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Abstract: This paper presents the modeling of Breakdown
Voltage (BV) for Leatherite Paper of different thicknesses
with artificially created voids of different sizes using
Artificial Neural Network (ANN). The study is essentially
based on Partial Discharge (PD) mechanism occurring under
step-stress condition.

It was found in this study that the ANN seems to estimate the
breakdown voltage within a mean absolute error of 1.13% for
the data sets different from those of training data sets;
however, they are lying within the range of training data sets.

may interpolate all the training points. The Back Propagation
Algorithm (BPA) is one of the most important developments
in neurocomputing and is widely employed learning
algorithm for training multilayer networks because of its
simplicity, ease in implementation and above all the fact that
it generally yields good results [5].

In this paper, the modeling ofBV for Leatherite Paper, often
used for electrical machine insulation at ac voltage is
presented. The result shows that with a proper selection of a
network structure and learning parameters the BV can be
modeled quite effectively using an ANN.

INTRODUCTION
The real insulation systems are often heterogeneous and non-
linear [1]. Quality of insulation systems is often assessed in
terms of the breakdown strength of the dielectric. During
manufacturing process of solid insulation, air or gas is often
entrapped within it and is reduces the working life of solid
insulating materials. Due to the application of voltage while
in service, the electrical stress experienced by the void,
created due to entrapped air or gas, exceeds a certain critical
value and thus initiates PD. These eventually cause
degradation of the insulation material as a whole and lead to
the final breakdown. Beside partial discharge, BV is also
influenced by many other physical parameters, such as,
voltage waveform, frequency, temperature, humidity,
impurities, thickness of the insulation, and dielectric constant
[2].

To investigate various aspects of solid insulating materials,
such as, to understand their general properties, electrical
characteristics and aging effect extensive studies have
already been carried out. Various studies have also been done
to evaluate the breakdown voltage and its dependence on
various electrode configurations [3]. The choice of test
procedure to know the BV of a typical insulation or
insulation systems is determined by the test objective.
Constant voltage tests provide reliable comprehensive data
for the distribution function of the breakdown time but is
time consuming [4]. An accelerated test with increase in
voltage stress in discrete step is also used for an electrical
insulation study and is widely accepted by the insulation
designers. With this method the stress at which the insulation
breaks down and time to failure is taken as the observed
variable.

In last couple of decades or so, Artificial Neural Network
(ANN) has drawn attention to the researchers due to their
highly nonlinear modeling power, since the learned function
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EXPERIMENTAL SET-UP
Sample Preparation
The samples are prepared from commercially available
insulation sheets. Three different thicknesses of the
insulation, 0.18, 0.23 and 0.3 mm were used here. The
surface of the insulating sample were cleaned and kept dry,
since contamination on insulating specimen or absorption of
moisture may affect the breakdown voltage. Before testing,
the conditioning procedure adopted to condition the test
specimen is in accordance with that laid in ASTM Handbook
[6]. This avoids surface discharges at a much lower level of
voltage.

Creation ofVoid
The voids are artificially created by means of a spacer made
up of Kapton film, with a punched hole whose diameter
varies from 1 to 5 mm in size, at the centre. The spacer used
is of different thicknesses varying from 0.0625 mm to 0.25
mm. Thus, the volume of air space, that is, the sizes of the
void depends on a typical diameter of the punched hole and
the thickness ofthe spacer.

Electrode Geometry
In this study, CIGRE II electrode system as shown in Figure
1 is used for the BV measurements. The electrodes used
were made of brass. They were polished, buffed and cleaned
with ethanol before the start of experiment. Further, the
electrodes contact surfaces are cleaned by ethanol between
two consecutive applications of voltages. Sufficient care had
been taken to keep the electrode surfaces untouched and free
from scratches, dust and other impurities. The insulation
sample is sandwiched between the electrodes as shown in
Figure 1.
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Figure 1: CIGRE Method II Electrode System

Measurement ofbreakdown voltage
The 50 Hz. AC voltage was applied to the set-up that is
obtained from 60 kV discharge free testing transformer
(Siemens, AG). The voltage is raised in steps of 500 V and
held constant for a period of 30 s in each level until
breakdown occurs. The total time of applied voltage and the
voltage at which breakdown occurs were noted down. Five
data points were obtained for each time interval for a

particular sample. All tests were carried out at ambient
temperature.

