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Abstract

In this paper, a novel scheme is proposed which monitors and discriminates the different operating conditions (normal, magnetizing

inrush current, over excitation of the core, internal faults and CT saturation due to external faults) of power transformers. The Particle

Swarm Optimization (PSO) technique is used to train the multi-layered feed forward neural networks to discriminate the different

operating conditions. The proposed scheme has been realized through two different Artificial Neural Network (ANN) architectures. One

is used as an internal fault detector and the other one detects and discriminates the other operating conditions like normal, inrush, over

excitation, and CT saturation due to external faults. These two ANNs were trained using Back Propagation Neural Network Algorithm

(BPN) and PSO technique and the simulated results are compared. Simulations are performed for the practical power transformer

ratings obtained from Tamilnadu Electricity Board (TNEB), India. Comparing the simulated results of the above two cases, training the

neural network by PSO technique gives more accurate (in terms of sum square error) and also faster (in terms of number of iterations and

simulation time) results than BPN. The PSO trained ANN-based differential protection scheme provides faster, accurate, more secured

and dependable results for power transformers.

r 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Power transformer is one of the most important classes of
hardware in the electric power system, and the transformer
protection is an essential part of the overall system protection
strategy. The design of protective relay has to consider various
nonlinear effects, which may cause malfunction of the relay
equipments. The most common method of transformer
protection utilizes the percentage differential relay as the
primary protection. Discrimination between an internal fault
and other operating conditions such as magnetizing inrush
current, over excitation, CT saturation is recognized as a
challenging power transformer protection problem.

Differential protection of transformers using harmonic
restraint to prevent tripping on magnetizing inrush and
e front matter r 2007 Elsevier B.V. All rights reserved.
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over excitation has been developed successfully for several
decades [11,10]. The ratio of second and fifth harmonics
together with the fundamental frequency component of the
differential current has been widely used as a fault
discriminate to distinguish the other operating conditions
of the transformers from internal faults. With the advent of
introduction of various advancements in the power
systems, the detection of second or fifth harmonic alone
is not sufficient to do the discrimination. Moreover, this
conventional technique based on second harmonic restrain
has complexity in distinguishing among internal fault,
inrush current, CT saturation and over excitation thereby
affecting transformer stability. Therefore, a method based
on the use of one of the primary phase voltage as the
control signal is proposed [3]. Later alternative improved
protection techniques based on transient detection were
developed for accurate and efficient discrimination [9].
In the recent past, numerical protection/digital protec-

tion was introduced to improve the protection schemes.
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Fig. 1. Multi-Layered Feed Forward Neural Network (MLFFNN).
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As with classical static protection, new numerical protec-
tion can also lead to unnecessary operation or operation
failures. This is because of the inability of protection
algorithms to distinguish transient states from faults. To
overcome this difficulty, recently various artificial intelli-
gent (AI) techniques are introduced to power system
protection [9,5]. Among various AI techniques, the
Artificial Neural Network (ANN) have become most
frequently used modern data processing/decision making
algorithm to solve numerous complex engineering pro-
blems, because of their well known advantages like
possibility of learning from examples, generalization
ability, parallel computation, nonlinear mapping nature,
etc. Recently, the possible application of neural networks
to achieve some protective relay functions is a matter of
research. ANN-based power transformer protection has
been done using Back Propagation Network (BPN) and
Radial Basis Function Network (RBFN) by Moravej et al.
[5–8]. In these cases, the differential relay using ANN
should recognize and discriminate all the possible condi-
tions (such as normal, inrush, over excitation, internal fault
CT saturation due to external faults). The discrimination
process mainly depends on the harmonic components and
back propagation is the most common technique used for
such neural networks [4]. A neural network approach using
two different ANN architectures for fault discrimination
based on recognizing its wave shape and its harmonic
spectrum, respectively, has been proposed [4]. But to
obtain still more effective and fast discrimination, Particle
Swarm Optimization technique (PSO) technique has been
introduced to train the ANN architecture. PSO algorithm
is preferred because of its successful implementation to
solve many complex optimization problems in electrical
engineering [1,2].

In this paper, the proposed scheme has been realized
through two different ANN architectures. One is used as
an internal fault detector and the other one detects and
discriminates the other operating conditions like normal,
inrush, over excitation, and CT saturation due to external
faults. The developed ANN architectures are trained by
using feed forward back propagation algorithm and PSO
technique algorithm. The data for training and testing
neural networks were developed using SIMULINK mod-
eling (in MATLAB 6.5) of power transformers for the
above said different operating conditions for 20 different
practical power transformers with different ratings ob-
tained from Tamilnadu Electricity Board (TNEB), India
[12]. The features of the simulated differential current
waveforms were extracted using FFT block (Fast Fourier
Transform) in the simulink model and used as inputs to the
ANN architectures. The ANN architectures were trained
using BPN (Back Propagation Neural Network Algorithm)
and then using PSO technique. PSO algorithm is preferred
because PSO has no evolution operators such as crossover
and mutation. Also, it is easy to implement and there are
few parameters to adjust. PSO has been successfully
applied in many areas like function optimization, artificial
neural network training, fuzzy system control, and other
areas where genetic algorithm can be applied.

2. Overview of ANN

ANN is basically a simplified model of the biological
neuron and uses an approach similar to human brain to
make decisions and to arrive at conclusions. It is composed
of large number of highly interconnected processing
elements (neurons) working in union to solve specific
problems. Neural network learns from experience. An
ANN is configured for a specific application, such as
pattern recognition or data classification, through a
learning process. Learning involves adjustments of synaptic
connections (i.e. weights) among the neurons. Every
neuron model consists of a processing element with
synaptic input connections and a single output. The
neuron can be defined as

yk ¼ f
X

xjnwkj

� �
, (1)

where x1, x2, y, xj are input signals, wk1, wk2, y, wkj are
synaptic weights of neuron k, f(.) is the activation function
and yk is the output signal of neuron.
Of all the different types of neural networks used in the

recent past, the neural network, which is used most
prevalently in power system protection applications, is
the Multi-Layered Feed Forward Neural Network
(MLFFNN) with back propagation training algorithm
because of its simplicity and good generalization. Hence,
MLFFNN is used for the proposed work.

2.1. Multi-Layered Feed Forward Neural Network

2.1.1. Architecture

The architecture of multi-layered feed forward neural
network is shown in Fig. 1. It consists of one input layer,
one output layer and hidden layer. It may have one or
more hidden layers. All layers are fully connected and of
the feed forward type. The outputs are nonlinear function
of inputs, and are controlled by weights that are computed
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during learning process. The used learning process is
supervised type and the learning paradigm is the back
propagation. For the BP training process, a bounded
differentiable activation function is required. The most
commonly known function that is called the sigmoid has
been used. It is bounded between the minimum (0) and
maximum (1). Before a signal is passed to the next layer of
neurons, the summed output of each neuron is scaled by
this function.

