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Abstract: The paper presents a new technique for the identification of defects in transmission lines using artificial neural
networks. The technique uses the amplitude at the fundamental frequency voltage and current signals to one end of the line. A
study is conducted to evaluate the performance of the fault identifier.

Keywords: Defects, Identification, Transmission Line, Neural Networks

1. Introduction

A single-phase fault, a tripping and reclosing phase is
necessary to maintain system stability.

The identification of defects is used to determine the phase
of the faulted transmission line. Different approaches and
techniques for identifying defects have been proposed in the
literature. The most common technique used is based on the
evaluation of signal amplitudes of currents and voltages at
the fundamental frequency. The technique is based on the
theory of symmetrical components which requires a
calculation of Direct amplitudes, Negative and zero sequence
components of This technique assumes that the transmission
line is ideally transposed, She may have difficulty identifying
a two-phase ground fault. Different techniques have been
proposed to estimate the amplitudes of the signals, ie using
the discrete Fourier transform, Walsh functions [1], the
Kalman filter [2, 3], etc.

These techniques use a long computation time and do not
have the capacity to adapt dynamically to the operating
conditions of the system. The application of neural networks
(RN) was too used for identification defects. In [4] a single
neural network is used to identify the default after its
occurrence. The inputs to the neural network 5 are samples of
the signals of current and voltage at a frequency of 1 khz.
The output layer consists of 11 neurons, 10 neurons for each
type of defect and a neuron state without blemish. The use of
a single neural network with multiple outputs demands large
quantity of data in the step of learning and the results are not

satisfactory if we consider the variation of network
parameters. A single neuron can not identify all fault types
correctly. In [5] the authors use 33 samples per cycle to 2 khz
sampled signals as inputs to the neural network. A window of
one cycle (or 3 cycles) is used to identify the fault and the
fault is identified in 15 ms. In [6] the authors use 10 neural
networks, one neuron for each type of defect. The inputs to
the neural networks are the amplitudes of the voltages and
currents after fault detection. Each neural network 10 is
trained to identify one type of defect. The use of multiple
neural networks demands learning each network regardless
of where a longer learning time. In [7], [8] and [9] a single
neural network is proposed to identify the fault. The inputs to
the neural network are the amplitudes of currents and
voltages after the detection of the fault. The neural network
has four outputs, three outputs to indicate the faulty phase
and an output to indicate if the fault is grounded or not. In
this paper, we propose an identifier-based neural defects
using the amplitudes of the signals at the fundamental
frequency as inputs. Four neural networks are used to
identify the defect. Each phase is provided with its specific
detector fault based neurons and a neural network is used to
identify the implication of the earth.

2. Electric Network Considered

Figure 1 shows the network considered in this study to
evaluate the performance of the proposed default identifier.
The transmission line of 400 [kv] and a length of 150 [km]
from 2 extremities powered by sources GS and GR. The line
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is represented by parameters distributed by taking into
account the dependence of the parameters as a function of
frequency. The simulation of the fault line was carried out by
the MTLAB software 7.7.0.
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Fig. 1. Electrical network considered [1].

3. Identifier Defects Proposed

Designate by Ia, Ib, Ic the current and Va, Vb, Ve, the
voltages of phases a, b and c. Current and zero sequence
voltage are appointed by Io and Vo. The identifier of defects
(IDEF) proposed consists of four independent networks of
neurons: RNA, RNB, RNC and RNG. The first three
networks are defect detectors in step (DDP) for detecting the
phase (a, b or ¢) in default and the fourth network is a defect
detector to ground (DDT) to indicate the involvement of the
ground (G) on default. The outputs of the neural networks
RNA, RNB, RNG and RNC are respectively A, B, C, and G
(Figure 2).
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Fig. 2. Detectors component IDEF.
4. Input and Output of RNA

The signals calculated at a frequency of 100 khz are
processed by a low-pass Butterworth filter of order 4 with a
cut off frequency of 300 Hz A sample collection process of 1
khz (20 samples per cycle of 50 Hz ) is applied. This
sampling rate is consistent with rates currently used in
numerical relays.

A window of data is used as input to the neural network
defect detector. The identifier of the default IDEF amplitudes
calculated using the fundamental frequency of the discrete
Fourier transform DFT [1] (Ia, Ib, Ic, Io) current and voltage
signals (Va, Vb, V¢, Vo) to the place relay as inputs to neural
networks (Figure 3).

A series of four consecutive instantaneous amplitudes of
the DFT [3] of each signal (sampled at 1 khz) is selected as

input to neural networks to identify the fault. This series is a
mobile with a length of 3 ms window. The amplitudes of the
DFT [3] are normalized to reach the input level of the neural
networks.

The outputs A, B and C networks are indexed with a value
of 'l '(presence of a fault in the corresponding phase) or '0'
(situation without default). The output G is indexed with a
value of 'l '(default connected to the earth) or '0' (default not
related to the earth). The sigmoid transfer function is used in
the hidden layer and the output layer. The structures of the
neural networks of the IDEF for flaw detectors Phase (DDP)
and ground faults (DDT) are summarized in Table 1.

Table 1. Structures flaw detectors phase and earth of the IDEF.

Detectors to phase Number of neurons

faults (DDP) end i‘;‘r’i“;bles Input  Hidden  Output

earth (DDT) layer layer Layer
RNA |Tal,[Va| 8 18 1

DDP RNB |Ibl,|Vb| 8 18 1
RNC Ic|,|Ve| 8 18 1

DDT RNG [10],|VO| 8 18 1

Architectures of neural networks for DDP (NAS) and DDT
(RNG) are given in Figures 3 and 4 respectively.
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Fig. 3. Architectures of RNA network identifier IDEF.
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Fig. 4. Architectures RNG network identifier IDEF.

