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This paper presents an ANN-based scheme for harmonic restraint differential protection of power transformer. Th
ANN-based scheme monitors different operating conditions of the transformer, detects the fault and issues the t
signal in the case of internal fault only. The proposed protection scheme is accurate, fast, efficient and reliable. Th
scheme has been realized through two different ANN structure using feed forward back propagation algorithm. Tt
results amply demonstrate the capabilities of fault detector (FD) and condition monitor (CM) in terms of accuracy
and speed with respect to detection of fault, and pattern recognition of different events of power transformer.
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INTRODUCTION training data is obtained using mathematical expreSaiuh the

Differential protection of transformers using harmonic restraifsult has been verified with the simulated data obtain from

to prevent tripping on magnetizing inrush and over-excitation hE&TP package for all the possible conditiogsnormal, inrush,

been employed successfully for several dedadeShe ratio of OVer- excitation and fault currents. The ANN-based algorithm has

second and fifth harmonics together with the fundamental fréeen tested to evaluate the performance of the proposed method

quency component of the differential current has been Widégterms of accuracy and encouraging results have been obtained.

used as a fault digcriminate to distinguish these condition; of YR VELOPMENT OF THE PROPOSED NEURAL

transformer from internal faults. In certain cases, harmonics a TWORK

generated during internal faults in transformers and therefore the

detection of the second and/or fifth harmonic is not a sufficied1e developed ANN is one of the ANNs that are biologically

index to determine if the measured over current is an inrush ori@gpired, that map sets of inputs into sets of outputs through a

internal fault. A method based on the use of one of the prima#gural network. Each neuron in each layer generates one normal-

phase voltage as the control signal is proposed ietLai. ize output, as a function of its normalized inputs. The used
twork architecture is multi-layer, that is one input layer, one

Mden layer, and one output layer. All layers are fully connected
d of the feed forward type. The outputs are nonlinear functions

of the input, and are controlled by weights that are computed

during learning process. The used learning process is the super-

Advanced digital signal processing techniques and recently intigzaq type, and the used learning paradigm is the back propagation
duced artificial intelligence (Al) approaches to power systelqﬁp)e-v
tion”

protection provide the means to enhance the classical protec

principles and facilitate faster, more secure, and dependable grél the BP training process, which requires a bounded and
tection for power transformers. differentiable activation functions, the most commonly known

ANN-based power transformer protection has been reviewedennCtlon which is called the sigmoid has been used. It is bounded

Moravejet al*. The differential relay using ANN should recog—between the m|n|m'um.—(1), anq the mgmmum O.f (+ 1).ltis an

nize and classify all the possible conditions such as norm ;Shaped monotonic increasing function, and its steepness con-
inrush, over-excitation and internal fault and give the trip sign Inputs
in case of internal fault only.

In this paper a most popular type of ANN mdédefeed- forward
back propagation (FFBP) has been used. This model has 1
different structures: one architecture is used for detection of fa
or fault detector (FD) and the other for monitoring the differet f —

¢l utput o

As with classical static protection, new numerical protection ¢
also lead to unnecessary operation or operation failures. This,
fact, is a consequence of the inability of protection algorithms
distinguish transient states from faults.
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stant (gain) is taken as unity (+ 1). Before a signal is passed toThe inrush current contains a decaying dc current and not more
next layer of neurons, the summed output of each neuron is scdhkeh five harmonics. Then in a certain time interval, the inrush
by this function. Thus, easy learning is avoided by bounding eatlrrent can be approximated by :

neuron response. Figure 1 shows the block diagram of this learn- K

ing ie, back propagation algorithm. () = pexp(At) + z B SIN(Kyot + B
BACK PROPAGATION ALGORITHM i=1

