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Abstract- Transient events that result from the incorporation of
HVDC into the HVAC power transmission system make fault
identification a difficult task. To minimize transient power
outages, anomalies must be identified and categorized as quickly
as feasible using robust schemes. In the proposed scheme, the
multi-classification of AC faults in hybrid transmission lines is
performed. A neural network has been employed for the correct
recognition and classification of AC faults. The proposed scheme
initially uses squaring and lowpass filtering techniques along with,
transient energy, negative sequence of voltage, and current as
features to pre-process the fault voltage and current signals. The
extracted features are then used to form the neural network's
input for training and testing. We performeda complete
assessment study on the developed ac/dc test system employing
MATLAB/Simulink software to ensure the stability and reliability
of the presented technique. The technique is verified under noise-
added data and compared with other schemes to ensure efficacy.
The test result shows that the proposed technique has successfully
classified the AC faults with an accuracy of 99.3% in ac/dc
transmission lines.

Keywords: Artificial Neural Network protection, Classification
of faults, AC/DC protection, Squaring, and lowpass filtering.

Nomenclature

HVDC High voltage direct current

HVAC High voltage alternating current
VSC Voltage Source Controller

MMC Modular multi-level controllers

Al Artificial intelligence

KNN K-nearest neighbor

SVM Support vector machine

ANN Atrtificial neural networks
ACF(a,b,c) Autocorrelation coefficient of phases

Neg_Seqv (NSv)
Neg_Seqi (Nsi)

Negative Sequence Voltage

Negative Sequence Current

Teng (Te) Transient energy

MSE Mean square error

ROC Receiver operating characteristic
TPR True positive rate

FPR False positive rate

SNR Signal-to-noise ratio
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I. INTRODUCTION

M odern power transmission networks have undergone a
paradigm shift because of the integration of

decentralized renewable energy resources. The
development of a new transmission line has been stopped due
to right-of-way, cost, and environmental issues, while
electricity demand has increased steadily [1], [2]. Due to the
advancement of power electronics, the current situation
necessitates a reassessment of conventional power transmission
based on new concepts that enable maximum usage of the
existing transmission systems [3], [4]. Consequently, high-
voltage DC integration into HVAC is gaining interest because
of its high efficiency and to meet rising energy demands [5],
[6]. The major objectives are employing simultaneous ac/dc
transmissions and loading the line as close to its thermal limit
[71, [8]. Hybrid transmission is an emerging concept; thus, the
protection schemes are naive, and challenges are manifold. To
ensure stability and longevity, transient faults should be
removed as soon as possible in hybrid transmission lines to
avoid power system failures and blackouts [9]. A protection
scheme for hybrid transmission lines to identify the fault
location using eigenvalue decomposition was proposed in [10].
The scheme has utilized distributed line parameters using the
Bergeron model through eigenvalue decomposition to decouple
the system. In [11] an ac fault detection scheme and analysis
was proposed to overcome the interaction challenge of ac/dc. A
voltage source converter (VSC) based fault protection scheme
was proposed for the hybrid transmission system in [12]. The
scheme has used a full-bridge module to handle the intersystem
and line-to-ground faults in the ac/dc system. Modular
multilevel converters (MMC) have been utilized in HVDC
systems to further enhance protection issues [13].

Previously, various techniques were used to categorize faults
in HVAC and HVDC transmission lines, but these schemes
were not optimal for the hybrid system. Owing to the
complexity and shortcomings, they may separate healthy parts
and are not cost-effective for hybrid transmission lines.

Artificial intelligence (Al) techniques are being utilized to
meet those challenges [14], [15]. Since Al methods have proved
successful that are efficient, rapid, and adaptable, they may be
the best option for managing complicated non-linear power
systems. Therefore, to provide an un-interruption power supply
a robust efficient, and accurate protection scheme is needed to
continuously monitor the voltage and current signals in the
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power transmission system [16]. A neural network-based
scheme for the dc microgrid was presented in [17] to detect the
faults. For AC/DC transmission lines, a fault identification and
categorization method based on k-nearest neighbor (KNN) is
given in this work [18]. The hybrid power transmission faults
are identified using an SVM-based method [19]. The
conventional AC and DC protection schemes do not apply to
hybrid transmission lines, therefore it demands novel Al-based
techniques to overcome the challenges of hybrid transmission
protection. Even though most of the approaches listed above
have shown positive outcomes, there is still a gap in the
protection of hybrid transmission due to the transient nature of
ac/dc faults.