2.1.2. Learning

The key to error propagation network learning is its
ability to change its synaptic weights in response to errors.
Fig. 2 shows the block diagram of this learning (i.e.) back
propagation (BP) algorithm.

2.1.3. BP algorithm

The MLFFNN is usually trained in a supervised manner
with a highly popular algorithm known as error back
propagation algorithm. Information about errors is also
filtered back through the system and is used to adjust the
connections between layers, thus improving the perfor-
mance. The error BP process consists of two passes through
the different layers of network, namely: forward pass and
backward pass. In the forward pass, an activation pattern is
applied to the sensory nodes of the network, and its effect
propagates through the network layer by layer. Finally, a set
of outputs is produced as the actual response of the
network. The actual response of the network is subtracted
from a desired response to produce error signal. This error
signal is then propagated backward through the network
against the direction of the synaptic connections. The
synaptic weights are adjusted so as to make the actual
response of the network much closer to the desired response.

2.1.4. Steps in training BP network
1.
 Select training pair from the training set and apply the
input vector to the input layer.
2.
 Calculate the output of the network.

3.
 Calculate the error between the network output and the

desired output.

4.
 Adjust the weights of the network in a way that

minimizes the error.
Original system

Environment
Teacher Known

Input-output data

Learning of ANN

Target

Computed error

Actual

output

Inputs

Fig. 2. Block diagram of supervised learning.
5.
 Repeat steps 1–4 for each vector in the training set until
the error for the entire set is acceptably low.

Usually to minimize the sum of squares of the errors, the
least mean square method is used. In these algorithms,
steps 1 and 2 constitute a forward pass and steps 3 and 4
constitute a reverse pass.

3. Overview of PSO technique

PSO is an evolutionary computation technique devel-
oped by Dr. Eberhart and Dr. Kennedy in 1995, inspired
by social behavior of bird flocking or fish schooling.
Similar to genetic algorithms (GA), PSO is a population-
based optimization tool. The system is initialized with a
population of random solutions and searches for optima by
updating generations. However, unlike GA, PSO has no
evolution operators such as crossover and mutation. In
PSO, the potential solutions, called particles are ‘‘flown’’
through the problem space by following the current
optimum particles. Since there are only few parameters to
adjust in PSO, it is easy to implement.

3.1. PSO algorithm

PSO simulates the behaviors of bird flocking. In PSO,
each single solution is a ‘‘bird’’ in the search space. Here, it
is called as ‘‘particle’’. All the particles have fitness values,
which are evaluated by the fitness function to be optimized,
and have velocities, which direct the flying of the particles.
The particles are ‘‘flown’’ through the problem space by
following the current optimum particles. PSO is initialized
with a group of random particles (solutions) and then
searches for optima by updating generations. In each one
of the iterations, iteration, each particle is updated by
following two ‘‘best’’ values. The first one is the best
solution (fitness) it has achieved so far. (The fitness value is
also stored.) This value is called pbest. Another ‘‘best’’
value that is tracked by the particle swarm optimizer is the
best value, obtained so far by any particle in the
population. This best value is a global best and called
gbest. After finding the two best values, the particle updates
its velocity and positions with Eqs. (2) and (3):

V id ¼W � V id þ c1 � randð Þ � ðPid � X idÞ

þ c2 � randð Þ � ðPgd � X idÞ; ð2Þ

X id ¼ X id þ V id, (3)

where W is the inertia weight, Vid is the particle velocity,
Xid is the current particle (solution), Pid and Pgd are pbest
and gbest, rand ( ) is a random number between (0,1) and
c1, c2 are learning factors.
Particle’s velocities on each dimension are clamped to a

maximum velocity Vmax. If the sum of accelerations would
cause the velocity on that dimension to exceed Vmax, which
is a parameter specified by the user then the velocity on
that dimension is limited to Vmax.
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3.2. PSO parameter control

There are two key steps when applying PSO to
optimization problems, namely the representation of the
solution and the fitness function. For example, if the
solution for f ðxÞ ¼ x2

1 þ x2
2 þ x2

3, is to be determined, then
the particle can be set as (x1, x2, x3), and fitness function is
f(x). Then the standard procedure to find the optimum is
used. The searching is a repeat process, and the stop
criteria are that the maximum iteration number is reached
or the minimum error condition is satisfied. There are so
many parameters need to be tuned in PSO.

3.2.1. Tuning of parameters

The typical ranges of number of particles are 20–40.
Actually for most of the problems 10 particles is large
enough to get good results. For some difficult or special
problems, 100 or even 200 particles shall be tried. The
dimensions of particles are determined by the problem to
be optimized. The ranges of particles for different
dimensions of particles can be specified. Velocity deter-
mines the maximum change that each particle can take
during each one of the iterations. Regarding learning
factors (c1 and c2), usually, c1 equals c2 and ranges from
[0,4]. In most of the cases both c1 and c2 are equal to 2.
However, other settings were also used in different papers.
The stop condition also depends on the problem to be
optimized. Usually, it is determined by the maximum
number of iterations the PSO execute and the minimum
error requirement.

3.2.2. Inertia weight (W)

Another factor, inertia weight, was developed to control
exploration and exploitation. The inclusion of an inertia
weight in the PSO algorithm eliminates the need for Vmax.
The maximum velocity Vmax serves as a constraint to
control the global exploration ability of a particle swarm.
A larger Vmax facilitates global exploration, while a smaller
Vmax encourages local exploitation. Eqs. (2) and (3)
describe the velocity and position update equations with
an inertia weight inclusion. The use of the inertia weight
has provided improved performance in a number of
Power

transformer

modeling

(simulink)

FFT

Input

data

Simulated differential

current signals Discrete

signals

Fig. 3. Block diagram of
applications. Suitable selection of the inertia weight
provides a balance between global and local exploration
and exploitation, and results in lesser iterations on average
to find a sufficiently optimal solution.

4. Proposed scheme

This scheme presents an application of neural network in
digital power transformer protection. Neural network is
preferred because of its self-learning and highly nonlinear
mapping capability. This ANN-based scheme monitors
different operating conditions of power transformers,
detects the fault and issues a trip signal in the case of
faults. This scheme has been realized through two different
ANN architectures using feed forward back propagation
algorithm and PSO technique. The result demonstrates the
capabilities of internal fault detector (IFD) and condition
monitor (CM) in terms of accuracy and speed with respect
to detection of fault and pattern recognition of different
events of power transformers.
The basic block diagram of the proposed scheme is given

in Fig. 3.

