method to detect and classify faults at transmission lines. In the
proposed Fuzzy-Neuro method, current and voltage samples have been used as inputs and harmonics were
removed via Fast Fourier Transform (FFT) through back propagation with fuzzy controllers; the method has
been tested on 220 kV, 177.4 km, 50 Hz transmission line and particularly single line to ground faults and double



line to ground fault. Similarly, In [15], Discrete Wavelet Transforms (DWT) and Artificial Neural Networks
(ANNs) were used for fault detection and identification in a single transmission line with limitations of
unsuccessful voltage sags detection and classification of single line to ground faults. Authors in [16] showed that
the results for fault detection and classification can be improved using a DWT and self-organized ANN to
decompose the signal into three levels and 3960 fault cases were taken for training and validation. A Bayesian
classifier and adaptive wavelet method for fault detection and identification has been proposed in [17]. The main
shortcoming for the previous approaches is their limitation to single transmission line fault detection and
classification.

Conventional machine learning techniques are limited to modelling single sample of features to classification
and regression. Advanced deep learning techniques have the advantage of modelling both spatial and temporal
relationships in multidimensional features observed sequentially in time. These techniques include Recurrent
Neural Network (RNN) and particularly Long Short-Term Memory (LSTM), Stacked Auto Encoder (SAE) and
Convolutional Neural Networks (CNNs). Through image processing, authors in [18] showed a great performance
of applying the deep CNN method based on faster Region-CNNs5s for fault detection and classification of high-
voltage line by locating the broken insulators and bird nests based on image features. In [19], authors showed
another deep learning method for fault classification based on deep belief neural networks (DBNs) in
underground cable distribution system by extracting features from the fault signal and classifying them into
various categories. [20] showed that results can be improved for fault line selection using adaptive CNNs applied
for distribution network with satisfactory classification performance. Another deep learning algorithm used for
fault detection and classification of transmission lines based on convolutional SAEs was introduced in [21] by
considering many conditions including noise and measurement errors. Authors in [22] showed the performance
of a deep learning method for three-phase fault detection and classification in transmission lines based on multi-
layer Perceptron DNN with wavelet transform.

RNN and particularly LSTM show a great efficiency in feature sequence extraction and data classification in
many applications. The advantage of recurrent networks is that they can handle sequences of data where a long
pattern of multidimensional features is modelled to classify a particular example in its correct class or mapping
the full sequence into a predicted scalar in regression problems. LSTM was proved useful in [23] for automatic
feature extraction for photovoltaic array fault diagnosis with high accuracy. [24] proved the superiority of LSTM
for fault diagnosis in wind turbines from multivariate time series. In [25], LSTM have been used for sequential
fault diagnosis in Tennessee Eastman chemical process. [26] Used LSTM for railway track circuit fault diagnosis.
In [27], the authors presented a mixed building of CNN with LSTM trained to predict the fault location distance
in a 2-bus single line test system of 220 km length with single-ended voltage and current measurements, this
method proved to be superior in classifying transmission line faults compared with other schemes. Authors in
[28] presented a combination of LSTM with calibration training filter for transmission lines fault classification,
the method was tested on 2-bus single line test system of 300 km length. Authors in [29] presented a wavelet
technique with artificial neural networks to detect, classify and locate different types of faults in transmission
line of 300 km length, the technique showed a great performance in terms of average error and percentage
maximum error of the fault prediction. [30] presented a support vector machine technique with wavelet transform
for features extraction to classify and locate short-circuit faults in transmission lines. This technique has been
tested on single line, 69 kV, 29.4 km length. Authors in [31] presented a transmission line fault classification
based on support vector machine (SVM) with different trained types models. The method has been tested on a
single 400-kV, 50-Hz, 300 km transmission line and it achieved a superior fault classification. However, these
methods presented in [27], [28] and [29] have been accomplished in a two-bus, single-line power systems. Large-
scale multi-machine power systems are more general and more complex and require the completion of three
LSTM novel models, to identify the defective region, classifying the type of the fault and to find the distance of
the fault location in that faulted region. Beside the fact that LSTM is assumption-free algorithm that easily
handles complex nonlinear dynamics in higher-dimensional noisy space. LSTM is also a powerful machine
learning tool that has a remarkable advantage compared to classical neural network structures since it captures
all important information in both features and time directions coordinately. It captures long-term dependencies
in addition to the standard parallel dependencies between input features. It is used to extract the maximum
information from the full transient period using high-dimensional input features. To the authors’ knowledge,
LSTM sequential deep learning was not investigated before for transmission line fault detection, diagnosis, and
location in large-scale multi-machine power systems. Also, both FRI and FTC models were not reported in
previous works in large-scale multi-machine power systems and this paper is the first paper which addresses
these models and provides information on the accuracy of both faulted region identification and fault type
classification. This work presents novel algorithms to determine the fault region, diagnose the fault, and



determine its precise location after the fault is detected. Observing and modelling the full sequence, which
represents the entire transient phase, which reflects the unique system response for a fault, grants the presented
algorithms an increased accuracy and robustness.

The input feature space spans thousands of training and validation examples each includes a long sequence of
high-dimensional vector using amplitude and phase of 3-phase voltage and current signals measure at different
locations as shown in figure 1. This work presents three novel models, the first model is a deep LSTM classifier
to detect a fault and identify the faulty region. For each region, a deep LSTM classifier is constructed to classify
the faults based on their type and it is used for fault diagnosis in that region. The third deep LSTM regression
model is used to determine the exact distance at which the fault occurred within the region.
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Figure 1: An overview of the presented classification and regression methods.

The rest of this article is organized as follows, section 2 provides a review of RNN and particularly LSTM
methods for time series sequence classification and regression; Section 3 then describes the benchmark system
used for validation in this work, data collection and faults experiments; The proposed transmission line fault
detection, diagnosis, and location methods are presented and described in Section 4; the obtained results are
presented and discussed in Section 5; and important conclusions are finally drawn in Section 6.