To overcome the hybrid protection challenges, this study is
focused on the identification and classification of AC faults
using an artificial neural network with a combination of
squaring and lowpass filtering envelope detection techniques.
To investigate the faulty phase distortion, autocorrelation, and
transient energy, a negative sequence of voltage and currents at
the point of common coupling are employed. The standard
deviation of the selected features is retrieved to make the dataset
for the model. The extracted data has been used to train and test
the proposed model. After successful AC fault detection in the
hybrid system, the scheme further classifies each AC fault into
11 types: AG, BG, CG, AB, AC, BC, ABG, BCG, ACG, and
ABC, ABCG. To verify the effectiveness of the scheme, the
model is tested under noise addition of 30dB and 40dB SNR.
The fault classification model is developed and performed in
the MATLAB/Simulink environment.

The structure of the paper is arranged as: the theory and
working principle of ANN are explained in Section Il, and
Section 11l explained the proposed classification scheme in
detail. Section IV elaborates on the test system. The simulation
results and discussions are explained in Section V. The detailed
conclusion is further summarized in Section VI.

Il. ARTIFICIAL NEURAL NETWORK

Artificial neural networks (ANNS) have been used to study how
human brain neurons process information [20]. ANN is a highly
connected, dynamically parallelized framework for neural
computation units known as neurons that can learn and acquire
information. The fundamental processing unit of an ANN is
made up of several neurons. Each neuron has connections that
connect it to other neurons. Each neuron gets a set of inputs that
are influenced by weights. The synaptic weights either increase
or diminish the signal that is subsequently arranged. The total
of the summed values is processed into a non-linear function
named a transfer function, together with a boundary value
called bias, to create the final simulated value in the result. An
ANN is constructed from several artificial neurons, or nodes,
that are connected in layers to form a network. A multi-layer
designed ANN is depicted graphically in Fig. 1(a). One of the
key benefits of neural network models is their ability to provide
a flexible mapping between inputs and results. Trial and error
are frequently employed to determine the number of hiding
layers and the nodes in each hidden layer. The working
principle of the neural network is shown in Fig. 1(b).
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Fig. 1 ANN (a) General ANN model, (b) Neuron computation principle

By summing inputs x, with the corresponding matching weights
w;, each layer unit generates a single value cutoff point. The
neuron's total input value n is then calculated by multiplying
this weighted value by the bias term b. The bias is applied to
the total to move it away from the origin. After that, the total
input value is fed into the transfer function f, which generates
the neuron's final output y. The output equation of the ANN
network is given in (1):
y = f[Ziziwix; + b] 1

The most used transfer function is the sigmoid or logistic
function, which limits the node's output to 0 or 1.

I1l. PROPOSED SCHEME

A. Parameter Selection

Hybrid power transmission lines face several transient issues
due to nonlinear loads and the combination of AC and DC in
the same structure. When faults occur in any of the transmission
lines, the power system's stability is compromised. Therefore,
timely detection and observing the hybrid environment to
secure the transmission lines. Using extracted characteristics
from faulty phase voltage and current, it can efficiently
characterize and anticipate faults and non-linearity problems in
the system [21]. The features selected for the data acquisition
are envelope detection using squaring and lowpass filtering, as
well as negative voltage and current sequences. The squaring
and low-pass filtering technique has been utilized in power
system protection based on the threshold setting [22], [23]. But
due to the complexity of the hybrid microgrid, the threshold
criteria are not feasible to adopt for fault identifications.
Therefore, the autocorrelation function is used at the output to
get the envelope detection features. Due to its fundamental
characteristics of periodic signal amplification and noise
removal, autocorrelation analysis is vital in the area of signal
processing. It is common practice to employ autocorrelation to
identify the periodic components masked by noise.



Autocorrelation is the correlation of a signal with a delayed
replica of itself [24]. The features are obtained using a multi-
scenario of faults in the proposed hybrid system as shown in
Table I. Finally, the obtained data is being utilized for training
and testing the ANN algorithm. The proposed scheme
overcomes the threshold-based criteria using ANN in hybrid
transmission protection. The squaring and lowpass filtering
mechanisms are shown below in Fig. 2.
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Fig. 2 Squaring and filtering working principle

TABLE |
FEATURES OF THE PROPOSED SCHEME

Parameters Symbols Features
ACF acf, F
ACF acf, F
ACF acf; Fs
Neg_seqv NS, F4
Neg_seq; Ns; Fs
Teng Te Fe