The basic idea of this algorithm is using sensitivity (gradient) g{herei (t) is the instantaneous differential current sampled at

the.errqr W't.h respect to the welg.hts, to c.onvenlently. modify ffmet, Pois the dc componerk,is the inverse decay time constant
during iteration steps. The paradigm realizes an optimum no “the d ) K t of theh h .
linear mapping by associating the input training patterns to tREthe dc componenfy is peak component o armonic

output training patterns via the successive solutions to linedifferential currenty is the fundamental frequency ajds the
system of equations. This algorithm is developed on the basigpbfise angle of theh harmonic component. Figure 2 shows the
the least squares method. simulated events using mathematical expression. The normal,
inrush, over-excitation and fault currents have been simulated

For an output layer df perceptrons the error functidat the . :
using these expressions.

nth iteration is
NETWORK ARCHITECTURE AND TRAINING

k
2

E(n) = % S Hi - G (m{ In this work two different architectures of ANN have been con-
i=1 sidered. One architecture is used for detection of the fault only

. and the other for monitoring the different conditions in power

WhereT andO are the target and the actual patterns, respectively, nstormer. The architecture for detection of the fault has one
SIMULATION OF TRAINING CASES output where as the architecture for monitoring the different
conditions of power transformer has 4 outputs. Both the networks
To test the neural network based algorithm, the different evefdssingle output and 4 outputs are trained with all the possible sets
in power transformer have been developed using mathematigfljata under different operating conditions of the transformer.
expression ® and EMTP packadeilso. Once the network is trained the protection is done by using single
r%utput network. If internal fault occurs this network issues the trip

The protection device of transformer has to face the followi : e
signal. If internal fault does not occur then the condition of the

events :

o B power transformer is monitored using 4 output networks. The
® no faults situation (normal condition) different conditions are normal, magnetizing inrush, over-excita-
® magnetizing inrush (Energization) tion and internal fault.
® over-excitation Various architectures and combination of input sets were at-

tempted to arrive at the final configuration with a goal of maxi-

mum accuracy. Two sets of inputs to NNs are considered. One set
The relay has to trip only in the last case and to exercise restrgiffnputs are, 32 samples having 16 samples of primary and 16
under healthy, magnetizing inrush and over-excitation condiamples of secondary currents and the other set with only 16

® internal faults

tions. samples of differential currents. The samples obtained over a data
The expressions for the current entering and leaving the traM4ndow of one cycle are used for training and testing the devel-
former,i; andi, respectively, prior to a fault are taken as oped NNs. One hidden layer is taken and number of neurons is
_ varied from 2 to 17 in order to arrive at final architecture. After
i1 (t) = i2(t) = 0.949sin(wt + a - 0.289 enough experimentations, one hidden layer of 9 neurons apart

from 16/32 inputs and 1 output, for FD has been selected. An

The expression for the post-fault currents are . ) ; :
P P architecture with 16 neurons in the hidden layer apart from 16/32

i (t) = 4.994 Bin(wt+ o — B) — 0.954 exy— 18.85t) inputs and 4 outputs have been selected for CM. All the architec-
x sin(a - B —0.189] tures were trained for 1000 epochs. Momentum factor is kept at
) 0.95 throughout the work.
iz (t =0
NETWORK PERFORMANCE AND NUMERICAL
Wherea is the switching angle RESULTS
B = tan ' (X/Ry) A stand-alone C program has been developed for training process.

) o ) Since the network has to distinguish among four kinds of signals,
X; is the reactance of the transformer windiRgthe resistance 4 gets of example signals (cases) have been obtained for this

of the transformer windingy = 21tf is the angular frequency and purpose. These cases are normal, magnetizing inrush, over- exci-
t the time measured from the instant of fault inception. tation and internal fault currents.
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400 training sets of samples (380 sets for training and 20 setsTalile 1 Output for trained and test pattern of both the architectures
testing purpose) generated by mathematical expression have been  (Training epochs = 1000)

used to train and test the neural network. This 400 training sets of Output
samples contain 4 different conditions of power transformer _
(normal, magnetizing inrush, over-excitation and internal faylt"YPes of Cases ArchitAeEE'”e Train Test
conditions) for each condition 100 sets of samples have been P A P A
taken. For each case, signals are sa_mpled at the sampling ratﬁo%al 32-0-1 0.000275 0 0.000026 4
16 samples per cycle (over a data window of one cycle).