2. Overview on LSTM Cell-Based Sequence Processing

The recurrent neural network (RNN) is a type of deep neural networks (DNNss). It is a developed and an advanced
version of artificial neural networks (ANNs) [23]. RNN is based sequence model that can learn and extract
features directly from inputs in time series domain and it can be used in a vast range of applications where inputs
are in time series sequence. It is used herein for fault diagnosis in transmission lines where the measured current
and voltage data at the end of transmission lines are time series sequences. However, RNN has some
disadvantages due to gradient evanescence and it has a limited capability to learn long-term temporal correlations
because of the exponentially fast decreasing gradient norm toward zero and due to blast problems. To overcome



the vanishing gradient problem [32], LSTM neural network has been proposed. A single LSTM cell consists of
an input gate (i), output gate (0), forget gate (f) and the cell candidate (c) as shown in figure 7. Each gate has
an activation function with two weighted inputs; the previous hidden state h,_; of the LSTM cell is weighted by
arecurrent weight RW and the current input X, is weighted by an input weight /W where forget, input and output
gates have a sigmoid activation function and the cell candidate gate has a tangent hyperbolic function (TanH)
with biases b. LSTM cell has two outputs; the memory cell state C; and the hidden state h,.

The output gates values [23] at time t are computed as follows:

ip = Sigmoid(IW; X X, + RW; X h._, + b;) (1)
fe = Sigmoid(IW; X X, + RW; X hy_; + by) 2)
0; = Sigmoid(IW, X X, + RW, X h._ + b,) 3)
c; = TanH(IW, X X, + RW, X hy_1 + b)) “4)

Where: X, is the input feature at the timestamp t, h;_, is the previous hidden state, RW and IW and b are the
recurrent weights, input weights and biases respectively.

The activation function is a smooth nonlinear function that defines the output of the neuron given an input or a
set of inputs. Hyperbolic Tangent (TanH) and sigmoid functions are activation functions used for LSTM structure

and they are defined in table 1 as follows:

Table.1: Activation functions description

The activation function The formula
Sigmoid . .
S d =
igmoid(x) =
TanH eXx—e™*
Tanh =—
anh(x) e*+ e™*

The memory cell state ¢; and the LSTM hidden state h; are updated as follows:
€ =1 ®f + i ® (5)
h; = 0,®TanH (c;) (6)

Where: c;_; represents the previous memory cell state value. The operation X is matrix vector multiplication
and the operation ® is the Hadamard (Element-Wise) product.

3. System and Faulty Scenarios Description for Data Collection

The Two-Area Four-Machine system is used as a case study in this work. The system is publicly available in
MATLAB and it is a well-known benchmark that has been used widely in conducting power system studies and
it has been detailed in [33]. It consists of two fully symmetrical areas linked together by two transmission lines
of 220 km length as shown in figure 2. The synchronous generators are represented by their detailed models. The
system parameters can be found in [33]. For the analysis of detection, classification, and localization of short-
circuit faults, this system is composed of 6 different regions (region from bus 5 to bus 6, region from bus 6 to
bus 7, region from bus 7 to bus 8, region from bus 8 to bus 9, region from bus 9 to bus 10 and region from bus 10
to bus 11) in which any fault type can occur at different locations.
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Figure 2: Single Line Diagram of Four-Machine Two-Area Test Power System.

The leading important task in machine learning is creating a data set of sufficient and good-quality training data.
This should ensure maximum information coverage with minimum redundancy [34], [35]. Moreover, it is
important that the collected training data are both informative and representative [34]. The current and voltage
patterns are selected as inputs directly measured via PMUs whereas other variables such as rotor speed angles
and rotor speed deviations are estimated. Moreover, short-circuit faults directly affect the currents and voltages
at system buses. Hence, the magnitudes and phases of voltages and currents at the system buses are used as inputs
for the following LSTM models, except for generator buses 1, 2, 3, and 4 since these buses are connected to
adjacent buses through step up transforms. Those inputs can be obtained from PMUs measurements in real time
as well as simulations. Faults occur on the transmission lines even though faults can occur on other components
such as transformers, generators, incipient short-circuit faults at underground cables in the distribution network
or other equipment faults. However, this work focuses on short-circuit faults on transmission lines. For the offline
training of LTSM, a comprehensive data set is constructed to test the LSTM-based models by simulating 10
types of short-circuit faults {AB, AC, BC, ABG, ACG, BCG, AG, BG, CG and ABC}. These faults are classified
as line to ground (LG), line to line (LL), line to line to ground faults (LLG), and line to line-to-line faults (LLL),
only LLL fault is symmetrical and the remaining are asymmetrical faults as shown in figure 3. Where A, B, C,
and G stand for Phase A, Phase B, phase C, and ground respectively. These short-circuit faults considered are
simulated using Simcape toolbox in Simulink environment in a publicly available test system presented in [33].

short — circuit faults

Asymmetrical faults symmetrical faults
LG fault LL fault LLG fault LLL fault LLLG fault
AG| BG| CG AB| BC||AC| ABG| BCG| ACG ABC ABCG