B. ANN-based Fault Detection and Multi-
Classification Scheme

The theoretical background and working principle of ANN
are explained in Fig. 1. The flowchart of the presented detection
and classification technique is shown in Fig. 3. The scheme
considers the voltage and current data and pass into the feature
extraction stage. The data retrieved from the features is first
preprocessed to ensure the missing data. After that, the data is
divided into train and testing, and validation. The proposed
model is trained using the training data. After the model was
trained, the unseen data is used to assess the performance of the
model. After successfully identification of hybrid faults either
AC or DC, the model further classifies each AC fault in the AC
transmission line. The proposed model has classified all 11 AC
faults of LG, LL, LLG, and LLL successfully into each category
with high accuracy.
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Fig. 3. Flow Chart of the proposed scheme

The presented ANN network is made of an input layer, hidden
layers, and an output layer. The extracted features from the
fault’s signals are fed into the input nodes. The designed model
has 15 neurons for the hidden layer. Output nodes classify the
faults into 11 types. The designed ANN was trained in
MATLAB 2020b using a neural network toolbox with the
Levenberg-Marquardt algorithm. Iteratively, the MSE
performance function between the predicted output and the
expected values was learned out of the ANN to minimize it. The
tuned parameters for the designed ANN model are shown in
Table Il. The proposed ANN model with tuned parameters is
shown in Fig. 4.
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Fig.4. Simulated proposed ANN Model

The designed ANN model has 8 inputs with 15 hidden features.
The model has successfully classified all 11 faults of the AC
line in a hybrid network.

TABLE II
OPTIMIZED PARAMETERS OF ANN
Parameters Value/Name
Hidden Layer Size 15
TransferFcn tansig
TrainFcn Trainlm
Epochs 1000

IV. SYSTEM UNDERSTUDY

We used the MATLAB/SIMULINK environment to simulate
the developed hybrid transmission system. The system network
studied has shown in Fig. 5. The test system has two lines,
above one is the AC line, and below is DC with rectifiers at both
ends. The overall length selected of the transmission line is
200km and generating plant (4200MVA) generators to an equal
system (a short circuit level of 20 GVA). The source is
connected to the AC system side through a transformer 13.8 kV/
735 kV while for DC line 735kV/230 kV. The ac line has shunt-
compensated by two 200 MVVAR per line shunt reactors. The
DC line uses a forced-commutated voltage-source converter
(VSC) connection to transfer power. The rectifier and inverter
both employ three-level neutral-point-clamped VSCs with
almost insulated-gate bipolar transistor diodes. On the AC side
are the phasedown Yg-D transformer, AC filters, and converter
reactor, while on the DC side are the capacitors and DC filters.
The details of the utilized hybrid transmission line model are



shown in Table I1I.
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Fig. 5 Simulated test system

Loadl
200 MW

TABLE Il
SIMULATED SYSTEM PARAMETERS

Equipment Parameters Ratings
Total Length TL 200 km
AC line voltage 735 kV
Frequency 60 Hz
AC Resistance per unit length
Transmission (Ohms/km) 0.01165/0.2676
line Inductance per unit length | 0.8679e-3/3.008e-
(H/km) 3
Capacitance per unit length 13.416-9/8.576-9
(F/km)
Total Length TL 200 km
DC line voltage 230 kV
DC Resistance per unit length 0015
Transmission Inductagzs r;eszkunr:l)t length
li .
ine (H/km) 7.92e-04
Capacitance per unit length ]
(F/km) 1.44e-08

A. Fault Data Generation

As illustrated in Fig. 5, a 200 km hybrid transmission line
having HVAC and HVDC parallel lines is fully examined to
verify the robustness of the presented method. The sampling
frequency is kept at 3.6 kHz for data extraction. To train the
ANN appropriate fault data for different faults are crucial.
Therefore, fault data for different cases of AC faults are
simulated with varied conditions and attributes (as given in
Table 1V). In this table, 11 fault types, fault distance varied from
(25-175) km, fault resistance varied from (0.1-90) ohms, and
fault inception angle varied from (0° , 45° , 90° , 270° ). Each
fault data cases are 110, there are a total of 1210 fault data taken
for the training and testing, and validation of the proposed ANN
model.