4.1. Power transformer modeling

A suitable transformer model is required to characterize
the different operating conditions of power transformer. A
transformer model can be viewed as a functional approx-
imator and it provides terminal behavior of power
transformer under various situations. Such a transformer
is modeled using SIMULINK (in MATLAB 6.5). This
model allows simulation of faults and other disturbances
that can lead to a false operation of the power system
protection.
Operating conditions considered:
�

the
normal,

�
 magnetizing inrush current (due to transformer energi-

zation),

�
 over excitation,

�
 CT saturation (due to external fault),

�
 internal fault.
ANN

Architecture for

Internal Fault

Detector (IFD)

ANN

Architecture for

Condition

Monitor (CM)

1000 (Normal)

1000 (Inrush)

0010 (Over

Excitation)

0010 (CT

Saturation)

1 (or) 0

proposed scheme.
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For 20 number of power transformers with different ratings
(Appendix B) for the above-mentioned operating conditions the
simulated waveforms were obtained and used for the proposed
scheme. For instance, the simulated waveforms obtained for a,
16MVA, 110/33kV power transformer for the above men-
tioned operating conditions are shown in Fig. 4(a–e).
Fig. 4. (a) Normal condition; (b) inrush current; (c) ov
5. Development of the proposed ANN model

In our proposed method the used neural network is
MLFFNN. The learning process is the supervised type.
The used learning paradigms are BP method and PSO
technique. Both BP and PSO training processes require a
er excitation; (d) CT saturation; (e) internal fault.
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Fig. 4. (Continued)
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bounded and differentiable activation functions. Therefore,
sigmoid function has been used.

5.1. Development of data for training and testing

A MATLAB program has been developed for training
process. The network has to discriminate the different
operating conditions of power transformer. One hundred
sets of samples (80 sets for training and 20 sets for testing)
of simulated differential output current signals containing
5 different operating conditions of 20 different power
transformers (given in Appendix B) were generated by
using SIMULINK model in MATLAB 6.5. Therefore,
totally for each of the operating condition 20 sets of
samples have been taken. Using FFT block, by converting
the simulated differential output current signals into
discrete form, 100 numbers of training sets of samples
were generated. This signal processing is done to reduce the
number of neural network processing element and accord-
ingly it will reduce the time consumed for training and
testing of the neural network. Moreover, it also helps to
achieve high performance discrimination. These signals are
sampled at a sampling rate of 16 number of samples/cycle
(over a data window of one cycle). These discrete sampled
data obtained for operating conditions with different
operating conditions with different power transformer
ratings are tabulated in Appendix A. These 16 numbers
of sampled data for each operating condition were given as
inputs to the ANN architectures. The trained matrices are
built in such a way that the network is trained to produce a
binary output to indicate whether the measured differential
current is normal, inrush, over excitation, CT saturation
and internal fault.

5.2. Development of ANN architecture

ANN architecture is used so that it should recognize and
classify all the possible operating conditions of power
transformers so that it provides a trip signal whenever the
fault is identified. In this proposed scheme, two different
architectures have been considered. One architecture is used to
detect whether there is any presence of internal fault and
another for monitoring other operating conditions (which may
cause maloperation of differential relay) of power transformer.
The set of inputs used were 16 samples of output current

signals of power transformer. One hidden layer was taken
and the number of neurons was varied from 4 to 32 and
results obtained were optimum when 32 neurons were used.
The number of neurons in the hidden layer is increased
upto 64 in incremental steps. But if the number of neurons
in the hidden layer is increased, the system complexity
increases and then the results are not getting much
improved. Various architectures were attempted to arrive
at the final architecture with a goal of maximum accuracy.
After many experimentations, for IFD three different
architectures (16-8-1, 16-16-1, 16-32-1) and for CM three
different architectures (16-8-4, 16-16-4, 16-32-4) were
developed and used for training. After enough experimen-
tation, it was inferred that the architecture with one hidden
layer of 32 neurons and one output was giving the
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optimum results for IFD. And the architecture with 32
neurons in the hidden layer and four outputs was giving the
optimum results for CM. Hence in the final model, an
architecture consisting of one input layer with 16 neurons,
one hidden layer with 32 neurons and one output layer
with one output (i.e. 16-32-1) was selected for IFD and this
final architecture is given in Fig. 6. An architecture
consisting of one input layer with 16 neurons, one hidden
layer with 32 neurons and one output layer with four
outputs (i.e. 16-32-4) was selected for CM. All the
architectures were trained for 5000 iterations. Momentum
factor was kept at 0.8 throughout the work. For training
the network, BPN and PSO algorithms were used and the
obtained simulated results for both BPN and PSO are
given in Section 6. The architecture for detection of
internal fault (IFD) has one output either 1 or 0. Here,
the value of 0 indicates one of the non-internal fault
conditions (normal, inrush, over excitation, CT saturation)
and 1 indicates an internal fault. Architecture (CM) for
monitoring the different operating conditions of power
transformer has four outputs.

The outputs of the network have a unique set shown as
below:
1000—normal,
0100—inrush,
0010—over excitation,
0001—CT saturation.
5.3. Implementations of training and testing using BP

algorithm and PSO algorithm

5.3.1. BP algorithm

The basic idea of back propagation algorithm (BP
algorithm) algorithm is using sensitivity (gradient) of the
error with respect to the weights, to conveniently modify it
during iteration steps. The paradigm realizes an optimum
nonlinear mapping by associating the input training
patterns to the output training patterns via the successive
solutions to linear system of equations. This algorithm is
developed on the basis of the least squares method. For an
output layer of ‘‘k’’ number of perceptrons the error
function E at the nth iteration is,

EðnÞ ¼
1

2

Xk

i¼1

fTi �OiðnÞg, (4)

where T and O are the target and the actual pattern,
respectively.

In this paper, the developed ANN architectures are
trained using BP algorithm. In other words, the weight
adjustments of neural network neurons are done using
error BP method.

5.3.2. PSO algorithm

PSO is initialized with a group of random particles
(solutions) and then searches for optima by updating
generations. In every iteration, each particle is updated by
two ‘‘best’’ values namely pbest and gbest. After finding the
two best values, the particle updates its velocity and
positions with Eqs. (2) and (3).
The objective function (i.e. fitness function) is

f ¼
Xp

½ðtargetÞ � ðactual outputÞ�2. (5)

The inertia weight value selected is 0.9. The values of both
c1 and c2 are taken as 1.75.
The fitness function for each particle is obtained by

updating the weights of ANN as specified by the variables
of the particle and finding the mean squared error obtained
in ANN training as per Eq. (5). Similarly, the fitness
functions of all particles in the population are determined.
The particle having lowest fitness function is the gbest

particle and the fitness function of the gbest particle is
compared with the specified accuracy. If the required
accuracy is obtained then the training is stopped. Other-
wise, the velocity and new position of the particles are
updated as per Eqs. (2) and (3). The same process is
repeated until the specified accuracy is reached.
6. Simulated results and analysis

