Mansoura Engineering Journal

Volume 29 | Issue 3 Article 10

1-17-2021

Artificial Neural Network Fault Detection for Transmission Line
Protection.

S. El Safty
College of Engineering Arab Academy for Science and Technology

H. El Dessouki
College of Engineering Arab Academy for Science and Technology

M. El Sawaf
College of Engineering Arab Academy for Science and Technology

Follow this and additional works at: https://mej.researchcommons.org/home

Recommended Citation

El Safty, S.; El Dessouki, H.; and El Sawaf, M. (2021) "Artificial Neural Network Fault Detection for
Transmission Line Protection.," Mansoura Engineering Journal: Vol. 29 : Iss. 3, Article 10.
Available at: https://doi.org/10.21608/bfemu.2021.140365

This Original Study is brought to you for free and open access by Mansoura Engineering Journal. It has been
accepted for inclusion in Mansoura Engineering Journal by an authorized editor of Mansoura Engineering Journal.
For more information, please contact mej@mans.edu.eg.


https://mej.researchcommons.org/home
https://mej.researchcommons.org/home/vol29
https://mej.researchcommons.org/home/vol29/iss3
https://mej.researchcommons.org/home/vol29/iss3/10
https://mej.researchcommons.org/home?utm_source=mej.researchcommons.org%2Fhome%2Fvol29%2Fiss3%2F10&utm_medium=PDF&utm_campaign=PDFCoverPages
https://doi.org/10.21608/bfemu.2021.140365
mailto:mej@mans.edu.eg

Mansoura Engineering Journal, (MEJ), Vol. 29, No. 3, Scplember 2004.

E. I35

Artificial Neural Network Fault Detection

For Transmission Line Protection
s S35 b gt UG 5 Jlael1 o OB jadt (3 delualt Laanl A plisiad
Dr. S, M. El Safty Prof. Dr. H. El Dessouki Eng. M. El Sawaf

College of Engineering
Arab Academy for Science and Technology

LAty

oo Al o3 5l iy y el sl i ki e iaad Gl e e e cipeil] Aad 50 dac licall Lpeaall CASWEH a0
dilial Jlae Y1 cla L8 A0Sy dmabl C Y 6 g 5l D phaia Qa1 a1 800l all LBsal JSEYL Gy Spad
3o iy by ol dadih CNa O el ) e ey il ity LN s pa s 0 EMTPgali 2 plasiady
o Aol Leliall S apuils 5 Lpde il Lo livall Luand CASED e Jeoy S8 ) geayh o oo Lelidas
ol byl 13 Ay a5 el S0 1l LA g Janall 42yl 35303l il y dede (e Jhaad 3 gay mail Yyl dalye 2005

bl (JSe y& 55 paat A adleld el jditisa o IS

Abstract-- The artificial neural network is & powerful tool for the dJetection of the transmission line faults due (o
its ability to differentiate between various patterns. In this paper, simulation of power system under normal and
faulty conditions are carried out using electromagnetic transient program. The voliage and current waveforms
at the relay loeation for normal and fault conditions are extracted. The waveforms obtained are preprocessed in
order to improve the performance of the neural network used. Three neural networks are built one for fault
detection, one for fault type and a third for fault location. The proposed technique is tested with different types

of faults and successive decision was reached.
L. INTRODUCTION

The analysis of voltapes and currents at the relay location is
essential for the correct decision of the relay tripping aclion.
During the fault, transients arise in both voliage and current
waveforms. The past techniques used to analyze the
symmetrical components of these waveforms.[l] Recently
artificial intelligent techniques are used for the waveforms
analysis. The artificial neural network are widely used in fault
detection and classification.[2-6] Various applications of
neural networks were used in the past to improve recognition
of the faults on transmission lines. Wherever input patterns
with large dimensionality are present, training of these
networks are slow and needs much more training sets.

In this paper simulation of the used power sysltem is
performed using PSCAD which is an electromagnetic
transient program with CAD user interface. Simulation
outputs of large number of scenarios including various faults
and locations were used as database for the analysis
procedure. The voltage and current waveforms obtained from
the simulation were analyzed using artificial neural network.
In order to minimize the size and time for training of the
neural network, pre processing of these waveforms was
performed initially.

The next sections include presentation of the procedure used,
pre processing techniques of the data and finally results
obtained.

1J. PROPOSED DETECTION TECHNIQUE

The power system used for the algorithm is 220 kV generator
connecled to a transmission line of length 360 km extended to
an infinite bus with the relay located at the beginning of the
line. The model is implemented using PSCAD. The
implementation includes | | types of faults (AG, BG, CG, AB,
BC, CA, ABG, BCG, CAG, ABC, & ABCG) and the
simulation has been conducted at different locations of the
transmission line from 0% - 100% as seen by the relay at the
begining of the line. For each of these locations there are 1!
data sets, and each set contains the instantaneous phase
voltages and currents corresponding to each fault type. The
normal operaling case is taken as a reference for the faulted
cases.

The proposed topology is composed of three levels of neural
networks. In level-1 a neural network (ANNg) is used to
detect the fault, while level-2, contains neural networks
(ANNy) used to identify fault type & faulted phases, and i
level-3 a neural network (ANN) is used to detect the fault
location. The cutput of the first level (ANN¢) activates both
the second and third level {ANN; & ANN,) if there is a fault.

Therefore the proposed topology determines both fault type
and the fault location. Based on the fault type and fault
location which occurs on the system, ¢utput neurons should
be 0 or . The proposed scheme is shown in Fig. 1.

Where Op, Op and Q_ are the output cerresponding to
presence of fault, fault type and fault location respectively.