TABLE IV
PARAMETERS GENERATION
S. No Parameters Set values
1. SLG: AG, BG, CG
Fault Types DL: AB, BC, AC
DLG: ABG, BCG, ACG
TL: ABC, ABCG
2. Fault’s distance [km] 25-175
3. Fault Resistance 0.1-90
[ohm]
4. Fault inception angle 0° ,45° ,90° ,270°

V. SIMULATION RESULTS AND DISCUSSIONS

A. Behaviors of the parameter during Abnormality

Hybrid ac/dc faults exhibit distinct anomalies in voltage and
current. On the specified interval of faults in the
proposed system, the voltage of that phase falls while the
current of that phase rises. As a result, the measured voltage and
current values of the faulty phase deviate from that of the
healthy phases. Owing to that, we have considered the retrieved
features in the form of standard deviation (STD) to detect the
anomaly and accumulate the datasets for the model. When a
fault occurs, the selected features exhibit abnormal behavior
between 0.2 and 0.25 seconds of fault duration, as shown in the
below results. The behavior of faults during a single line-to-
ground is shown in Fig. 6. During the fault duration, the current
observed the transient signal in Fig. 6(a), similarly the selected
feature observed the abnormality successfully in Fig. 6(b) and
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Fig. 6. Behavior of features (a) Voltage, (b) Current, (¢c) ACF of current, (d)
Neg_seq_v during SLG fault at 100 km fault location.

Similarly, double line-to-ground fault transient behaviors
during hybrid ac/dc parallel transmission are shown in Fig. 7.
The current and the selected feature have shown abnormality
during the fault duration. Therefore, the feature has deducted
the fault intervals successfully and used it for training the
proposed algorithm.
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Fig. 7. Behavior of features (a) Current, (b) ACF of current, during LLG fault
at 100 km fault location.

The fault's transient nature is shown for the three-phase line-to-
ground faults in Fig. 8. Due to the integration of ac/dc, the
transient behavior is observed during fault events. We can see
the distortion in the output of current outside the fault duration
also, it is due to the ac/dc interaction during hybrid
transmission. The transient events are observed in Fig. 8 (a) and

(b).
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Fig. 8. Behavior of features (a) Current, (b) ACF of current, during LLLG fault
at 100 km fault location.

These features behaviors have shown that the ac/dc integration
has introduced distortions in the form of transient events. These
transient events need to be identified earlier and removed using
filtering techniques. The proposed scheme also utilized the
filtering technique to easily identify the transients and based on
those extracted features ANN model was designed.

B. Validation of the Proposed Scheme

The performance metrics used for the validation of the proposed
algorithm are the accuracy, receiver operating characteristic
(ROC) curve, and histogram of the model. The mathematical
formula for the accuracy is:

TCOTTECf

Accuracy = - (2)

Here, T,.orrec: Shows total correct events while T, for
total events.

A confusion matrix is used to demonstrate the efficacy of the
proposed strategy to overcome protection issues. After fault
detection, the proposed scheme's fault classification confusion
matrix is presented in Fig. 9.
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Fig. 9. Confusion matrix of the proposed scheme

Each type of AC fault has 110 data cases. The gathered data for
the classification includes a total of 1210 fault cases. The
extracted data has been divided into three categories training,
testing, and validation sets. The data is divided into 70 % for
training to build the model. The performance of the scheme is
verified by using the 15 % for testing and 15 % validation data.
According to the confusion matrix chart, the proposed
technique correctly classifies all of the 11 AC faults based on
the test results. During classification, all the faults of a single
line-to-grounds are classified without any misclassification
with 100 % accuracy. Similarly, 1 fault is misclassified in the
case of phase BC line-to-line faults. In the case of double line-
to-ground, one fault is misclassified in phase BCG and 2 in the
case of phase ACG. Furthermore, 1 of the triple-line faults ABC
and 4 of triple line-to-ground ABCG are misclassified. The
overall accuracy of the validation confusion matrix is 99.3 %.
In general, the suggested method has high performance in terms
of accuracy.

The mean square error (MSE) and correlation coefficient were
used to compare the performance of the different developed
models. Following the training and validation, the network's
generalization performance is assessed using test data that
includes a mix of normal and all types of fault categories. The
MSE performance of the proposed ANN model with datasets of
training, testing, and validation are shown in Fig. 10. The best
validation performance value obtained is 0.0029308 at epoch
80. After epoch 80 the performance remains constant.
Therefore, the model has stopped at that value of epoch.



Best Validation Performance is 0.0029308 at epoch 80
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Fig. 10. Validation performance of the proposed scheme

The receiver operating characteristic (ROC) curve is frequently
used to assess the performance evaluation of the classification
models. Generally, it graphically represents the trade-off
between the true positive rate (TPR) and the false positive rate
(FPR) for different models.