Figure 3: Short circuit fault types classification

The simulation duration is set to 10 s and that value is considered since it is long enough to ensure most
symptoms of the faults are manifested without system loss of synchronism. The various faults were introduced
after t = 1 s of normal operation. The criteria adopted in this work for loss of synchronism are whenever the
difference between the rotor angles of any two generators exceeds 180°. All generated voltages and currents
signals are sampled every 1/60 s over 601 timestamps. Each signal has two features; phase and magnitude time
series with time intervals of 0.016 s. Hence for each region / (/=1,2, ...,6) at timestamp ¢, four input features are
sent to the LTSM that are; the current angles 8, (¢;);, the current magnitude I, (¢;)¢, voltages angle 8y, (¢;),
and the voltage magnitude V,(¢;),, in different phases ¢;, i = 1,2,3, and at buses n = {5,6,7,8,9,10,11}. In total,
the system is monitored through a set of m = 84 covariate features in m-dimensional data matrix. Each region
is subject to a set of faults of different fault types at different locations, and the generated training data are stored
as multi-dimensional array of X € R™*" of m = 84 features of n = 601 samples for each experimental scenario;



the full array represent only a single training example in this framework. A total of N = Ny X DR, scenarios are
conducted at each region to generate N different examples from Ny =11 fault-free and 10 various faults at DR,
various distances for the [*" region [ € {1,2,3,4,5,6}. A key point is the incremental distances of faults. In this
work, we consider a 0.8 km to 5 km incremental distance depending on the line length. As these distances were
practically chosen to minimize the time required for maintenance. Naturally, large selected distance intervals in
training process will result in obtaining large intervals of predicted distances that will negatively affect the
maintenance strategy, as the workforce will search for the location of the fault over large distance after
determining the faulty region and the type of the fault. This will increase the time required for maintenance that
should be minimum. Conversely, selecting very short distances in the training process will greatly complicate
the proposed models in which the number of examples will increase. This will affect the proposed models whose
practical implementation would be very expensive due to the increase in the number of neurons. Moreover, the
large number of examples will lead to increased learning time and stressful computations due to the complexity
of these proposed models. More details about the fault distance increment and the number of locations are

presented in table 2 and figure 4. The training data is hence of dimension R™™*Nf*PRi,

Table.2: Training data description

Region R5.5 R5.7 R7.g Rg.g R‘)»IO R10.11 No fault
(l=1 (=2 (=3 (=4 (1=5) (1=6)

Fault distance increment (km) 1 1 5 5 1 1 -

Number of locations DR, 24 9 21 21 9 24 -

Number of examples 240 90 210 210 90 240 1

To ensure the effectiveness of the proposed models and avoid overfitting, separate testing data are generated
with the parameters indicated in table 3 to obtain a new set of examples — different and independent from the
training data — to fairly test the models. Notice also that the testing data includes a number of 1481 examples
larger than the training data set of 1081 examples; moreover, the testing data includes scenarios at new distances
which are unseen for the training stage.

Table.3: Testing data description

Region Rs6 R Ryg Rsgo Ro.10 Rio-11 No fault
(=1 (=2 (d=3) (=49 (=5 (1=6)

Fault distance increment (km) 0.8 0.8 3.5 3.5 0.8 0.8 -

Number of locations DR, 31 12 31 31 12 31 -

Number of examples 310 120 310 310 120 310 1
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Figure 4: Data structure for one fault type at one region along all locations

The training data will be used to train three models: two LSTM classification models for faulted region
identification and fault type diagnosis besides an LSTM regression model for fault location (distance) prediction.
The data are then first pre-processed before being fed into the inputs of each of the three LSTM models, since
each LSTM model needs a specific interval and sampling of the data to produce its output as described in detail
in figure 5. For faulted region detection, the training data have been down sampled to a rate of 1/3 and the
sequence starts from the 55" timestamp and increments by 3 timestamps until the 601% timestamp. Each fault
type in each region at each distance has its data of voltage and current angles and magnitudes at all the different
7 buses and all the different 3 phases and that gives (7 X 3 X 4) = 84 features for region classification. Each
feature has 183 different timestamps. The dimension of data for one fault at one distance in each region isR™t*™1,
Then the dimension of all the data at each region is R™1*"*N/*PR where m; = 84,n; = 183 andN; x DR, =
1081. The motivation behind the down sampling is that the high frequency data is not necessary for faulted
region identification. For fault type classification, the data have been extracted from the full resolution of 601
timestamps starting from 60% to the 100" timestamp and the length of the data is n, = 41 timestamps. The fault
classification is challenging and hence the full resolution is required for the LSTM models to extract information;
however, the total sequence length is unnecessary for this task and only the first 41 samples are used. After
identifying the faulted region, the classification input feature space now spans the difference in voltage

angles A[an'n " ((pi)t], current angles A[G,n'n " ((pi)t], voltage magnitudes A [Vn‘nﬂ(qoi)t], and current
magnitudes A[Inynﬂ((pl-)t] between two successive buses n and n + 1 at the identified phase ¢; for line i at

timestamp t. That gives m, = 3 X 4 = 12 features for fault type classification. Then the size of all the data at
each region is R™2*"2XNsxDRy
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Figure 5: The real-time response of the proposed LSTM models.

For fault location, the training data have been down sampled to a rate of 1/3 and the sequence starts from the 80"
timestamp and increments by 3 timestamps until the 601 timestamp and the length of the data is n; = 174. The
fault location feature space include full sequence length with down sampling, the input feature space is similar
to the fault classification space and it spans the difference of voltage angles A[Gvn,n . 1((pi)t], current angles

A[an_n+1(¢i)t]> voltage magnitudes A[V,,+1(9;);] and current magnitudes A[In,nﬂ((pi)t] between two

successive buses n and n + 1 at the identified phase ¢; for line i at timestamp t and that gives m; = m, = 12
features for fault each fault location. Then the size of all the data at each region is R™3*"3*11XDRi From a
practical aspect, the proposed models in section.4 enable the identification of faulted region then the fault type
classification and after that the fault location, so it will greatly reduce the time required for maintenance. In
addition, with the development of the PMUs the implementation of control strategies, protection schemes,
monitoring in real time becomes possible. The PMUs are capable of extracting measurements (voltages, currents,
frequencies ... etc.) at high rates which allows to provide signals in real time for applications in power systems.
PMUs provide signals with 80 to 250 samples per nominal cycles for both 50 and 60 Hz [36], which allow the
implementation of our models in real time since the considered interval, in our paper, is 0.016 s or 1.6 ms
(equivalently to 60 samples per second), that is practical to obtain through down sampling as clarified in figure 5.
Therefore, the practical application of the proposed models depends strongly on the advancement of synchro-
phasors. The proposed models depend on the PMUs and it is not practical to apply the proposed models if the
data extraction is done through SCADA. It is worth noting that with the traditional SCADA, the samples are
proceeds each minutes. Thus, with slower data extraction, the accuracy of the fault detection will decrease.
SCADA is capable of extracting data at low rates with low sampling frequency and it has been considered too
weak for performing a precise fault diagnosis [37] and eventually it will not be practical to apply the proposed
models, thereby the protection and maintenance strategies cannot be implemented.