Since the weight adjustment of neurons is nonlinear and
dynamic, this paper uses the PSO algorithm to adjust the
set of weights. The velocity and position of the particles are
adjusted to find the optimal value of weights that meet a
pre-specified mean squared error. The initial population
size of 20 particles is selected. Particles inside the
population are drawn gradually towards the global
minimum as the system iterates. When the pre-specified
error criterion is reached, the iterations cease and the set of
these optimized weights found is finalized and used in the
proposed architecture.
The detailed flowcharts of the implementations of BP

algorithm and PSO algorithm for training and testing the
proposed ANN architectures are given in Appendix A.
Thus, the discrimination of different operating condi-

tions for power transformers is carried out by ANN trained
with BP and PSO algorithms using the waveforms obtained
for practical power transformers and the results are
analyzed. The detailed simulated results for BPN training
of IFD and CM architectures are given in Tables 1 and 2.
The detailed simulated results for PSO training of IFD and
CM architectures are given in Tables 3 and 4.
After enough training, ANN model was tested with all

the possible sets of data under different operating
conditions of the power transformer by using both BP
and PSO algorithms. The network was tested to check
whether the corresponding indication was given. If internal
fault occurred IFD issues a trip signal. If internal fault does
not occur then the condition of the power transformer is
monitored using 4-output network.
While training with BP algorithm for IFD, the mean

average error is 0.009225 and for CM, it is 0.036575. It
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Table 2

Condition monitor using BPN

Operating conditions ANN architecture Output during training and testing of ANN architectures

1* 2** 3*** 4**** Error

A T A T A T A T

Normal 16-8-4 0.9681 1 0.0071 0 0.0183 0 0.0262 0 0.0457

16-16-4 0.9884 1 0.0109 0 0.0077 0 0.0000 0 0.0238

16-32-4 0.9914 1 0.0069 0 0.0039 0 0.0022 0 0.0111

Inrush 16-8-4 0.0046 0 0.9647 1 0.0042 0 0.0251 0 0.0931

16-16-4 0.0122 0 0.9652 1 0.0018 0 0.0188 0 0.0414

16-32-4 0.0094 0 0.9782 1 0.0044 0 0.0180 0 0.0301

Over excitation 16-8-4 0.0137 0 0.0012 0 0.9752 1 0.0226 0 0.0362

16-16-4 0.0049 0 0.0020 0 0.9876 1 0.0012 0 0.0135

16-32-4 0.0043 0 0.0037 0 0.9910 1 0.0014 0 0.0107

CT saturation 16-8-4 0.0301 0 0.0352 0 0.0143 0 0.9519 1 0.0682

16-16-4 0.0012 0 0.0210 0 0.0018 0 0.9707 1 0.0361

16-32-4 0.0022 0 0.0190 0 0.0043 0 0.9781 1 0.0290

1*: 1000, Normal; 2**: 0100, inrush; 3***: 0010, over excitation; 4****: 0001, CT saturation.

Table 1

Internal fault detector using BPN

Operating

conditions

ANN

architecture

Output for the training of developed ANN

architectures

Output for the testing of developed ANN

architectures

Actual (A) Target (T) Error Actual (A) Target (T) Error

Normal 16-8-1 0.0000 0 0 0.0000 0 0

16-16-1 0.0000 0 0 0.0000 0 0

16-32-1 0.0000 0 0 0.0002 0 �0.0002

Inrush 16-8-1 0.0038 0 �0.0038 0.0022 0 �0.0022

16-16-1 0.0036 0 �0.0036 0.0031 0 �0.0031

16-32-1 0.0038 0 �0.0038 0.0034 0 �0.0034

Over excitation 16-8-1 0.0003 0 �0.0003 0.0001 0 �0.0001

16-16-1 0.0002 0 0.0002 0.0016 0 �0.0016

16-32-1 0.0002 0 �0.0002 0.0013 0 �0.0013

CT saturation 16-8-1 0.0183 0 �0.0183 0.0176 0 �0.0176

16-16-1 0.0157 0 �0.0157 0.0144 0 �0.0157

16-32-1 0.0154 0 �0.0154 0.0123 0 �0.0154

Internal fault 16-8-1 0.9813 1 �0.0187 0.9811 1 �0.0189

16-16-1 0.9842 1 �0.0158 0.9841 1 �0.0159

16-32-1 0.9843 1 �0.0157 0.9847 1 �0.0153

M. Geethanjali et al. / Neurocomputing 71 (2008) 904–918912
shows that since the ANN architecture of IFD is
comparatively simpler than CM in structure, the mean
average error is reduced in IFD for the same number of
iterations. But, while the same architectures are trained
with PSO algorithm, the error is reduced to the order of
10�15 in both IFD and CM architectures. This indicates
that when the ANN is trained with PSO algorithm the
weight adjustments are enhanced using optimal values.
Therefore, the PSO trained networks provide 100%
accuracy.

Thus comparing both the cases, PSO training gives
improved results and given in Fig. 5. The performance
comparisons of BP algorithm and PSO algorithm training
are tabulated in Table 5.
With BP algorithm, it was found that the simulation time

taken for IFD was about 90 s and in case of CM, it was
about 120 s with the Pentium III computing system having
1000MHz processor speed. The mean average values of
training and testing error for both the IFD and CM
architectures were 0.001623 and 0.00325, respectively, when
the networks were trained with BP algorithm. But the
accuracy was improved, i.e. the error was minimized to
10�15 when the same architectures were trained with PSO
algorithm. Moreover, 100% accuracy was obtained in 520
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Table 4

Condition monitor using PSO

Operating conditions ANN architecture Output during training and testing of ANN architectures

1* 2** 3*** 4**** Error

A T A T A T A T

Normal 16-8-4 1 1 0 0 0 0 0 0 0

16-16-4 1 1 0 0 0 0 0 0 0

16-32-4 1 1 0 0 0 0 0 0 0

Inrush 16-8-4 0 0 1 1 0 0 0 0 0

16-16-4 0 0 1 1 0 0 0 0 0

16-32-4 0 0 1 1 0 0 0 0 0

Over excitation 16-8-4 0 0 0 0 1 1 0 0 0

16-16-4 0 0 0 0 1 1 0 0 0

16-32-4 0 0 0 0 1 1 0 0 0

CT saturation 16-8-4 0 0 0 0 0 0 1 1 0

16-16-4 0 0 0 0 0 0 1 1 0

16-32-4 0 0 0 0 0 0 1 1 0

1*: 1000, Normal; 2**: 0100, inrush; 3***: 0010, over excitation; 4****: 0001, CT saturation.

