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Abstract— In this work, short-circuit fault
detection and classification on the Nigerian 330kV
transmission network in the Middle Belt Region
using an artificial neural network (ANN) is
presented. The first step was to obtain the power
system information from the National Control
Center in Oshogbo and model the network in the
power system environment in Simulink. The
network was modeled in SIMULINK with current
signal values from various classes of faults
exported to Matlab environment for the
development of the ANN model. The modeled ANN
was inserted to the power system model in
Simulink to test the efficiency of the model in
detecting and classifying short circuit faults. From
the outcome, the ANN model effectively detected
and classified the occurrence of short circuit
faults in Lines 1 and 3 with the highest
classification deviation being 3.07%. However,
there were concerns in line two as the maximum
deviation being 20.33%. In conclusion, the use of
ANN from the study adequately detected and
classified the occurrence of short circuit fault in
lines 1 and 3 but has a large deviation in line 2
especially in detecting the triple phase line (ABC).

Keywords— Artificial Neural Network, Short
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1. INTRODUCTION

Power systems comprise transformers, generators,
loads, transmission lines as well as other safety devices
such as circuit breakers and relays among others [1,2].

Their mode of operation is such that the currents and
voltages magnitude are distributed in equal proportions
when they are in a normal state. Nevertheless, if there is a
fault in the circuit, it will cause interference or a total
failure that will disrupt the normal operation of the system
[3]. These faults may either be symmetrical (balanced)
which includes all the phases or asymmetrical (unbalanced)
which consists of one or two phases [4].

Notably, fault analysis is very important in power
system since it involves determining the bus voltages and
line currents when various types of failures occur [5,6,7].
The influence of faults on power system operation is widely
regarded as important, as it causes power supply
interruption and destabilizes the entire system [8,9,10]. This
analysis aids in determining the most appropriate safety
precautions to take as well as the necessary protective gear,
for example, choosing an appropriate fuse, the most
suitable circuit breaker size, or the right kind of relay
[4,11,12,13]].

Furthermore, fault detection mechanism is a vital
measure to deploy in power systems as it helps to maintain
the safety and reliability of these systems, as well as
minimize accidents, device damage, and unexpected
blackouts [14,15,16]. In power systems, many categories of
faults occur and the fault categories include short circuit
faults which include single-phase-to-ground faults, phase-
to-phase faults, double-phase-to-ground faults, and three-
phase-to-ground  faults  ([17,18,19]. Among the
aforementioned short circuit faults, single phase to ground
fault is the commonest type of fault in power systems and
its detection is very important as it makes it possible to
isolate the faulty section of the system [20].

Deep learning (DL) techniques have recently
gained popularity for a variety of applications, including the
detection of faults in power systems [21] These techniques
are model-based and the popular ones are Artificial Neural
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Networks (ANN), Case-Based Reasoning (CBR), and fuzzy
logic among others [22]. Transmission line faults affect the
safe and stable operation of power systems as the scale of
power systems grows with increased enhancement in the
transmission of capacity and voltage [23]. Based on
professional knowledge and experience, it has been
discovered that the application of deep learning methods on
a large number of short-circuit fault samples are core to
improving the stability of fault diagnosis [24].
Accordingly, in this work, short-circuit fault detection and
classification on the Nigerian 330kV transmission network
in the Middle Belt Region using an artificial neural network
(ANN) is presented. The details of the case study power
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system network, the model development and simulation, as
well as results and discussions are presented.

2 METHODOLOGY

2.1 The model development procedure and case study
power network data

The major aim of this work is the detection and
identification of short circuit fault (SCF) on the Nigerian
330kV transmission network using Artificial Neural
Network (ANN) model. The summary of the procedure
used is outlined in the flow diagram shown in Figure 1.

Obtain the data for the power system network to be
modeled

A\ 4

Model the power system network in the power system
library of SIMULINK

\ 4

Activate the short circuit fault in the power system
model and simulate the model

A\ 4

Export the current signals at various fault conditions
and store in MatLab m-file

A 4

Arrange the current model and utilize the data for the
modeling of the ANN tool

\ 4

Implement the ANN model to the power system network in
SIMULINK and test the efficiency of the ANN model

A\ 4

Print and discuss results

A

End

Figure 1 The summary of the research procedure used

Table 1: Bus numbering table

Bus Location

Bus Number

Shiroro GS
Gwagwalada TS
Katampe TS

1
2
3
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Table 2: Transmission Line information

Line | From Bus | To Bus | Transmission Line Distance R X
1 1 2 144km 0.043 0.224
2 1 3 124km 0.0332 | 0.0431
3 2 3 60km 0.0437 | 0.1882
Table 3: Current signal values at fault conditions
Condition of Line 1 Line 2 Line 3
Fault A B C A B C A B C
Normal 180 172 160 181 177 164 165 169 172
LG (Ag) 20 151 158 22 159 152 21 155 160
LL (A-B) 320 340 180 335 349 188 352 330 154
LLG (ABg) 14 13 172 10 11 161 24 17 180
LLL 290 323 331 340 301 307 311 303 319
LLLG 17 12 15 10 22 17 9 16 29
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Figure 2: Power system SIMULINK model

The data in Table 3 were used as the independent
(input) data for the modeling of the ANN for the short
circuit fault detection and classification of the power
system network.
2.2. Modeling of the ANN for Short Circuit Fault
Detection and Classification

The input data for the ANN model in Matlab are
the current signals of the various short circuit fault
conditions shown in Table 3 while the target data are the
fault classification code presented in Table 4. From the SCF
classification code shown in Table 4, it simply means that
when the power system network is at normal condition, the

classification code is zero (0); when the SCF is single phase
to ground (in this case, Ag fault is modeled), the
classification code is one (1). The same approach is applied
to the remaining SCFs listed in Table 4.