4. LSTM Models for Faulted Region Detection, Fault Classification and Fault Location

Three separate but dependent models have been developed in this work; a classification model for faulted region
identification (M1), fault type classification model (M2), and a regression model for fault location (M3). The
models are connected hierarchically as presented in figure 1. Each of the deep models contains five layers; Input
layer, Hidden LSTM layer, LSTM layer, fully connected layer, Softmax layer (for fault detection and fault
classification models M1 and M2 respectively) or a Regression layer (for fault location model M3), followed by
the output layer. The overall flowchart of the proposed fault detection, classification and location algorithms is
shown in Figure 6. This algorithm consists of three stages: faulted region identification, fault type classification
and fault distance prediction.
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4.1. LSTM and Hidden LSTM Layers

LSTM networks are robust to the known learning problem of vanishing gradient problem, they are also
advantageous in applications of unknown-duration delays in time series data. The main parameters that are
selected are the number of cells per LSTM layer. The LSTM layers are used to model both parallel dependencies
(correlation between input features) and the temporal dependencies (serial correlations) together from the
available data. Since the numbers of (sequences, features per sequence, time length of the sequence) varies
between the three problems, their structures should vary respectively.

In faulted region identification model, both LSTM layers include N; = n; = 183 LSTM cells since a rough
number around 150 to 200 is needed with the aim to model the full sequence in a multi-class classification
problem. This model is the largest since it is for the entire multi-machine power system. Each LSTM cell has 4
inputs assigned to its 4 gates as shown in figure 7. In the first layer, the 84 input features are weighted through
the input weight vector of IW;} € R4*™mU*1 for each LSTM cell k. So, the overall feature space is inputted to
the first LSTM layer through an input weight IW! € R4*")*N1_ The outputs of the k* LSTM cell in the first
hidden layer at timestamp t are the cell hidden state hi(t) and the memory cell state hi(t). The output vectors
H(t) and C*(¢) of the first layer are both of dimension RN1%! and they are both fed back as inputs to the same
layer while weighted through the four gates recurrent weights RW?* € R(4*NU*N1_ The second LSTM layer has
a similar structure. However, the first hidden LSTM layer passes the full sequence of R¥1*™1 of hidden states
vector over all timestamps ¢t = 1,2, ..., n, to the second LSTM layer, which passes only the last output H?(T) €
RN1X1 to the next layer.

In fault type classification model, both LSTM layers include N, = 82 LSTM cells. Here 82 cells have been
selected instead of 41 because it was verified to be insufficient and this classification problem is more challenging
since it is difficult to separate the fault classes which have similarities (AB, BC, AC, ... etc.) and a more complex
model was required. In fault location prediction, the LSTM layers include N; = 100 LSTM cells. Deepest and
widest possible models have been selected and provided that the training data are enough to fit the model
properly. Of course, the deeper (more layers) and the wider (more cells per layer) the network is, the better the
performance will be. Unfortunately, this comes at the cost of increased complexity of the model in addition to
falling into a high-dimensional problem where the number of unknown parameters (degrees of freedom in the



model) exceeds greatly the number of available training observations (sequences, features, time points). In either
of the cases, it is difficult to fit the model, the first causes an over fitted model with uncontrolled variance, the
second causes an insufficiently trained model where error bias cannot be controlled. A sort of tradeoff should be
reached to ensure acceptable performance without complexity and over/under fitting, this is what has been done,
as shown in subsection 5.3 and subsection 5.4, by the prediction results where the mean prediction error is around
zero and the error deviation is not too far. The input X, represents the time series input with m channels of
voltage and current magnitudes and angles as t € {1,2,3, ..., T}, T is the total number of timestamps where T =
n, = 183 inregion classification, T = n, = 41 for fault type classification and T = n; = 174 for fault location.
For fault region identification, X, is [6;,(®:)¢,Ov,(@1)¢ » In (i), Vo (@;),] and for fault type classification or
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Figure 7: Input sequences connections with k** LSTM cell in an LSTM layer

The initial values are set to vector of zeros as C1(0) = 6 and H*(0) = 6 and the operator ® denotes the
Hadamard product. The time series data, of set of features sequences X; in terms of timestampst, pass
sequentially through an LSTM layer where the next hidden state vector H(t) is computed at each timestamp ¢
in order to be as a hidden state vector for the next LSTM unit k. The process continues until scanning a one
sequence for one fault type at a certain distance and then the next sequence starts to flow. The cell memory state
vector C; and the cell next hidden state vector H!(t) of the hidden LSTM layer 1 at timestamp t are determined
in Eq. (7) and Eq. (8) respectively:

') = [ci (), cz(6), e i (O), sy (O 17 (M
HY() = [hi(0), hz(0), oo, i (0), oo, RV (D) 17 ®)

Where: C*(t) and H!(t) € RN*1,



4.2. Fully Connected, Softmax, Classification and Regression layers:

In the three models, the output of hidden LSTM layer H2(t) is put into the input of the fully connected layer,
which contains a number of simple neurons. Each neuron has its input of the previous hidden LSTM layer output
vector H(T) with dimension of R¥** and multiplied by weights IW;> with dimension of RV and added to the

layer bias b]-3.
The fully connected layer (third layer) outputs vector oj3 at each unit j is computed as follows [38]:
of = f(ER=1IWji X Hi(t) + b)) )

Where f is the activation function, it is a smooth nonlinear function such as the sigmoid function (¢) or a
hyperbolic tangent function. IW; ; , are the fully connected layer weights of neuron j multiplied by the k" value
of the LSTM layer output vectorH? (T), b]-3 is the bias of neuron j, [ Wj3 € RN, The vector IW 3of all the input
weights in fully connected layer is with dimension of R/*N and b®) € R'*! is the bias vector of all neurons
biases.