Table 3

Internal fault detector using PSO

Operating

conditions

ANN

architecture

Output for the training of developed ANN

architectures

Output for the testing of developed ANN

architectures

Actual (A) Target (T) Error Actual (A) Target (T) Error

Normal 16-8-1 0.0000 0 0 0.0000 0 0

16-16-1 0.0000 0 0 0.0000 0 0

16-32-1 0.0000 0 0 0.0000 0 0

Inrush 16-8-1 0.0000 0 0 0.0000 0 0

16-16-1 0.0000 0 0 0.0000 0 0

16-32-1 0.0000 0 0 0.0000 0 0

Over excitation 16-8-1 0.0000 0 0 0.0000 0 0

16-16-1 0.0000 0 0 0.0000 0 0

16-32-1 0.0000 0 0 0.0000 0 0

CT saturation 16-8-1 0.0000 0 0 0.0000 0 0

16-16-1 0.0000 0 0 0.0000 0 0

16-32-1 0.0000 0 0 0.0000 0 0

Internal fault 16-8-1 1.0000 1 0 1.0000 1 0

16-16-1 1.0000 1 0 1.0000 1 0

16-32-1 1.0000 1 0 1.0000 1 0
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epochs itself. The simulation time taken for PSO training
was also reduced to 4 s. As shown in Fig. 6, an error of 10�15

has been reached by using PSO algorithm after an average
of 520 iterations in the training phase. But in about 5000
iterations, the mean squared error reached by using back
propagation algorithm is about 10�2. In Ref. [4], the PSO
trained ANN was able to discriminate between inrush and
internal fault current waveforms with an accuracy of about
95%. But the proposed scheme was able to discriminate
among four different conditions with 100% accuracy.
Thus comparing the simulation results of both the
cases, PSO trained neural network architecture gives more
accurate (in terms of least sum square error) and also faster
results (in terms of number of iterations required to reach a
pre-specified error criterion and simulation time). Thus,
the proposed ANN-based differential relaying for power
transformer gives promising security (ability to not trip
when it should not), dependability (ability to trip when it
should) and speed of operation (short fault clearing
time).
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Fig. 6. ANN training results with PSO and BP algorithms.

Table 5

Performance comparisons of BPN and PSO training

Parameters BPN PSO

Convergence (iterations) 5000 520

Time taken for simulation (s) 120 4

Mean average error 0.0123 0.0000

Accuracy (%) 98.8 100

Fig. 5. PSO training results.
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Fig. A.1. Flowchart for training and testing the ANN using PBP

algorithm.
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7. Conclusion

A digital transformer differential relay based on the
neural network theory overcomes the drawbacks of
conventional relays used for transformers. In this proposed
work, an ANN model consisting of two different archi-
tectures (IFD and CM) of feed forward neural network for
power transformer protection has been developed. From
the results, it is inferred that these networks are very
efficient in solving classification problems and a digital
differential relay can be considered as a classifier, which
identifies the kind of event, occurs in a transformer. Both
the architectures (IFD and CM) were trained using BPN
and PSO algorithms and the results were compared. It was
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inferred that the back propagation algorithm minimizes an
average sum squared error term by doing a gradient
descent in the error space. But there is a possibility of
getting stuck or oscillating around a local minimum. But
there is a possibility of getting stuck or oscillating around a
local minimum. So, the effectiveness of this method is not
satisfactory. In addition, the convergence of the back
propagation algorithms during the training is sensitive to
the initial values of weights. If the initial values of the
weights are not properly selected, the optimization will be
trapped in a local minimum or maximum. But, while
PSO algorithm was used, that has overcome the
above-mentioned drawbacks of BPN and gives improved
results.
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Table B.1

Transformer rating Operating conditions Discrete sampled data obtained from differential output currents for different operating conditions

16MVA, 110/33 kV Normal 0 �0.1481 207.3747 �0.727 755.20 1.7889 �1.0845 788.35 1.1148 �1.0443 635.56 0.2936 329.63 330.63 �0.4749 606.682

Inrush 0 �0670.6 0 0608.6 1699.9 �3735.2 �2675.4 2999.6 3433.9 0 0 0 4771.8 0 �4133.9 0

Over excitation 0 �0.0004 24.3207 �6.7359 1.2331 6.2082 �11.2082 6.3720 �0.5718 �10.207 9.7868 �1.2971 �6.7013 10.3537 �3.1534 �1.5673

CT saturation 2524.8 14.3 0063.5 0049.8 �0014.4 �0148.2 0014.4 0060.6 0047.2 �0014.4 �0150.7 0014.4 0058.2 0044.9 �0014.4 �0153

Internal �9626.9 4716.7 3441.7 �9125.2 7994.6 �1361.4 �6417.2 9379.0 �5827.8 �2103.4 8575.1 �8834.5 2704.0 5628.4 �9634.2 6590.6

25MVA, 110/33 kV Normal �0 �00.2 364.3 �0001.1 1219.2 002.8 �0001.7 1269.7 01.8 �0001.2 1029.8 0000.5 0550.8 0552.2 �0000.7 0982.5

Inrush 0 �1047.7 0 0950.9 2656.1 �5836.3 �4180.4 4686.7 5365.4 0 0 0 7.4973 0 �6419.2 0

Over excitation �0 �0.0004 38.14 �11.0349 1.9187 9.7149 �17.515 9.9493 �0.8912 �15.95 15.2832 �2.0131 �10.476 16.157 �5.0487 �2.4560

CT saturation 13806 023 099 00078 �00023 �00231 00023 00095 00074 �00023 �00235 00023 00091 00070 �00023 �238

Internal �3933 2200.9 1064.6 �3583.3 3396.3 �0887.9 �2353.8 3.7907 �2621.7 �0539.7 3295.5 �3703.1 1413.8 1989.9 �3862.7 2903.8

5MVA, 110/33 kV Normal �0 �0.1340 106.310 �0.4727 449.30 1.1000 �0.6957 470.70 0.6793 �0.669 375.8700 0.1666 185.2025 185.920 �0.3132 358.96

Inrush 0 �0419.1 0 0380.4 1062.4 �2334.5 �1672.1 1874.8 2146.2 0 0 0 2955.5 0 �2609.7 0

Over excitation �0 �0.0004 12.067 �0.0742 1.0634 3.0759 �5.8315 3.3241 �0.2827 �5.3086 5.0964 �0.660 �3.4809 5.3885 �1.5260 �0.8067

CT saturation 5523.3 009.0 0039.8 0031.1 �0009.0 �0092.6 0009.0 0037.8 0029.4 �0009.0 �0094.1 09.0 0036.5 0028.1 �0009.0 �0095.4

Internal �1974.3 1149.7 0476.5 �1775.5 1723.3 �0503.3 �1138.7 1.8917 �1358.6 �0219.4 1615.5 �1876.6 0755.9 0944.9 �1928.5 1489.6

3MVA, 110/33 kV Normal �0 �0.105 30.6566 �0.2541 202.702 0.5325 �0.3652 214.02 0.3227 �0.3515 167.1961 0.0669 72.3585 72.7910 �0.1725 159.79

Inrush 0 �0209.5 0 0190.2 0531.2 �1167.2 �0836.0 0937.4 1073.1 0 0 0 1444.3 0 �1337.3 0

Over excitation �0 �0.0004 5.9292 �0.0367 10.4725 2.3317 �2.8582 1.6613 �0.1374 �2.6538 2.5450 �0.3224 �1.7399 2.6855 �0.7476 �0.4030

CT saturation 2761.8 0004.5 0019.8 0015.6 �0004.5 �0046.3 0004.5 0018.9 0014.7 �0004.5 �0047.1 0004.5 0018.2 0014.0 �0004.5 �0047.7

