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Abstract-- Artificial intelligence techniques have been proposed
for several applications related to electrical power systems. For
instance, artificial neural networks (ANN) have been used to
improve the performance of power system protection functions,
such as inrush current detection. The aim of this paper is to
analyze the use of an ANN fed by the harmonic content of
differential currents used in inrush detection functions
implemented in transformer differential relays, discussing its
training and test procedures. The ANN training and testing
process was performed by the Stuttgart Neural Network
Simulator developed for R language (RSNNS). The data used for
these purpose were obtained from simulations with the Alternative
Transients Program (ATP). The training and testing process was
performed several times by varying the number of neurons used
in the hidden layer. The mean and the variance of the mean error
were evaluated to define the best ANN topology.
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Networks, Artificial Intelligence.
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I. INTRODUCTION

rtificial intelligence techniques have been proposed for
several applications related to electrical power systems. For
instance, artificial neural networks (ANN) have been used to
improve the performance of power system protection functions,
such as inrush current detection [1-4]. The aim of this paper is
to analyze the use of an ANN fed by the harmonic content of
differential currents used in inrush detection functions
implemented in transformer differential relays. These functions
are used to avoid tripping during transformer energization,
when the currents flowing through the energized winding may
be incorrectly interpreted by the differential relay as a fault.
Since inrush currents have significant harmonic content, the
most common algorithm used for their identification is the
second harmonic blocking. Its role is to disable the differential
protection function when the second harmonic content becomes
higher than a preset value. However, this second harmonic
blocking function has two problems [5]. First, setting this
function is a complicated task. A common practice is to use a
standard value defined either by the relay manufacturer or by
past studies that not necessarily take into account the
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parameters of the protected transformer. The second problem is
that the performance of each individual phase element in a
protected three-phase transformer is poor. To solve this
problem, protective relay manufacturers usually make a
composition of the three phase elements in their algorithms. For
example, in the crossblocking algorithm all differential
elements are blocked when the second harmonic blocking
element of any phase is picked up. Although this improves
significantly the performance of the differential relay during
inrush conditions, the algorithm may not work properly during
an energization followed by a fault, because the element of a
healthy phase could block the element of a faulted one.
Because of this, new inrush detection functions have been
the subject of several studies. Some of these studies use an ANN
fed by the samples of a sliding window of each winding current
or, alternatively, by the differential currents [1,4]. Other option
is to use the harmonic content of these currents as input [2,3].
In this study, the harmonic content of the differential current is
used as input of an ANN with one hidden layer in the Stuttgart
Neural Network Simulator developed for R language (RSNNS)
[6]. The number and the order of the considered harmonic
components as well as the number of neurons of the hidden
layer are varied to define a topology that returns smaller errors.
To perform the training and the test of the proposed ANN,
several cases were generated using a routine developed in
Scilab, which uses the Monte Carlo method to formulate cases
to be simulated in the Alternative Transient Program (ATP) [5].
Four different situations were simulated: transformer
energization, external faults, internal bushing faults and internal
turn-to-ground faults. For each case, the instantaneous value of
the differential current of each phase was calculated and
submitted to a one-cycle Least Mean Square algorithm that
calculates the harmonic content from the fundamental
frequency to the fifth one [7]. The output of all cases was treated
to eliminate redundant points and combined to create a single
data matrix, which was exported to a Comma Separated Value
(CSV) file. Then, this CSV file was read by a routine developed
in R language to train and test the proposed ANN.
After performing the traditional training and testing
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procedures that are focused on the performance of each sample,
a dynamic test was accomplished. On this dynamic test, results
of some simulated cases were submitted to the trained ANN and
the responses were compared to the traditional second harmonic
blocking technique. The same was done for inrush currents
extracted from actual oscillographic records. This dynamic test
was used to verify the time response of each proposed ANN.
This paper is organized as follows. Section 2 shows an analysis
of the traditional inrush detection technique as a simple
Perceptron ANN. Section 3 shows the ANN topologies used in
this study as well as the strategies adopted to train and test them.
Section 4 presents a discussion of the obtained results. Finally,
Section 5 presents the conclusions.
II. TRADITIONAL INRUSH DETECTION TECHNIQUE AS A SIMPLE
PERCEPTRON ANN
As mentioned previously, most of the differential relays
available in the market simply use the ratio between the second
harmonic component and the fundamental component of
differential currents to make the detection of the inrush
currents. This procedure results in a linear separator, whose
separation surface is shown in Fig. 1. This separation surface
was built in a three dimension graphic whose axes x and y are
the function inputs (fundamental and the second harmonic
component) and the z axis is the function output. The output is
set to 1 if the algorithm interprets the current as an inrush one
and 0 otherwise.

affect the relay performance [8], a better strategy would be to
perform an individual study using an electromagnetic transient
analysis tool.

Fig. 2. Architecture of the ANN equivalent to the traditional inrush detection
technique.