The physical examination of the samples showed, in general,
that the breakdown occurs at the center of the insulation
samples. Further, it is seen that the magnitude of the
breakdown voltages are lying within close vicinity. A mean

value of the five such breakdown voltages are taken for the
modeling purpose.

DETAILS OF THE PROPOSED MODEL

Structure ofANN

The ANN employed in this work is a three-layer feed-
forward network as shown in Figure 2. The input layer
consists of three neurons, corresponding to the insulation
thickness, t depth of void, t1 and diameter of void, d. The
number of output neurons is determined by the number of
estimated parameters, therefore, only one neuron in this case

which corresponds to the BV, vb. The back-propagation
algorithm with momentum rate is used to train the network.
The sigmoidal function represented by equation (1) is used as

the activation function for all the neurons except for those in
the input layer.

S(x) = 1±/+e[lx] (1 )
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Figure 2: Schematic diagram of the multilayer feedforword
network.

Number ofhidden neurons

The choice of optimal number of hidden neurons is perhaps
the most interesting and challenging aspect in designing
multilayer feed-forward networks. One approach to this
problem is presented by Hecht-Nielsen [7], which is the basis
for the present work. He uses ANN interpretation of
Kolmogorov's theorem to arrive at the upper bound on the
number of hidden neurons for a single hidden layer network
as 2(N +±1), where N, is the number of input neurons.

C Input - output data scaling

In this study, each input or output data xi is normalized as p1

before being fed to the NN according to

pi xi /xmax i = 1,2 ...............,n (2)

Where x, and Xmax are the actual data and the maximum
value of the input ( or output) data respectively, and n is the
number of input-output pairs.

Choice of ANN parameters

It is well-known that the learning rate, rq and the momentum
factor, oc have a very significant effect on the learning speed
of the back propagation algorithm (BPA). A large value of rq
although results in faster convergence but often leads to
oscillation. On the contrary, a small value of rq stabilizes the
process but leads to slower convergence and increases the
susceptibility of getting entrapped in a local minimum.
Similarly, a decrease in momentum factor, oc when
connection weights are updated in the correct directions (i.e.
when the error is reducing) will improve convergence. On
the other hand, if the update direction is wrong, that is, the
error increases with respect to previous iteration, the value of
oc should be increased. Lack of theoretical foundation for
ANN leads to a choice of rq and oc as dictated by the
application and experience in that domain. Rumelhart et al.
[8] suggest that good results are normally obtained with r=

0.25 and oc=0.9 for most applications, although other values
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also have been used successfully. Thus, the optimal values of
1q and oc are problem dependent.

Evaluation Criterion

There are two qualitative measurements considered here to
reveal the status of the learning process or the status of BV
estimation. One is the Root Mean Squared (RMS) error of
the training data, Etr ; the other is the Mean Absolute Error
(MAE) of the test data, Ets. They are defined as

Etr = {I (Tp Op)2 p} (3)

Where Tp and Op are the measured and the estimated
output corresponding to the training data pattern and p is the
number of training patterns, and

(4)
Where T, and O, are mneasured and estimated output
computed by forward propagation of the corresponding test
data pattern, and s is the number of test patterns.

The network tends to interpolate training data as the Et,
approaches zero. The Etr tells how well the network is
adapted to fit the training data only, even if the data are

contaminated.

On the other hand, the Ets indicates how well a trained
network behaves on a new data set not included in the
training set. This behavior is known as generalization. Since
it is assumed that there are no errors in the test data, the Ets
correctly reflects how well a trained network has learned
from the training data to approximate the underlying
function. Therefore, Ets is considered as the criterion for
evaluation of performance of a trained network where Eft
value remains same in the estimation process.