Internal �1185.9 0701.3 0272.2 �1061.1 1039.2 �0316.5 �0674.2 1132.9 �0826.9 �0120.1 0960.2 �1132.2 0464.4 0553.9 �1156.6 0901.5

2MVA, 110/33 kV Normal �0 �0.079 8.2131 �0.1605 111.6787 0.3116 �0.2269 118.7332 0.1859 �0.2185 90.8906 0.0326 34.2047 34.4909 �0.1108 86.9021

Inrush 0 �125.7 0 114.116 318.7327 �700.35 �501.60 562.4440 643.847 0 0 0 841.409 0 �826.7214 �13.8125

Over excitation �0 �0.0004 3.4775 �0.0217 6.2078 1.3247 0.3273 6.2623 �0.0634 �1.5886 1.5240 �0.1867 �1.0438 1.6036 �0.4341 �.2418

CT saturation 1.667e3 0.003e3 0.0119e3 0.0093e3 �0.0027e3 �0.0278e3 0.0027e3 0.0113e3 0.0088e3 �0.0027e3 �0.0283e3 0.0027e3 0.0109e3 0.0084e3 �0.0027e3 0.0286e3

Internal 33.755 �82.045 �84.3393 30.4001 102.9351 32.6272 �82.045 �84.3393 30.3999 102.94 32.6273 �82.1 �84.3393 30.4002 102.94 32.6272

16MVA, 110/11 kV Normal �0 0.2031 55.1270 52.7190 �0.1633 �0.0365 0.1955 46.0060 43.9968 �0.1700 �0.0429 0.1893 38.5323 36.8288 �0.175 �0.0483

Inrush 0 �125.73 0 114.1165 318.7327 �700.352 �501.61 562.444 643.848 0 0 0 841.4094 0 �827 �13.8125

Over excitation �0.000 �0.0004 3.4775 �0.0217 6.2078 1.3247 0.3273 6.2623 �0.0634 �1.5886 1.5240 0.187 �1.0438 1.6036 �0.434 �0.2418

CT saturation 1657.1 00273.3 00119 0009.3 �00270 �0027.8 0002.7 0011.3 0008.8 �002.7 �0028.3 002.7 010.9 0008.4 �0027 �0028.6

Internal �0.7446 �50.3396 64.9404 �32.4327 �23.5514 62.5081 �56.0994 9.0061 44.5885 �65.8865 39.3768 15.6546 �59.3677 60.0064 �17.1254 �38.1322

25MVA, 110/11 kV Normal �0 �0.0754 1.6238 �0.5238 91.4455 1.3615 �0.7817 126.2338 0.8667 �0.7421 21.7399 0.2616 �0.4150 1.6408 �0.3044 18.5161

Inrush �0946 13283 14040 10879 13476 12643 10436 13422 11173 10415 13002 09844 10675 12175 8843 11012

Over excitation �0 �0.0002 122.8565 �42.0836 6.4733 34.9399 �62.976 35.3118 �2.4515 �57.4566 54.3972 �11.4064 �37.8619 60.3019 �28.0550 �8.8744

CT saturation 0 �0.0108e�6 0.0216e�6 �0.0636e�6 0.0431e�6 �0.0227e�6 0.1272e�6 0.0183e�6 0.0863e�6 �0.1908e�6 0.0453e�6 �0.1499e�6 0.2545e�6 �0.3590e�6 �0.0366e�6 0.0680e�6

Internal �0.0940 �16.8828 21.6238 �10.6785 �7.9960 20.8892 �18.6222 2.8495 14.9795 �21.9585 13.0042 5.3685 �19.8605 19.9424 �5.5604 �12.8394

5MVA, 110/11 kV Normal �0 �0.0502 0.3086 �0.1209 0.0693 0.2563 �0.1723 5.4066 0.1575 �0.1642 0.2754 0.0366 �0.0986 0.3126 �0.0764 0.0083

Inrush �478.2 2435.0 2587.2 1887.4 2837.0 2297.6 1938.6 2820.1 1935.7 2062.2 2667.2 1653.1 2226.4 2396.9 1495.3 2365.1

Over excitation �0 �0.0002 28.3820 �8.4724 1.3907 7.3462 �12.5631 7.1622 �0.7011 �11.4404 11.0248 �1.5313 �7.5080 11.7741 �4.3436 �1.7479

CT saturation 0 �0.0108e�6 0.0216e�6 �0.0636e�6 0.0431e�6 �0.0227e�6 0.1272e�6 0.0183e�6 0.0863e�6 �0.1908e�6 0.0453e�6 �0.1499e�6 0.2545e�6 �0.3590e�6 �0.0366e�6 �0.0680e�6

Internal �0.1507 �16.8453 21.6327 �10.7272 �7.9425 20.8698 �18.6507 2.9056 14.9371 �21.9598 13.0489 5.3136 �19.8345 19.9647 �5.6151 �12.7923

3MVA, 110/11 kV Normal �0 �0.0378 0.1812 �0.0764 0.0377 0.1499 �0.1073 0.1083 0.0906 �0.1024 0.1614 0.0181 �0.0630 0.1837 �0.0497 0.0011

Inrush �300.2 1357.6 1427.5 1061.4 1673.1 1319.1 1147.4 1676.9 1116.0 1238.0 1577.69 56.4 1342.9 1406.3 0874.8 1425.7

Over excitation �0 �0.0002 16.9908 �4.1425 0.8408 4.4175 �7.5356 4.3031 �0.4259 �6.8608 6.6229 �0.9726 �4.5003 7.0827 �2.5009 �1.0434

CT saturation 0 �0.0108e�6 0.0216e�6 �0.0636e�6 0.0431e�6 �0.0227e�6 0.1272e�6 0.0183e�6 0.0863e�6 �0.1908e�6 0.0453e�6 �0.1499e�6 0.2545e�6 �.3590e�6 �0.0366e�6 �0.0680e�6

Internal �0.2216 �16.7977 21.6428 �10.7879 �7.8765 20.8451 �18.6859 2.9759 14.8826 �21.9615 13.1045 5.2440 �19.8017 19.9921 �5.6833 �12.7333

2MVA, 110/11 kV Normal �0 �0.0280 0.1194 �0.0524 0.0236 0.0984 �0.0730 0.0708 0.0589 �0.0697 0.1061 0.0106 �0.0435 0.1210 �0.0346 �0.0007

Inrush �203.3 854.5 879.4 653.5 1076.8 836.2 742.6 1096.9 716.9 816.0 1033.6 618.4 890.2 918.5 570.2 945.8

Over excitation �0 �0.0002 11.2935 �0.0682 1.5193 2.9427 �5.0229 2.8704 �0.2846 �4.5726 4.4174 �0.6539 �2.9987 4.7264 �1.6390 �0.6938