The second problem related to the traditional technique is its
performance in practical conditions. Usually, in differential
relays, this technique is applied to each phase individually. The
individual results obtained for each phase are then combined to
generate a single blocking output. This is done to minimize the
errors (misoperations) associated with the individual
performance of each phase element, which can amount to 40%
[9]. One way to combine the output of each phase element is to
use the crossblocking algorithm, in which the blocking output
is activated if any phase element is activated. This procedure
strongly minimizes the probability of misoperations associated
with the energization of transformers. However, it could lead to
the incorrect operation of the relay during an energization
followed by a single-phase (or even two-phase) fault. It could
happen because the element of a healthy phase could block the
relay. So, improving the performance of the individual phase
elements in a differential relay is important.
III. USING ANN CONCEPTS TO IMPROVE THE PERFORMANCE
OF THE HARMONIC INRUSH DETECTION ALGORITHM

Fig. 1. Separation surface of the traditional inrush detection algorithm.

The separation surface presented in Fig. 1 refers to an ANN
formed by a single Perceptron neuron with two inputs and a null
bias. Fig. 2 shows the architecture of this ANN. This traditional
technique has, basically, two problems. The first problem is the
definition of the ratio of the second harmonic used as a
reference, which corresponds to the weight w1 in the ANN
presented in Fig. 2. Usually, this parameter is set on a
differential relay based solely on the recommendation of the
manufacturer, without taking into account the size of the power
transformer or its core topology [5]. Since this practice can

The aim of this study is to investigate a way to improve the
performance of the harmonic inrush detection algorithm of
differential relays. To do this, the ANN presented in Fig. 2 was
modified. A hidden layer was added to generate a non-linear
separation surface. The number of neurons of this hidden layer
was varied from 1 to 10. Another tested modification was the
addition of other inputs. In this case, three different situations
were tested:
•2 inputs network (fundamental and 2nd harmonic
components)
•3 inputs network (fundamental, 2nd and 4th harmonic
components)
•4 inputs network (fundamental, 2nd, 4th and 5th harmonic
components)
The third harmonic component was not tested because it is a
homopolar component that is frequently filtered out by delta
windings of transformers, by current transformer arrangements
and by pre-processing algorithms of relays. Therefore, existing
protective relays usually neither calculate this. However, it is
important to point that this third harmonic component could not
have a homopolar behavior during inrush transients.

A. Obtaining the Training and Test Dataset
The dataset was obtained by means of simulations in ATP
using the Monte Carlo method, in which the random parameters
that could affect the problem were modelled according to their
probability density functions. To do this, a Scilab routine was
created to generate the corresponding datacases. The
implemented Monte Carlo method and the considered
probability density functions are discussed in detail in [5]. Four
different situations were simulated using the parameters of an
actual 41 MVA 138 - 34.5 - 13.8 kV power transformer: (i)
power transformer energization; (ii) external faults; (iii)
bushing faults (inside the differential protection zone); (iv)
turn-to-ground faults. For each situation, 20 cases were
simulated. The expected output was set to 1 for the energization
cases and to 0 for the other cases.
The Scilab routine also calculates the differential current for
each case and applies on it a Least Mean Square filter [7] to
determine the harmonic content from the fundamental
frequency to the fifth one. This filter uses thirteen regression
factors: three to make an approximation of the exponential
decay and two for each calculated harmonic component. A
moving average filter was also used to stabilize the outputs.
The outputs obtained for the moving windows from one cycle
after the simulated event to the end of the simulation were
stored in the dataset. Since the time of occurrence of the event
is one of the random variables that change from case to case,
the number of points stored on each case varies. At the end of
the execution of this procedure, the dataset had 4574 elements.
Then, this dataset was exported to a CSV file.

a smaller quantity of neurons were used in the hidden layer, the
underfitting phenomena should occur.

Fig. 3. Boxplot of the mean error obtained for 2 inputs ANN.

Fig. 4 shows one example of separation surface obtained by
an ANN with two inputs and 7 neurons in the hidden layer.
Comparing the separation surfaces presented in Fig. 1 and 4 it
is possible to see the changes on the classification process
associated with the use of the ANN, which results in a
performance improvement.

B. ANN Training and Testing Procedure
The CSV file generated by the Scilab routine is read by
another routine developed using the R language. This R routine
makes the training and testing of the different ANN topologies
mentioned previously.
Before starting the training and testing procedure, the R
routine removes the redundant elements of the dataset and adds
some points in the origin to avoid the setting of the blocking
function of the relay during the normal operation of the power
transformer. Then, the remaining elements are randomly
divided in 2 subsets: one used to train the ANN and another to
test it. The training subset has, approximately, the double of the
size of the testing one.
This training and testing procedure was repeated 20 times.
After that, the mean and the variance of the individual mean
errors were calculated to perform a stochastic analysis of the
performance of each topology.
IV. OBTAINED RESULTS
By applying the traditional technique, which uses the ratio
between the second harmonic and the fundamental component
of the differential current, the mean error obtained in the
simulations was of 0.29 for a reference set of 0.15.
Fig. 3 shows the boxplot of the mean error obtained for the
topologies that use 2 inputs. It is seen that the mean error
stabilizes when 7 neurons are used in the hidden layer. In this
case, the mean error is approximately 0.07, which is much
smaller than the error obtained with the traditional technique. If

Fig. 4: Example of separation surface obtained for a 2 inputs ANN.