5. Tests and Results

After the final learning using Table 2, the neural network
identifier IDEF defects are tested using Table 3 with patterns
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not seen during training using weights and biases the final

learning. 4

Table 2. Parameters for the learning of neural networks. :
Parameter Learning 1 /ﬂh _
Fault location Lf (km) 3,40, 80, 120, 147 3t b ;
Angle fault occurred 6f (deg) 0, 45, 90 " \ /
Fault resistance R (Q) 0, 20, 40,100 § /
Power sources (GVA) 9,20 04 /
Voltage source (pu) 0,9, 1,1 " \ /
Angles sources (load angles in deg.)  -20, 0, +20 1 /

| L[ | | |
Table 3. Parameters for testing networks neurons. ! 0 i 4 4 f i 0
Time (ms)

Parameter Learning

Fault location Lf (km) 3,4.5,... 40,80, 120, 147
Angle fault occurred 6f (deg) 0, ,30,60, 90

Fault resistance R () 0, 5,10,20, 40,100

Power sources (GVA) 9, 10,20

Voltage source (pu) 0,9,1.0,1,1

Angles sources (load angles in deg.)  -20, -10,0, 10,+20

We consider the network parameters following: SS = 10
GVA, US = 1£20° pu, 15 = 20 ms et SR= 9 GVA, UR =
0.920° pu, g = 20 ms.

The results in Figure 7a are obtained for a single-phase
fault (a-g) 20 km with a fault resistance Rf = 40Q and t = 30
ms (0 = 60°). Figure 7b shows the output of IDEF for phase
fault no land (a-b) located 20 km with Rf =40 Q and t = 32
ms (0=90°). Figure 7¢ are obtained for a three-phase fault no
land (a-b-c) 100 km t = 28ms (6=30").

s Phase A, s Phase B

s Phase C, s [a terre(g)

(a)Default (a-g), Lf =20 km and t =30 ms

Time (ms)
(b)Default (a-b), Lf = 20 km and t = 32ms
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Fig. 5. Outputs the identifier IDEF.

The results demonstrate the capacity of the fault identifier
to pinpoint the type of fault for each test considered .

The response time t, '“™ of the identifier that is the
difference between time t,*™ obtained by the identifier and
the actual time of the fault tadef is used as a criterion for
evaluating the performance of the identification of the defect.
The response time t, ™ is defined by:

ident — toidEﬂt def (1)

[1' - I'{

&

Table 4 gives the values of t, '™ for IDEF all fault types
and for four values of 0f (0 °, 30 °, 60 ° and 90 °) to a 40 km
no fault resistance.

Table 4. Results IDEF (tr ““") for a default 40 km no resistance.

Response time tr ident IDEF in ms

Type of fault T=0ms T=28ms T=30ms T=32ms
Tyident Tyident Tyident Tyident
A-g 0 0 2 8
B-g 0 4 2 1
C-g 0 2 3 1
A-b-g 0 4 2 1
A-c-g 0 4 2 1
B-c-g 0 4 2 2
A-b 0 1 4 2
B-c 0 4 2 8
A-c 0 4 2 8
A-b-c 0 4 2 8

Table IV we can see that 6 = 0 has its I'DEF gives good
results and that the fault occurred angle 0f has hardly a rule
influence the detection time obtained to '*™ and the
maximum value response time tr'™ is equal to 8 ms obtained
for many types of default and angles 6.

Table 5. Results IDEF (tr ““") for a fault at 100 km with resistance.

Response time tr ident IDEF in ms

Type of Of=0° Of =90°
fault Rf= Rf= Rf= Rf= Rf= Rf=
00 400 1002 0O 40090 1000

A-g 0 2 4 2 2
B-g 1 2 8 4 2 8
C-g 1 4 4 4 4 4
A-b-g 1 4 1 4 2 2
A-c-g 1 1 1 6 8 2
C-b-g 1 4 4 6 4 4
A-b 1 1 1 8 2 2
A-c 1 1 1 4 2 2
C-b 4 4 4 4 2 2
A-bc 3 3 3 2 4 4

Table V gives the values t, '*™ of IDEF for all fault types
and 6y two values (0 ° and 90 °) for a defect 100 km with
three values Rf: 0 Q, 40 Q and 100 Q.

Table 5 shows that the fault resistance has no specific rule
of influence on the response time t, ™, The maximum value
of tr ™ is 8ms obtained for phase-phase faults (a-c-g) for
0r=90 ° and (b-g) for 6;=90 ° and (a-b) for 6;= 90 °.

6. Conclusion

A new approach based neurons is proposed to identify
faults in transmission lines in real time. This approach
returned in the formation of fast numerical relay. The fault
identifier consists of four independent neural networks, each
network detects the fault on the phase concerned. The fault
identifier uses the amplitudes of the fundamental frequency
of the current signals in the place of the relay as the inputs to
neural networks. The outputs are used to indicate the type of
fault. The results show that the proposed identifier may
identify the fault in less than 08 ms matter what the network
parameters and fault conditions (fault resistance, fault
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inception angle, voltage sources, load angles, etc.. .).

Every the test results show that the defect identifier can be

used to support a new generation of very fast numerical
relays.
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