In faulted region identification, the fully connected layer has 7 neurons since the total number of classes is ] = 7
and the class number j € {1,2,3,4,5,6,7}.

In fault type classification, a total number of 11 neurons have been used according to total number of faults
classes J = 11 in which each class number j € {1,2,3,4,5,6,7,8,9,10,11}.

In faulted location, the FCL has only one neuronas ] = 1 andj = 1.
The vector 0]-3 is called the logits vector or the scores vector, 03 is the predicted location of one fault example.

For both faulted region identification and the fault type classification models, the output of the fully connected
layer is fed into the input of a Softmax layer.

3

4 3 i
O]- = Softmax (Oj ) = m

= P(G|x.9) (10)
Where: 0]fl € R”*! and J is the total number of classes which represents the number of neurons in the fully
connected layer (which is equal to the number of units in the Softmax layer); J=7 for faulted region identification,
J = 11 for fault type classification and j = {1,2, ..., J}. This quantity represents the probability of class C;, given
the sample x and the neural network parameters 6.

The cross entropy loss function has been used by the classification layer based on the results of the Softmax
cross entropy [39]. The cross entropy loss function is defined as follows [40]:

Loss = —Y1, 2?:1 I;jIn (P(Cj|xi' 9)) o

Where: M is the number of all examples of sequences, and J is the number of classes. [;; is an indicator of the
1 for correct class

desired class, I;; = {O for other class °

The loss is then reversely proportional to the probability of making correct classifications for all input sequences,
and hence the challenge of the deep sequential is to minimise this loss. The training phase determines the optimal
input and recurrent weights besides biases for all the units in all the layers to ensure minimum loss [41] [42] by
the neural network model.

The fault location is a regression problem where a regression layer is used after the fully connected layer instead
to calculate the root mean-squared-error loss for the regression fault location problem. The root-mean-squared-
error loss is computed as follows [43]:



Loss = X, (v, — 0* ()’ (12)

Where: y, is the real location, 03(p) is the predicted location of fault example p and M is the total number of
examples.

On a set of training sequences, LSTM units can be trained in a supervised manner using an optimisation
algorithm, like Stochastic Gradient Descent Method (SGDM) using back propagation through time to compute.
Using the gradient, the large parameters vector 8 is pushed closer to optimal values in each iteration [44] [45]:

dLoss

Oitv1 =0t — 1 20 (13)

Where 6 is a large vector of all layers’ parameters in the neural network model, 7 is the learning rate, it+/ is the
next iteration. In batch training, the stochastic gradient is used to approximate the real gradient by calculating
the gradient of stochastic loss over a randomly selected subset of m;;,; < M training examples instead of the
global set of overall examples.

5. Results and Discussion

The proposed method has been tested on the test system described in section 3. The model output is either a class
label of identified faulted region and fault type classification or a real number representing the distance for fault
location.

5.1. Faulted Region Identification (FRI) Model

The FRI model was not reported before for large-scale multi-machine power systems. This paper is the first to
report on the FRI model and provide the accuracy of region classification in large-scale multi-machine power
systems. A multi-class classification problem of 7-class has been presented for FRI model. The number of epochs
used for training is set to 500 and the maximum number of iterations is 12,000 where 24 iterations have been
used for one epoch. Over a single CPU, the models’ parameter tuning is achieved using SGDM with back
propagation through time; A piecewise learning rate schedule has been used, the choice of the learning rate is
selected according to the stopping criteria, here it is the number of epochs and the number of iterations per epoch
(for SGDM). The learning rate is generally selected in the interval of 1% to 10%. Large learning rate implies
faster convergence to optimal tuning but with larger oscillations around it, and the opposite for smaller learning
rates. The learning rate is set to decay exponentially from 5% by a factor of 0.97 each 10 epochs; the high training
rate at the beginning speeds up the convergence toward optimal parameters, this rate is gradually reduced to
reduce the chattering effects and limit the oscillations around the optimal parameters when approaching the end
of training. The training process reached 100 percent during a number of 7905 iterations and at a learning time
of 1397 minutes and 16 seconds and the learning rate reached 1.8865% at this number of iterations. The training
procedure has given a great performance. The accuracy achieved nearly 100% and the loss has achieved nearly
zero after 8000 iterations. For testing performance, the confusion matrix is shown in figure 8; the matrix has
been translated into table.4. The deep LSTM classification achieved a very high accuracy and the misidentified
examples are those very close to regions buses. The number of faults, the correct identified faults, the
misidentified faults and the accuracy of faulted region identification are listed in table 4, which shows the great
performance of faulted region detection and identification where the No-fault accuracy is 100%. In which a total
number of 24 faults have been correctly identified. The accuracy for regions 10-11, 5-6 and 67 is very high
where just nine faults have been misidentified in region 10-11 and have been attributed to region 9—10 from a
total number of 341 faults with accuracy of 97.36%. Only ten faults have been wrongly identified in region 5—6
and have been assigned to region 6—7 from a total number of 341 faults with accuracy of 97.06% and six faults
have been misidentified in region 6—7 from 132 faults and have been attributed to region 5—-6 with accuracy of
95.45%. While the accuracy is reasonable and good in regions 7-8, 89 and 9-10, a number of 249 faults have
been correctly identified and have been attributed to region 7-8 from a number of 341 faults with accuracy of
73.02% and the wrongly identified faults have been assigned to regions 5-6, 67 and 8§-9. A number of 255
faults have been correctly assigned to region 8-9 from a total number of 341 faults with accuracy of 74.78% and
the other misidentified faults have assigned to all other regions. A total number of 98 faults have been correctly



identified in region 9—10 from a total number of 132 faults with accuracy of 74.24% and the misidentified faults
have been assigned to region 10-11.