Fig. 5 and 6 show the boxplot of the mean error obtained for
the topologies that use 3 and 4 inputs, respectively. Fig. 7 then
shows the mean and the variance of the mean error extracted
from the boxplots of Fig. 4, 5 and 6. From the presented
graphics it can be seen that increasing the number of inputs
improves the performance of the ANN. By analyzing the mean
and the variance of the mean error of the tested topologies it is
possible to conclude that 7 is a reasonable number of neurons
to be used in the hidden layer for all tested ANN topologies.

a particular case in which the conventional technique would fail
for the element of phase C. It happens because the second
harmonic component of the differential current of phase C
reaches values smaller than 20% of the fundamental
component, which is a ratio commonly used in the setting of the
traditional technique.
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Fig. 5: Boxplot of the mean error obtained for 3 inputs ANN.
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Fig. 8: Example of inrush currents of an energization situation in which the
conventional technique could fail.

Fig. 6: Boxplot of the mean error obtained for 4 inputs ANN.
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Fig. 7: (a) Mean and (b) variance of the mean error.

A. Testing the performance of proposed ANN
Fig. 8 shows an example of inrush currents extracted from a
simulation that was not included in the training dataset. This is

Fig. 9 shows the corresponding time-domain output for the
conventional technique and for the ANN tested in this study
using 7 neurons in the hidden layer. It is seen that when the
traditional technique is used, the inrush detection function stops
the blocking after approximately 30 ms, allowing the
differential algorithm to operate. In this case, the relay operates
improperly. It is also seen that the output of the 2 inputs ANN
is very unstable. A more stable behavior is obtained with the 3
and 4 inputs ANN, even though dips are observed in both cases.
It is to be noted that the output of the ANN is not binary because
it is provided by a sigmoidal function. This explains the signal
fluctuations observed in the plots corresponding to the 2, 3 and
4 inputs ANN shown in Fig. 9. These fluctuations are mainly
caused by the inrush current of phase C (see Fig. 8), which leads
to a situation whose points are very close to the edge of the
separation surface for all the three tested ANN.
To convert the output of a given ANN into a binary one it is
necessary to define a threshold value. If this threshold is
properly chosen, using the ANN may improve the performance
of the inrush detection algorithm. For instance, Fig. 10 shows
the output of the ANN with 3 inputs for a threshold of 0.6. This
figure demonstrates the improvement in the detection algorithm
associated with using the ANN. However, even in this case a
possible misoperation would occur due to the dip shown in Fig.
10. To minimize the observed fluctuations and improve the
stability of the algorithm, an integration of the output as
mentioned in [5] could be performed. This would be useful for
the 3 and 4 inputs ANN, but possibly not for the 2 inputs ANN,
which presents a very unstable behavior as shown in Fig. 9.

Fig. 9: Outputs of the inrush detection made by the conventional technique and
different proposed ANN for the inrush currents shown in Fig. 8.

Fig. 12: Outputs of the inrush detection made by the conventional technique
and different proposed ANN for the inrush currents shown in Fig. 11.

V. CONCLUSIONS

Fig. 10: Outputs of the inrush detection made by the 3 inputs ANN with a
threshold of 0.6.

B. Testing the performance of the proposed ANN with
actual oscillographic records
Fig. 11 shows an example of an actual oscillographic record
extracted from a differential relay that shows the inrush currents
during a transformer energization. The magnitude of the
currents is expressed in secondary values. Fig. 12 shows the
outputs of the inrush detection of phase C using the
conventional technique and the ANN proposed in this study.
Once again it is possible to observe the improvement associated
with the use of the ANN, which provided stable outputs for all
three topologies whilst the conventional technique output
presented a valley that could induce the relay to operate
improperly.

From the obtained results, it can be concluded that using
artificial neural networks can improve the performance of
inrush detection functions used in differential relays.
The application of the Monte Carlo method to generate
simulation cases is useful to build a representative training
dataset. The addition of points in the origin of the training
dataset avoids the setting of the ANN output during the normal
operation of the power transformer. However, since the relay is
not expected to trip in this situation, this is not mandatory.
A stochastic analysis of the mean error shows that 7 neurons
are enough to obtain a good performance of the ANN for all
three tested topologies. Moreover, it was also shown that using
a greater number of harmonic components as inputs reduces the
mean error. An additional conclusion is that the selection of the
threshold value used to set the inrush detection function output
is important to obtain good results. Furthermore, this output
could be integrated to give more stability to the function.
It is important to point out that the harmonic content used as
input of all tested ANN topologies is available in several
commercial transformer differential relays. Since these relays
allow the user to create logic operations using analogic
quantities, they could be programmed to include any of the
ANN discussed in this paper. Such implementation will be
investigated in future studies to evaluate the challenges faced in
practical conditions.
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