CT saturation 0 �0.0108e�6 0.0216e�6 �0.0636e�6 0.0431e�6 �0.0227e�6 0.1272e�6 0.0183e�6 0.0863e�6 �0.1908e�6 0.0453e�6 �0.1499e�6 0.2545e�6 �0.3590e�6 �0.0366e�6 �0.0680e�6

Internal �1.241 �83.886 108.24 �54.0007 �39.2501 104.1811 �93.4955 14.9824 74.2798 �109.8123 65.5917 26.0906 �98.9486 100.0140 �28.4991 �63.5206
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16MVA, 66/33 kV Normal �0 �0.0793 131.0846 �0.9142 862.2454 2.4309 �1.3855 910.103 1.5387 �1.3268 710.7748 0.4511 307.3426 309.1715 �0.5670 678.8184

Inrush �.4530e4 1.2551e4 1.2241e4 0.6906e4 1.6196e4 1.0769e4 0.8815e4 1.6751e4 0.8366e4 1.0756e4 1.5647e4 0.6528e4 1.2743e4 1.3408e4 0.5810e4 1.4297e4

Over excitation �0 �0.0002 6.6611 �0.0455 13.6891 1.0649 �3.5265 2.4933 �0.1277 �4.0589 3.7581 �0.3105 �2.6646 3.7431 �0.7358 �0.6283

CT saturation 0 �0.0054e�5 0.0108e�5 �0.0318e�5 0.0216e�5 �0.0113e�5 0.0636e�5 0.0092e�5 0.0431e�5 �0.0954e�5 0.0227e�5 �0.0749e�5 0.1272e�5 �0.1795e�5 �0.0183e�5 �0.034e�5

Internal �0.8103 �84.1757 108.1736 �53.6302 �39.6560 104.3319 �93.2792 14.5581 74.6051 �109.8026 65.2528 26.5169 �99.1490 99.8470 �28.0837 �63.8843

25MVA, 66/33 kV Normal �0 �1 227.3 �001.4 1368.9 3.8 �0.002.1 1442.9 2.4 �02.1 1130.6 007 499.5 502.3 �0000.9 1079.2

Inrush �0.6976e4 2.0649e4 2.0914e4 1.2096e4 2.6241e4 1.8033e4 1.4318e4 2.6731e4 1.3857e4 1.6988e4 2.4959e4 1.0741e4 1.9971e4 2.1506e4 0.9415e4 2.2403e4

Over excitation �0 �0.0002 10.4663 �0.0712 2.2303 1.6150 �5.5267 3.8945 �0.1999 �6.3433 5.8706 �0.4844 �4.1652 5.8434 �1.1450 �0.9839

CT saturation 0 �0.0054e�5 0.0108e�5 �0.0318e�5 �0.0216e�5 �0.0113e�5 0.0636e�5 0.0092e�5 0.0431e�5 �0.0954e�5 0.0227e�5 �0.0749e�5 0.1272e�5 �0.1795e�5 �0.0183e�5 �0.0340e�5

Internal �3.8658 �82.0555 108.5445 �56.2132 �36.7450 103.1914 �94.7449 17.5588 72.2311 �109.7901 67.6145 23.5137 �97.6594 100.9611 �30.9896 �61.2906

5MVA, 66/33 kV Normal �0 �0.0690 16.9217 �0.3047 246.0252 0.7411 �0.4510 261.6568 0.4628 �0.4321 200.0166 0.1234 74.5090 75.1455 �0.1941 191.203

Inrush �1.4307e3 3.5768e3 3.1512e3 1.5017e3 4.4122e3 2.6275e3 2.1842e3 4.6589e3 2.0189e3 2.9389e3 4.4016e3 1.5860e3 3.6611e3 3.7632e3 1.4771e3 0.1987e3

Over excitation �0 �0.0002 2.0120 �0.0140 4.2151 0.3315 �0.0369 4.2927 �0.0381 0.9017 3.6089 �0.0613 0.6648 1.1844 �0.2238 �0.1954

CT saturation 0 �0.0054e�5 0.0108e�5 �0.0318e�5 0.0216e�5 �0.0113e�5 0.0636e�5 0.0092e�5 0.0431e�5 �0.0954e�5 0.0227e�5 �0.0749e�5 0.1272e�5 �0.1795e�5 �0.0183e�5 �0.0340e�5

Internal �6.3924 �80.2065 108.7220 �58.2925 �34.2948 102.1233 �95.8436 20.0222 70.1781 �109.6490 69.4840 20.9966 �96.3090 101.7644 �33.3596 �59.0722

3MVA, 66/33 kV Normal �0.0000 �0.0609 0.5252 �0.1915 136.7723 0.4362 �0.2790 146.4270 0.2693 �0.2683 109.7107 0.0659 34.6398 35.0451 �0.1244 104.906

Inrush �0.8594e3 2.1005e3 1.7934e3 0.7889e3 2.5186e3 1.4254e3 1.1678e3 2.6436e3 1.0537e3 1.6218e3 2.4904e3 0.8062e3 2.0663e3 2.1177e3 0.7591e3 2.4012e3

Over excitation �0.0000 �0.0002 1.1688 �0.0083 2.4925 0.1628 �0.0218 2.5412 �0.0223 0.5082 2.1329 �0.0360 1.3542 1.3509 �0.0489 2.0084

CT saturation 0 �0.0054e�5 0.0108e�5 �0.0318e�5 .0216e�5 �0.0113e�5 0.0636e�5 0.0092e�5 0.0431e�5 �0.0954e�5 0.0227e�5 �0.0749e�5 0.1272e�5 �0.1795e�5 �0.0183e�5 �0.0340e�5

Internal �9.5131 �77.7945 108.7794 �60.7735 �31.2031 100.6471 �97.0655 23.0467 67.5355 �109.3079 71.7023 17.8495 �94.4901 102.6097 �36.2473 �56.2406

2MVA, 66/33 kV Normal �0.0000 �0.0526 0.3444 �0.1333 84.1997 0.2853 �0.1905 90.8046 0.1741 �0.1842 66.4883 0.0386 16.5860 16.8673 �0.0881 63.5830

Inrush �0.5732e3 1.3845e3 1.1609e3 0.4842e3 1.6294e3 0.8908e3 0.7196e3 1.6984e3 0.6348e3 1.0173e3 1.5920e3 0.4700e3 1.3142e3 1.3445e3 0.4428e3 1.5403e3

Over excitation �0.0000 �0.0002 0.7491 �0.0054 1.6328 0.0800 �0.0142 1.6667 �0.0145 0.3125 1.3959 �0.0234 0.8777 0.8757 �0.0318 13151

CT saturation 0 �0.0054e�5 0.0108e�5 �0.0318e�5 0.0216e�5 �0.0113e�5 0.0636e�5 0.0092e�5 0.0431e�5 �0.0954e�5 0.0227e�5 �0.0749e�5 0.1272e�5 �0.1795e�5 �0.0183e�5 �0.0340e�5