Table 4: The testing accuracy of the faulted region identification model

Region Number of faults Correctly identified faults Misidentified faults  Accuracy (%)
No-Fault 24 24 0 100
10-11 341 332 9 97.36
5-6 341 331 10 97.06
67 132 126 6 95.45
7-8 341 249 92 73.02
89 341 255 86 74.78
9-10 132 98 34 74.24
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Figure 8: The testing confusion matrix of the faulted region identification model.

5.2. Fault Type Classification (FTC) Model :

The FTC model is first proposed in multi-machine power systems in this work. A multi-class classification
problem of 11-class has been presented for FTC model. The fault type classification model is trained through
300 epochs and the maximum number of iterations is 2100 where 7 iterations have been used for one epoch.
Over a single CPU, a piecewise learning rate schedule has been used for our case of study and the learning rate
is initialized at 0.07 with a decaying factor of 0.97 each 10 epochs. The training process reached 100 percent
during a number of 1469 iterations and at a learning time of 5 minutes and 23 seconds where the learning rate
achieved 3.8066% at this number of iterations, the training procedure has given a great performance. The
accuracy achieved almost 100% and the loss has achieved nearly zero at a number after 1400 iterations. For
testing performance, the confusion matrix is shown in figure 9 and it has been translated into table.5 where only
few faults are wrongly classified. In region 10-11, No-Faults, AB faults, ABC faults and AC faults have been
totally and correctly classified with 100% of accuracy from a total number of 24 faults for No-Fault condition
and 31 faults for fault condition. ABG faults, ACG faults and AG faults have been correctly classified with
96.77% of accuracy from a total number of 31 faults where one fault has been classified as AB fault for ABG
faults case, one fault has been classified as AC fault for ACG faults case and one fault has been classified as AC
fault for AG faults case. BCG and BG faults have been correctly classified with 93.54% of accuracy of a full
number of 31 faults in which only two faults have been classified as BC and ACG faults for BCG faults case and
two faults have been classified as CG and AB faults for BG faults case. CG faults have been classified with
87.09% accuracy and only 4 faults have been misclassified from a full number of 31 faults where two faults have
been classified as AG faults and the others have classified as BC and BG faults. The number of faults, the correct



classified faults, the misclassified faults and the accuracy of fault type classification in region 10-11 are listed
in table 5, which shows the great performance of fault type classification.

Table.5: The testing accuracy of the fault-type-classification model in region 1011

Fault type Number of faults Correctly classified faults ~ Misclassified faults  Accuracy (%)
No-F 24 24 0 100
AB 31 31 0 100
ABC 31 30 0 100
ABG 31 30 1 96.77
AC 31 31 0 100
ACG 31 30 1 96.77
AG 31 30 1 96.77
BC 31 31 0 100
BCG 31 29 2 93.54
BG 31 29 2 93.54
CG 31 27 4 87.09
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Figure 9: The testing confusion matrix of the fault-type classification model
5.2.1. Comparison Results of Fault Type Classification

In this subsection, the fault type classification model is compared with the SVM fault classifier model presented
in [31] including its two training methods; Poly SVM (7 = 2) and Gaussian SVM (o = 0.5). [31] used binary
classification only y € {—1, 1} to classify faults y = 1 from no-fault y = —1. The binary fault classification is
simpler since it groups all faults in one class and it ignores the type of the fault. Three SVM binary classifiers
have been used; SVM-1 for fault type classification, SVM-2 for ground fault detection and SVM-3 for section
identification. A total number of 89 test cases, for SVM classification, have been used for L-G, LL-G, LL and
LLL faults types whereas a total number of 334 test cases have been used in our case for LSTM-based
classification models. Table 6 shows the different classifiers used for FTC, parameter values of different SVM
models reported in [31] and our LSTM models, number of test cases and fault type classification accuracy.

Table.6: Comparison of results of different fault type classification models.

Fault type Method Name Number of test cases  Classification rates (%)

Poly-SVM®, n = 2 - -

No-Fault Gaussian-SVM®, ¢ = 0.5 - -
LSTM® 24 100

Poly-SVM®, n = 2 15 96.52




L-G Gaussian-SVM®, ¢ = 0.5 13 95.23
LSTM® 93 92.47

Poly-SVM®, 7 = 2 9 96.27

LL-G Gaussian-SVM®, ¢ = 0.5 7 97.51
LSTM® 93 95.70

Poly-SVM®, n = 2 11 96.84

LL Gaussian-SVM®, ¢ = 0.5 9 95.99
LSTM® 93 100

Poly-SVM®, n = 2 14 96.28

LLL Gaussian-SVM®, ¢ = 0.5 11 95.68
LSTM® 31 100

(a): used a total number of 89 Data sets, tested on a simple 2-bus test power system; 400-kV, 50-Hz, 300 km transmission line; The binary
classifier classifies faults (class I) from no-fault (class II).
(b): used a total number of 334 Data sets, tested on large-scale multi-machine test power system; (Four-Machine Two-Area 11-Bus Test

Power System), the model classifies all fault types in addition to fault and no-fault operation.