The current signal values had a total of six (6) datasets
(known as data samples in ANN). For this study, 70% of
the data was used for training, 15% for validation and 15%
for testing as shown in Figure 3. The architecture of the
ANN model is shown in Figure 3 showing that the ANN
model has 3 input neurons in the input layer, 5 hidden
neurons in the hidden layer and 1 output neuron in the
output layer. The training of the network was done with
levenberg maquart back propagation network.

Table 4: Fault classification code

S/N Fault Condition

Coded Value

Normal

0

LG

LL

LLG

LLL

[« BLV, T [ SN RS I8 I NS I e

LLLG

1
2
3
4
5
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Figure 3: Data sample split

Hidden Layer

Input

Output Layer

Output

£

Figure 4: ANN model structure

3 RESULTS AND DISCUSSION

The sine wave of the current signal at normal
condition for the generating station in Shiroro is shown in
Figure 5; it shows a perfect signal due to the absence of
distortion on the current phases and this implies that there is
absence of fault in this location. Hence, the system would
be described to be in normal condition.

The current signal with LG classified fault is shown in
Figure 6 and it shows the current signal with a single phase
line to ground fault occurrence. The fault occurred on phase
A for each of the transmission line. The current signal for t
phase was low due to the presence of the fault and the
phase A transmission line are distorted with the current
signal values appearing to be below 30 Amps.

Shiroro GS (Normal Condition)

Figure 5: Normal condition at lines (measure from Shiroro GS).
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Figure 6: Current signal for LG (Ag) fault.

The current signal for the line to line fault (AB) The occurrence of double line to ground fault (ABg) is
was shown in Figure 7 and it shows that when short circuit shown in Figure 8. and it shows the current signal values
occurs leading to line to line fault, the current signal would are below 25 Amps which indicates the occurrence of
increase. This is evidence in phase A and B of Figure 7. double line to ground short circuit fault.

The current signal values are above 250 Amps which shows
the occurrence of line to line short circuit fault on all the
lines of the power system network.

Figure 7: Current signal with line to line fault on phases AB.
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The current signal with the occurrence of triple phase line
fault was shown in Figure 9. The occurrence of three phase
fault on the transmission line led to rise of current signals of
the three phases of the transmission line. The outcome in
Figure 9 suggests the occurrence of short circuit fault on the
transmission line of the network.

The occurrence of three-phase to ground fault is presented
in Figure 10 which shows the current signal when three
phase to ground fault occurs. Specifically, the current signal
observed is low with current signal values lower than 20
amps and this depicts the presence of the faults.

The fault classification outcome with ANN model for the
transmission lines are shown in Figure 11. The results of

o Figure 8: Current signal indicating the occurrence of double line to ground fault (ABg)

the percentage deviation of the fault classification carried
out with ANN from the actual classification code employed
are shown in Table 5 for all the transmission lines and all
the class of faults. The results in Table 5 show that the
ANN from adequately detected and classified the
occurrence of short circuit fault in lines 1 and 3. However,
it is not that adequate for line 2 given that the maximum
error deviation occurred at line 2 while detecting the
occurrence of triple phase fault with percentage deviation
0f20.33%.
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Figure 9: Current signal showing the occurrence of triple line phase fault

Figure 10: Current signal with triple phase fault to ground
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Figure 11 the results of the classification of fault with ANN for (a) line 1 (b) line 2 and (c) line 3

Table 5. : Short circuit fault detection and classification deviation with ANN model

Class of fault Line 1 (%) Line 2 (%) Line 3 (%)
Normal 0.04 10.33 0.012
LG (Ag) 0.09 5.22 0.033
LL (AB) 0.076 4.11 0.021
LLG (ABg) 3.07 0.97 0.014
LLL (ABC) 0.14 20.33 0.092
LLG (ABCg) 0.092 1.09 0.066
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4. CONCLUSION

The main emphasis in this study is the detection

and classification of short circuit fault on the transmission
lines connecting three power system stations in the
Nigerian 330kV station. The network was modeled in
SIMULINK with current signal values from various classes
of faults exported to Matlab environment for the modeling
of ANN. The modeled ANN was inserted to the power
system model in Simulink to test the efficiency of the
model in detecting and classifying short circuit faults. From
the outcome, the ANN model effectively detected and

classified the occurrence of

short circuit faults in

transmission lines 1 and 3 with minimal classification
deviation However, there were concerns in transmission
line 2 as the classification deviation was relatively high In
conclusion, the use of ANN from the study adequately
detected and classified the occurrence of short circuit fault
in lines 1 and 3 but has a large deviation in transmission
line 2 especially in detecting the triple phase line (ABC).
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