Internal �0.3842 �56.2217 72.0909 �35.6188 �26.5826 69.6101 �62.1055 9.5519 49.8559 �73.1977 43.3801 17.8271 �66.1716 66.5039 �18.5738 �42.7174

16MVA, 66/22 kV Normal �0.3842 �56.2217 72.0909 �35.6188 �26.5826 69.6101 �62.1055 9.5519 49.8559 �73.1977 43.3801 17.8271 �66.1716 66.5039 �18.5738 �42.7174

Inrush �0.0000 �0.0793 131.0852 �0.9142 862.2472 2.4309 �1.3856 910.1059 1.5388 �1.3275 710.7784 0.4509 307.3464 309.1760 �0.5670 678.8235

Over excitation �0.4358e4 1.3806e4 1.4320e4 0.8275e4 1.7019e4 1.2055e4 0.9265e4 1.7230e4 0.9250e4 1.0826e4 1.6165e4 0.7158e4 1.2686e4 1.4039e4 0.6189e4 1.4256e4

CT saturation �0.0000 �0.0002 18.9047 �4.1672 1.1055 4.4623 �10.0395 5.6832 �0.4031 �9.1427 8.6707 �0.9466 �6.0009 8.9922 �2.1905 �1.4051

Internal 0 �0.0036e�5 0.0072e�5 �0.0212e�5 0.0144e�5 �0.0076e�5 0.0424e�5 0.0061e�5 0.0288e�5 �0.0636e�5 0.0151e�5 �0.0500e�5 0.0848e�5 �0.1197e�5 �0.0122e�5 �0.0227e�5

25MVA, 66/22 kV Normal �0.2564 �56.3053 72.0717 �35.5104 �26.7011 69.6533 �62.0415 9.4281 49.9535 �73.1952 43.2776 17.9541 �66.2303 66.4526 �18.4501 �42.8246

Inrush �0.0000 �0.0001e3 0.2273e3 �0.0014e3 1.3689e3 0.0038e3 �.0021e3 1.4429e3 0.0024e3 �0.0021e3 1.1306e3 0.0007e3 0.4995e3 0.5023e3 �.0009e3 1.0792e3

Over excitation �0.6401e4 2.2578e4 2.3908e4 1.3646e4 2.6494e4 1.9759e4 1.4515e4 2.6887e4 1.5309e4 1.6660e4 2.5495e4 1.187e4 1.9415e4 22450 1.0085e4 2.1872e4

CT saturation �0.0000 �0.0002 29.5923 �7.3624 1.7144 6.9316 �15.6906 8.8667 �0.6218 �14.2923 13.5254 �1.4507 �9.3860 13.9857 �3.3374 �2.2080

Internal 0 �0.0036e�5 0.0072e�5 �0.0212e�5 0.0144e�5 �0.0076e�5 0.0424e�5 0.0061e�5 0.0288e�5 �0.0636e�5 0.0151e�5 �0.050e�5 0.0848e�5 �0.1197e�5 �0.0122e�5 �0.0227e�5

5MVA, 66/22 kV Normal �1.1639 �55.6934 72.2030 �36.2883 �25.8451 69.3345 �62.4935 10.3198 49.2599 �73.2120 43.9914 17.0637 �65.8073 66.8018 �19.3189 �42.0643

Inrush �0.0000 �0.0690 16.9225 �0.3047 246.0292 0.7410 �0.4514 261.6610 0.4628 �0.4323 200.0205 0.1234 74.5111 75.1466 �0.1942 191.2055

Over excitation �1.4234e3 3.7870e3 3.5737e3 1.9368e3 4.8643e3 3.1416e3 2.6090e3 5.0911e3 2.4595e3 3.2783e3 4.7757e3 1.9335e3 3.9293e3 4.0871e3 1.7439e3 4.4236e3

CT saturation �0.0000 �0.0002 5.8373 �0.0369 10.7405 1.9857 �3.0720 1.7783 �0.1259 �2.8553 2.7123 �0.2984 �1.8729 2.8181 �0.6963 �0.4362

Internal 0 �0.0036e�5 0.0072e�5 �0.0212e�5 0.0144e�5 �0.0076e�5 0.0424e�5 0.0061e�5 0.0288e�5 �0.0636e�5 0.0151e�5 �0.0500e�5 0.0848e�5 �0.1197e�5 �0.0122e�5 �0.0227e�5

3MVA 66/22 kV Normal �1.9185 �55.1697 72.2946 �36.9268 �25.1273 69.0515 �62.8572 11.0596 48.6741 �73.2081 44.5768 16.3229 �65.4387 67.0788 �20.0353 �41.4281

Inrush �0.0000 �0.0609 0.5252 �0.1916 136.7727 0.4360 �0.2793 146.4280 0.2693 �0.2678 109.7100 0.0659 34.6388 35.0427 �0.1245 104.9048

Over excitation �0.8574e3 2.1838e3 1.9690e3 0.9865e3 2.7409e3 1.6842e3 1.4059e3 2.8942e3 1.3124e3 1.8478e3 2.7313e3 1.0366e3 2.2678e3 2.3376e3 0.9550e3 2.5802e3

CT saturation �0.0000 �0.0002 3.4618 �0.0220 6.4081 1.1564 0.0881 6.4777 �0.0633 �1.7116 1.6264 �0.1767 �1.1234 1.6892 �0.4133 �0.2614

Internal 0 �0.0036e�5 0.0072e�5 �0.0212e�5 0.0144e�5 �0.0076e�5 0.0424e�5 0.0061e�5 0.0288e�5 �0.0636e�5 0.0151e�5 �0.0500e�5 0.0848e�5 �0.1197e�5 �0.0122e�5 �0.0227e�5

2MVA 66/22 kV Normal �2.8589 �54.5025 72.3873 �37.7132 �24.2274 68.6802 �63.2901 11.9802 47.9280 �73.1831 45.2889 15.3967 �64.9615 67.4026 �20.9248 �40.6144

Inrush �0.0000 �0.0526 0.3444 �0.1333 84.2016 0.2851 �0.1915 90.8060 0.1741 �0.1839 66.4893 0.0386 16.5872 16.8676 �0.0881 63.5835

Over excitation �0.5724e3 1.4233e3 1.2448e3 0.5830e3 1.7450e3 1.0279e3 0.8524e3 1.8412e3 0.7845e3 1.1555e3 1.7392e3 0.6140e3 1.4466e3 1.4859e3 0.5736e3 1.6638e3

CT saturation �0.0000 �0.0002 2.2748 �0.0146 4.2412 0.7407 0.0299 4.2902 �0.0417 1.2233 3.6553 �0.0659 �0.6273 1.1281 �0.2708 �0.1740

Internal 0 �0.0036e�5 0.0072e�5 �0.0212e�5 0.0144e�5 �0.0076e�5 0.0424e�5 0.0061e�5 0.0288e�5 �0.0636e�5 0.0151e�5 �0.0500e�5 0.0848e�5 �0.1197e�5 �0.0122e�5 �0.0227e�5
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