In terms of binary fault classification, i.e. classifying all faults in one class from no-faults in an alternative class,
the proposed LSTM-based FTC greatly outperforms the results of the SVM model; The no-fault cases, labelled
NF in the first row in Figure 9, are purely classified from the faults in the other rows. In addition, Figure 8 shows
that all types of faults in all regions are purely classified from the no-fault cases. The 100% binary classification
accuracy of the LSTM classifiers is because fault symptoms are easily detected using sequential deep learning;
classifying faults from no-fault cases reduces to a trivial problem since the symptoms of faults are apparent; The
LSTM FTC only struggles in distinguishing the symptoms of one fault from the symptoms of another equally-
severe fault in order to classify the region then the types of these faults, this was not reported in previous works.
In addition to the multi-class FTC problem, the proposed LSTM —FTC model has been tested on large-scale
multi-machine power systems while taking into account spatiotemporal dependencies between all signals in all
transmission lines. SVM fault classifiers have been tested on simple power system of single 400-kV, 50-Hz,
300 km transmission line and there are no other transmission lines that may affect this test transmission line. Yet,
our approach still maintained its high accuracy and excellence despite the presence of many transmission lines
that influence each other and this may affect the accuracy of the classification process. This strongly
demonstrates the robustness of our method for classifying faults and that the proposed LSTM — FTC model
accuracy is unaffected by the complexity of power systems.

Table 7 shows the total performance of our proposed LSTM-FTC model. The proposed model totally performs
better than both Poly-SVM (7 = 2) and Gaussian-SVM (o = 0.5) fault classifiers in which the total LSTM-
FTC model accuracy is 96.71% while it is 96.48% and 95.92% for both Poly-SVM (7 = 2) and Gaussian-SVM
(o = 0.5) fault classifiers despite the fact that our proposed LSTM-FTC model is tested on large-scale multi-
machine power system and SVM fault classifiers have been tested on simple power system and that this work
considered a multi-class fault type classification whereas [31] considered binary fault classification only.

Table.7: Comparison results of FTC models.

Model Number of test cases  Classification rates (%)
Poly-SVM®, 1 = 2 49 96.48
Gaussian-SVM®, ¢ = 0.5 40 95.92
LSTM® 334 96.71

(a): used a total number of 89 Data sets, tested on a simple 2-bus test power system; 400-kV, 50-Hz, 300 km transmission line; The binary
classifier classifies faults (class I) from no-fault (class II).
(b): used a total number of 334 Data sets, tested on large-scale multi-machine test power system; (Four-Machine Two-Area 11-Bus Test

Power System), the model classifies all fault types in addition to fault and no-fault operation.

Ground faults in [31], are treated separately and another SVM block has been used for detecting the ground
faults. In our case of study, only one FTC model classifies all faults types from one another beyond classifying
just fault class from no-fault class or the presence of ground fault from its absence. However, to be totally fair,
it is also important to mention that the superior LSTM based models are more complex than the SVM models;
the advantage of SVM is that it can be implemented on advanced protection devices whereas the deep LSTM-
based models require serious computation resources and they can only be used in surveillance and control centres
to monitor the entire system.



5.3. Fault Location (FL) Model:

This model is trained to predict the fault location using 1000 epochs with a maximum number of 8000 iterations
where 8 iterations have been used for one epoch. Over a single CPU, a piecewise learning rate schedule has been
used for our case of study and the learning rate is set to 0.07 and its decaying factor is set to 0.997 at each epoch.
The training process reached final number of 8000 iterations at a training time of 30 minutes and 33 seconds
where the learning rate achieved 0.34799%, the training procedure has given a great performance. The root mean
square error (RMSE) and the loss function are very small just after a number of 3000 iterations. For training
performance, the distance prediction errors, which are a difference between the true fault location distances and
the predicted fault location distances, are shown in figure 10. Figure 10 explains the errors in predicting distances
for each fault type. From the figure, standard deviations of distance errors for ABG, ACG and BCG fault types
are close to each other and smaller than standard deviations of distance errors for CG, BG and AG faults that are
also close to each other. Standard deviations of distance errors for CG, BG and AG faults are smaller than
standard deviations of distance errors for AB, AC and BC faults that are close to each other. The standard
deviation of distance errors for ABC fault type is the greatest one. Table 9 shows statistical results of the
prediction error of the fault location distance during training for each fault type in region 1011 and it explains
the figure 10. The true locations, the predicted locations and the predicted errors of ABG fault in region 10-11
are listed in table 8, which shows the great performance of fault location prediction; a negative sign means that
the true value is greater than the predicted value.

Table.8: The distance predictions of ABG faults location during training in region 1011

The true distance (km) The predicted distance (km) The distance prediction error (km)
1 1.0595 0.0595
2 1.9518 -0.0482
3 3.0275 0.0275
4 4.0773 0.0773
5 4.9936 -0.0064
6 5.9946 -0.0054
7 7.0094 0.0094
8 7.9761 -0.0239
9 8.9894 -0.0106
10 10.1480 0.1480
11 11.0161 0.0161
12 12.1349 0.1349
13 13.0505 0.0505
14 13.9887 -0.0113
15 15.0217 0.0217
16 16.0807 0.0807
17 16.9744 -0.0256
18 18.0436 0.0436
19 18.9974 -0.0026
20 20.0311 0.0311
21 20.9930 -0.0070
22 21.9892 -0.0108
23 23.0017 0.0017
24 23.9761 -0.0239

Table.9: Statistical results of prediction errors of fault location distances for each fault type in region 10-11.

Fault type Standard deviation of Errors Mean of Errors Fault type  Standard deviation of Errors ~ Mean of Errors

CG 0.0627 0.0107 ACG 0.0494 0.0220
BG 0.0627 0.0107 AC 0.1520 0.0191
BCG 0.0496 0.0221 ABG 0.0494 0.0219
BC 0.1519 0.0190 ABC 1.0145 0.0047

AG 0.0629 0.0106 AB 0.1520 0.0189
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Figure 10: The distance prediction errors of all faults location distance predictions during training in region 10-11
5:4:5.3.1. Comparison Results of Fault Location:

The results of the proposed fault location model have been compared statistically with other techniques presented
in the introduction. These techniques have been tested on single line 2-bus small-scale simple power systems. In
that way it is assured that the problem of fault detection for larger system with greater lines lengths is more
complicated than in ones of smaller sizes. Thereby it further demonstrates the superiority of the proposed models
as they are able to achieve better accuracy in larger systems. This allows for a very fair comparison with other
techniques as the transmission lines, in very complex power systems, are affected by each other and this
adversely affects the accuracy of prediction error, unlike very simple power systems that contain one
transmission line that is not affected by any other lines. Proving the proposed fault location model to be effective
in complex power systems will prove its strength compared to other techniques that have been tested on very
simple power systems. The fault location absolute error (%), which is expressed in Eq.(14), has been used in
table 11 for comparison of our location model against the approach presented in [30] and it specifies the
percentage of absolute prediction error over the total length of the transmission line. This fault location absolute
error (%) is a measure that allows to make a comparison using different frames of references because it is, in
fact, a ratio of a distance prediction absolute error to the total length of the line. Table 10 shows the comparison
results of the proposed fault location model with wavelet-ANN technique presented in [29] for locating the faults
in transmission line.