ROC for the proposed ANN scheme for fault classification is
shown in Fig. 11.
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Fig. 11. ROC for the proposed scheme

The ROC is used to show the relations between input and output
targets during training, testing, and validation of the proposed
algorithm. The ROC of the scheme has efficiently discriminated
the TRP and FPR by showing the curve that is close to the top
left corner of the graph. Hence, ROC has proved the
effectiveness of the proposed algorithm for the protection of
hybrid transmission lines.

The performance of the proposed algorithm is further verified
using the performance metric histogram. For ANN models,
histograms may be used as a performance indicator to gauge the
model's overall effectiveness, check the distribution of
predicted outputs, and detect biases or imbalances in the
predictions. The histogram plots with 20 bins show zero error
for the proposed scheme in hybrid systems faults classification
as shown in Fig. 12. Hence, it has proven the performance of
the proposed algorithm by distinguishing between multi-
classes.
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Fig. 12. Error Histogram of the proposed scheme

C. Performance Comparison of the Proposed Scheme

The proposed scheme is compared with a support vector
machine (SVM), decision trees, and neighbor nearest (KNN) to
verify the efficacy of the proposed scheme in the form of
accuracy. The effectiveness of the proposed ANN-based
technique is mature enough to overcome the transient events as
compared to the conventional techniques in the hybrid
transmission  lines. The proposed scheme for the
multiclassification of AC faults in hybrids transmission lines
has the highest accuracy as compared with other schemes as
shown in Fig. 13. This comparison graph demonstrates how the
proposed ANN-based technique can be used to prevent the AC
protection issues in hybrid transmission lines by having input
characteristics to quickly identify abnormalities of HVAC and
HVDC interactions.
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Fig. 13. Performance comparison with other schemes

D. Performance Under Noise

To ensure the efficacy of the proposed scheme, noise is added
to the retrieved features data. The performance robustness of
the model is demonstrated by the addition of (10dB, 20dB,
30dB, and 40dB) signal-to-noise ratio (SNR). The performance
metric accuracy is used to show the model performance in the
noise-added data. The proposed model has shown the variation
of model accuracy according to the noise data. As we increase
the noise level the performance is increasing gradually. This
results that, accuracy and noise have direct relation during the
performance measures. Table V has shown that with the
addition of the noise ratio, how the proposed algorithm
accuracy varies. With the addition of noise, the model has
performed well. It means that an SNR of 10dB has high noise
density than 20dB. Henceforth, the proposed ANN model using
squaring and lowpass filtering features has proven effective
mechanism to overcome the transient fault protection in a noisy
hybrid transmission line.

TABLE V

PERFORMANCE UNDER NOISE
SNR Accuracy%
10dB 93.6
20dB 95.3
30dB 95.7
40dB 96.9

Due to the amalgamation of multi-energy resources (AC and
DC), several power transients and faults events occur in grid-
connected and islanding modes. Due to the varying nature of



transient events in hybrid lines, the existing AC or DC
protection algorithms are limited to apply directly. Therefore,
the proposed scheme is presented to ensure AC protection in
hybrid ac/dc transmission lines. The scheme has utilized simple
features and based on that ANN network is trained without any
complexity. There is no need for any threshold requirements.
The single-ended extracted features have no demand for any
communication network to avoid any time delay. In the
future, a unified scheme for both ac/dc faults is considered.

VI. CONCLUSION

A neural network-based approach for the detection and
classification of AC faults in a hybrid transmission line is
proposed in this paper. The proposed scheme is designed and
simulated to create various fault scenarios depending on fault
locations, fault resistance, fault inception angle, and fault
classes based on faulty voltage and current parameters on
MATLAB/SIMULINK. The scheme has utilized the squaring
and lowpass filtering technique along with auto-correlation,
transient energy, and negative and positive voltage and current
sequences are used as a feature. The extracted data is utilized to
train, test, and the validation of the proposed model. After
successfully identification of faults, the scheme has shown
tremendous accuracy for all the multiclassification of AC faults
in a hybrid environment during transient events. The simulation
results indicate that the proposed technique accurately and
efficiently classifies all the 11 AC faults AG, BG, CG, AB, DC,
AC, ABG, BCG, ACG, and ABC, ABCG with high accuracy
of 99.3%. The scheme is further tested in a noisy environment.
Based on these findings, it can be stated that the proposed
method has provided very accurate and dependable hybrid AC
protection mechanisms to avoid transient events in hybrid
transmission and mitigate the interaction of ac/dc fault
challenges.
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