Accepled September 13, 2004.
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Fig. 1 The proposed scheme

111. DATA PROCESSING
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Fig.2 Voltage wavelorm for ab fault

The Figs.2 & 3 represent a line to line fault voltage and
current wavelorms. The Figures illustrate that the voltages
reduce towards zero and the currents increase after fault, It is
also observed that the voltage signal contains more harmonics
then the current signal. It is obvious that the dillerence
between the eurrent and voltage remains constant before fault
and inereases after fault.
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Fig. 3 Current waveform for ab fault

It was noticed that the (V-1) difference increases significanily
aller the fault with many oscillations in the signal (each phase
is represented in one signal instead of two signals). The signal
is simifar to the vollage signal bul the oscillation is magnified
due to the difference signal. But the (V-1) difference does not
significantly differentiatc the faull signal from the normal
signal, it merely magnifies the variation. The (V-1) signal
before the fault occurrence is nearly sinusoidal which means
the rate of change of magnitude is steady. Post-fault V-I
difference signal exhibils strong oscillations signal exhibits
degrading toward zero.

For eaeh fault sel we choose the maximum (V-1) value which
is eonsidered as the base value of the whole set (fault type).
The normalized (V-1) to the base value is shown in Fig. 4.
By Lhis we obtain dala set with value in bclween -1 & |
which Facilitates ihe neural compulting.
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Fig.4 Normalised (Va-1a) for ab faull

An averaged dilference on the V-1 would result in a waveflorm
thal dilTerentiates the part with oseillations, namely the post-
fault signal, from the normal signal. The function that was
used is

Y=, - X )+ (X, -X.0) 0
Where Y is the ith value of the resultant signal as shown in

Fig. 5 and X, is the ith value of the input signal, the V-I
dilTerence. The artificial neural network would he able to
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Fig.5 Y, for ab fault

learn this differentiation very quickly when compared to the
original raw signal.
The transformed signal still has a region of conflict which
could be solved by accumulaling points together, as it would
eliminate the spurious points. The accumulated function is
called SADI (Sum of Averaged Differences), and is derivced as
given

1+5

F =Y abs(¥) @

1=i=5
Where F, is the ith value of the SADI filtered signal.
The SADI filtered signal is illustrated in Fig. 6.
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Fig. 6 SADI filtered signal for phase a for ab fault

For different fault locations the SAD! values could be seen in
Fig. 7.
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Fig. 7 SADI for phase a for ab fault at difTerent locations
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IV. RESULTS AND PISCUSSION

The principie of variation of vollage and current signals
before and after the fault incidence is used and a fast and
reliable ANN-based faull deteclor/classifier module s
designed to detect the fault and classify the fault type.

From the above analysis the SADI filiered signal (F) is
chosen as the appropriate input for the neural network because
of the fault signals are clearly distinguished from each other
and the number of inputs is reduced to three inputs instead of
six inputs,

Input into the neural network is in the form of the moving data
window containing samples of SADI filtered signals of the V-
1 difference signals.

Multilayer feedforward networks were chosen to proccss the
prepared input data. A few different networks were selected
initially. For designing the fault seleclor based neural
network, different networks wilh 3 inpuls and 4 outputs were
considered. Four different A, B, C and G outputs were
considered to determine whether each of the three phases A.
B, C and/or ground G are present in the fault loop.

The networks™ architectures were decided empirically, which
involved training and testing different number of networks.
Three layer networks were found lo be appropriate for the -
fault seleelor application.

Once lrained, the networks performance was lested using a
validalion data set. The suitable network which showed
satisfactory results was finally selected. The network has 3
SADI filtered signals and 4 outputs.

For all the networks, hyperbolic tangent funclion was used as
the activation function of the hidden layer neurons. Saturated
linear function was used for the oulput layer.

The neural network ANNy composed of 38 inputs, 10 hidden
neurons and 4 outputs. Neural network desired outputs for
different types of faults are shown in Table 1.

As mentioned previously, the output of ANNg activatcs ANNy
and respectively the output of ANN aclivales ANN;. ANN,
is activated once the faull type is known. Neural network
(ANN,), as shown in Fig. 8, has four outputs, which indicates
the fault location in binary digits which can be converted to
decimal values. The cutput for ANN, could be summarized in
Table 2

V. CONCLUSION

The neural network performance of the proposed scheme is
evalualed using various fault types. It was shown that the
network was able to perform fast and correctly for different
combinations of fault conditions, e.g. fault type and fault
location. The fault is identified just in a few milliseconds
which prove thal the network is able to detecl and classify the
fault quite fast. The network outputs remain slable after
identifying the fault.

The network was subjected Lo another power systems with
different parametcrs. The same sequence and procedure of
data extraction and signal conditioning of the first power
system was applied lo the second one. It was observed that the
network was ablc lo identify the faults and their different
types in a few milliseconds with the same network structure
and training functions.
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Table | Neural network desired ANNy outpuls

Fault Type A B|C| G
AG I 0 0 |
(? BG 0 | 0 1
= [¢G 0|01 [1
. AB 1 | 0 0
) | BC 0 1 1 0
= | CA 1 0 | 0
ABG | I 0 1
&)
S | BCG 0 1 1 I
— | CAG 1 o]t ]
ABC 1 1 1 0
=
& | ABCG | ! | | i
Input (38) Qutput (4)
Fuiy
Fhay
Feny '. p
. 2*  Faulted
Location
Fuamn . 2'
Frim \ °
_Fn‘_w . 2

Fig. 8 Architecture of ANN,

Table 2 Neural network desired ANN outputs

Fault P22 2°
Location
10 % 0 0 0 1
20 % 0 0 1 0
30 % 0 0 1 |
40 % 0 | 0 0
50 % 0 1 0 1
60 % 1] 1 | 0
70 % 0 | | 1
80 % | 0 0 0
9 % | 0 0 1
100 % 1 0 i 0
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