) __|Predicted location distance—Trur location distance|

Absolute error(% x 100% (14)

Total line length

The fault location error (%) and the fault location absolute average error (%), used for generating table 8, are
expressed in Eq.(15) and Eq.(16):

Predicted location distancey—Trur location distancey
e (%) = x 100% (15)

Total line length

Th L en(%)
M

Absolute Average error(%) =

(16)

Where, e, (%) is the k" error (%) and M is the number of data.



Table.10: Comparison of statistical results of fault location distances prediction error for different types

Method LSTM ? Wavelet-ANN ” [29]
Fault type Average error (%) | Average error (%)
LG faults 0.0427 0.10
LLG faults 0.0880 0.16
LLG faults 0.0189 -

LL faults 0.0761 0.01

# Results from complex power system: Kundur Four-Machine Two-Area 11-Bus Test Power System.
®: Results from simple power system: Single line 2-Bus Test Power System

The proposed method works well to locate the faults compared to other wavelet-ANN method, as it surpasses it
in many cases except in the case of line-to-line faults. The absolute average error rate does not exceed 0.1 in all
cases, and this proves the superiority of our proposed method despite the fact that the power system, used for
training and testing, is very complex and all lines are affected by each other. Table 11 shows another comparison
with another technique called Wavelet-SVM, the comparison results are statistical results of distance prediction
error for LG fault type location.

Table.11: Comparison of statistical results of distance prediction error for LG fault type location

Method LSTM* Wavelet-SVM P [30]
True distance (km)| Predicted distance (km) | Absolute error (%)| Predicted distance (km) | Absolute error (%)
2 2.034 0.136 2.178 0.605
4 4.031 0.124 3.899 0.343
6 6.001 0.004 6.019 0.064
8 7.940 0.240 8.117 0.398
10 10.089 0.356 10.149 0.506
12 12.032 0.128 12.146 0.496
14 14.041 0.164 14.119 0.404
16 15.866 0.536 16.060 0.204
18 18.158 0.632 17.964 0.122
20 20.016 0.064 19.835 0.561
22 21.984 0.064 21.710 0.986
24 23.973 0.108 23.703 1.010

# Results from Complex power system: Region 10-11, Kundur Four-Machine Two-Area 11-Bus Test Power System.
®: Results from very simple power system: Single line -69 kV - 29.4 km Test Power System.

Table 11 shows that the proposed method performs very well as it outperforms in most cases a method of
wavelet-SVM. This is evidenced by table 12, which shows a statistical comparison of mean, standard deviation
(STD), minimum value and maximum value of the absolute error (%). It can be found that the proposed method
excels the method wavelet-SVM in all statistical results.

Table.12: Comparison of absolute error statistical results of distance prediction error for LG fault type location.

Error type Absolute Error (%)
Method Mean Std Min (%) Max (%)
LSTM 0.213 0.196 0.004 0.632
Wavelet- 0.475 0.297 0.064 1.010
SVM [30]

6. Conclusion

This paper considered the problem of fault detection, identification, and diagnosis in transmission lines in a data-
driven approach for large-scale multi-machine power systems in which an extensive data validation across
numerous scenarios in a Two-Area Four-Machine Power System has been performed. The tacked challenge is
data driven faulted zone identification, accurate fault type classification, and exact fault location prediction.
Novel three deep learning models—based on LSTM —are designed for intelligent fault identification,



classification and location in transmission lines of the Two-Area Four-Machine Power System. The neural
network models are developed in both classification and regression frameworks; namely faulted region
identification model, fault type classification model, and fault location model. The faulted region identification
(FRI) and fault type classification (FTC) models have not been verified before in Large-Scale Multi-Machines
Power Systems and this paper is the major one for addressing this work and providing accuracy results of both
FRI and FTC models. The novel models explore whole transient data of angles and magnitudes of both current
and voltage signals from pre- and post-fault cycles while current and voltage signals are measured through Phasor
Measurement Units (PMUs), that are of high rates (high sampling frequencies/very low intervals), at different
buses and used as input features to recurrent deep neural network models. These models rely on features self-
extraction directly from the voltage and current input patterns over a period of time without the need for
additional techniques to extract the features. The presented sequential learning algorithms extract maximum
spatiotemporal information from the sequential features to model the system behavior. This ensures the highest
classification and prediction accuracy and robustness. Both region identification and fault type classification
models show high accuracy in fault detection and fault type classification, especially the greatest accuracy in
identifying of the type of the fault. The accuracy and robustness of the results obtained from predictions of fault
location distance have been discussed through a statistical study by both the mean and the standard deviation
respectively of the prediction error of the fault location distance. The results show that the LSTM-based models
are accurate, reliable and very effective for identifying, classifying, and locating the faults in power systems
transmission lines. This contribution, of proposing three novel deep learning models working in tandem with
each other, greatly improves the performance of maintenance strategies in large-scale power systems. In addition,
the proposed models depend strongly on the advancement of synchro phasors and they will contribute a lot with
the progress of synchro phasors. In future works, the proposed method will be tested on larger power systems.
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