RESULTS AND DISCUSSIONS

The data pertaining to the step-stress test for insulating
samples with void are presented in [9]. The proposed
modeling of the BDV, vb is carried out with the help of 27
sets of experimental input-output patterns available, 21 sets
of input-output patterns (arbitrarily chosen) are utilized to
train the network and the remaining 6 sets are used for
testing purpose. In applying BPA for the proposed ANN
model, the number of hidden neurons is varied from the
upper bound based on Hecht- Nielsen [7] observations, that
is. 8 in the present case and then reduced to 3 in steps to
obtain number ofhidden neurons.

To decide upon the evaluation criterion, variation of the
RMS error for the training data as a function of number of
iterations, as depicted in Figure 3, is considered. As
expected, the Etr is decreasing constantly as training
progresses and then remain constant. Therefore, training
should be stopped at the value where Etr does not change

much with number of iterations to consider the least training
time of the network. Thus, what follows is based on the RMS
error of the training data only.

Based on the different issues presented in the previous
section several ANN structures are considered. To determine
the optimum number of hidden neurons, the variation of
RMS error of the training data as a function of number of
hidden neurons as presented in Table 1 may be observed. It
may be seen that the error does not change when the number
of neurons varies from 8 to 5. However, the error reduces
appreciably when number ofhidden neurons becomes 3.

Table 1: Variation ofRMS error of the training data with
the number ofhidden neurons (cc = 0.9 and q= 0.3)

Number ofhidden neurons RMS Error
8 0.0967
7 0.0967
6 0.0967
5 0.0967
4 0.0557
3 0.0247

As stated above, the selection of rq and cx play a key role for
the convergence of the ANN and to obtain test results.
Choice of network parameters, in this study, begins with an

initial value of rq =0.2 and c =0.9. However, values of rq =
0.3 and oc= 0.9 are seen to give the best results. Tables 2-3
represent the variation of RMS error as a function of the
network parameters, rq and cx respectively.

Table 2: Variation ofRMS error of the training data with
the Learning rate, rq (cc = 0.9 and No. ofhidden neurons =3)

0.4 0.0249

To decide upon the choice of rq in case of same values of
RMS error of the training data, such as, the values of 0.25
and 0.3 as may be seen in the Table 2, a minimum value of
the MAE for the test data is considered.

As may be seen from Table 3, the RMS error is minimum for
cx = 0.9 and hence is used for the modeling.

Based on above discussion, the best combination is seen to
yield with 3 hidden neurons, rq = 0.3 and cc= 0.9. For this
combination, a minimum value of the RMS error for the
training data of 0.0247 is obtained after 2500 iterations.
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Learning rate, r T RMS Error
0.2 0.0249
0.25 0.0247
0.3 0.0247
0.35 T0.0248

Ets = (I/S) I (Ts os)2 / Ts



Table 3: Variation ofRMS error of the training data with the
Momentum factor, cx (rq= 0.3 and No. ofhidden neurons =3)

Momentum factor, c| RMS Error
0.95 0.0248
0.9 0.0247
0.85 0.0249
0.8 10.0252

Finally, the BV, vb = f (t, t1, d) for the test data are calculated
simply by passing the input data in the forward path of the
network and using updated weights of the network. Table 4
represents a comparison of the experimental and modeled
data for the test data used in this work using BPA after 2500
iterations. The modeled values here closely follow the
measured values and M\AE is found to be 1.13 00.

Table 4: Comparison of experimental and modeled data
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Figure 3: Variation ofRMS Error of the training data as a

function ofnumber of iterations.

CONCLUSIONS

The BV of insulating samples of Leatherite Paper of various
thicknesses with artificially created void was modeled under
ac voltages using ANN. It was found that the modeled value
of the breakdown voltage closely follow the measured value.
The proposed model suggesting the effectiveness of ANN
particularly as the behaviour of insulation breakdown voltage
is non-linear.
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Si. t t, d Expt. Modeled MAE
No. value value

ofBV ofBV
cm cm cm kV kV %

1 0.3 0.0625 2 4.0 3.95
2 0.3 0.25 1 3.9 3.87
3 0.23 0.125 5 3.6 3.6 1.13
4 0.23 0.25 2 3.8 3.71
5 0.18 0.0625 5 3.7 3.62
6 0.18 0.125 1 3.9 3.88