16-9-1 0.004786 0 0.000011 O
The training matrices are built in such a way that the network j§,,sn 32.9.1 0.000811 O  0.003130
trained to produce a binary output to indicate whether the meas- 16-9-1 0.002284 0 0.003386 O
ured current is normal, inrush, over-excitation or an internal fault.
Here the value of 0 indicates one of the non- internal faufVer-exciation 82-9-1 0.000509 0 0000753 D
conditionse normal, inrush or over- excitation and 1 indicates an 16-9-1 0.000203 0  0.000333 0
internal fault. Thus a single output of value 1 indicates an internghult 32-9-1 0.999651 1 0992669 1
fault and 0 as no fault (could be one of the normal, inrush, or 16-9-1 0.990538 1 0989368 1

over-excitation condition).

For the oth hitect ft h . tat ¢ thi(s table. The comparison of actual and predicted output is also
or the other architecture after enough experimentation a ne Wghown in this table.

with 16 neurons in the hidden layer apart from 16/32 inputs an
4 outputs has been found suitable for monitoring the differehbie ANN architecture for monitoring the different conditions has
conditions of power transformer. The outputs of the netwofkOutputs apart from 16/32 inputs. After enough experimentation
have a unique seeg 1000 = normal, 0100= inrush, 0010 =a net with 16 neurons in the hidden layer give good performance
over-excitation and 0001 = fault currents). This netvievkith and is capable to reduce the training and testing error to 0.00416,
4 outputs monitors all the conditions occurring in the pow&-00419 and 0.00416, 0.00418 respectively. Tables 2 and 3 show
transformer and it issues the trip signal only in case of interrf8€ training, testing outputs and comparison of them with the
fault conditionie when output is 0001. actual ANN outputs.

The training and testing error for architecture with 32 inputs, S obvious from the test results that the testing error is very close

output and 9 neurons in the hidden layer were 0.0034, O_Oo%yraining error for all the architectures. However, the architec-
0.0036 and 0.0035 respectively. The network responds in Véwes with less number of inputs are faster in training and as well

adequate ways performing the discrimination among norm}énown' the FFNN classification time depends on the number of

inrush, over-excitation and internal fault current correctly for affNitS in network, so itis very important to have the lowest number

cases. Various architectures were tested to arrive at final netwc%@nits but without jeopardizing the quality of the classification.
Two architecturese 16-9-1 and 16-16-4 have been selected for

Table 1 shows the output for trained and test patterns of seleatfid work. The actual architectures with 1 and 4 outputs are shown
architectures. The test result (based on unseen data) attaiperigure 3.
through BP network are either close to unity or zero. The OUIth]e ANN recognizes the fault in all cases and gives the trip signal

should t.)e close to zero for normal, inrush, over- excitation arc])(atput within one cycle of the fault occurrence. After training, the
only for internal fault the output should be close to 1 as shown

ANN architecture with 1 output takes about 13 msec to recognize

Table 2 Output for trained and test pattern of both the architectures (Training epochs = 1000)

Output
Types of Cases ANN 1 2 3 4
Architecture
A P A P A P A P

Normal 32-16-4 0.999202 1 0.000184 0 0.001618 0 0.000442 0

16-16-4 0.998759 1 0.000171 0 0.000222 0 0.000000 0
Inrush 32-16-4 0.000783 0 0.998567 1 0.001794 0 0.000000 0

16-16-4 0.000000 0 0.991201 1 0.000001 0 0.006506 0
Over-excitation 32-16-4 0.001376 0 0.000005 0 0.999999 1 0.000933 0

16-16-4 0.012206 0 0.000006 0 0.979997 1 0.000001 0
Fault 32-16-4 0.001890 0 0.000000 0 0.000738 0 0.998587 1

16-16-4 0.000000 0 0.009886 0 0.013635 0 0.995075 1
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