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This paper presents the development of a potential fault diagnosis system of power
transformers by an artificial neural network (ANN) based on the gas components of
dissolved gas-in-oil analysis (DGA) data. The input of the ANN is five components Hy,
CzHa, CHa, CzH2, C2Hs. The outputs are 3 major conclusions about the condition of the
transformer including “normal”, “overheating” and “discharging”. Using Multi-Layer
Perception network (MLP) with a selected network structure of 5-16-3. Through testing with

actual DGA data, the results show that the diagnostic system makes conclusions that are

reliable.

1. Introduction

Diagnosing the potential faults of the power transformer in
the electrical system is a problem of great concern to many
scientists. In order to provide information on potential faults
of the power transformer, in some published, diagnostic
methods based on the DGA data have been presented. There
are also diagnostic methods based on the power transformer
frequency response, which is based on the vibration of the
power transformer. Gas chromatography and oil-soluble gas
analysis require specialized measuring instruments and
require high accuracy. Based on these techniques, there are
many modern techniques that allow for better diagnostics
[1], but one common point of these methods is to rely on
accurate measurement techniques. Therefore, the diagnosis
results also depend heavily on the accuracy of the
measurements. Another diagnostic method that can inherit
expert knowledge in the form of statistical rules has been
introduced [2], [3]. This method was developed based on the
use of artificial neural networks. In order to get accurate
diagnosis results, the method of using neural networks must
have experimental data set “big enough” to train the network
and choose a reasonable network structure. In fact, according
to this approach, there are many network structures that can
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be selected with different diagnostic results. Choosing a
simple network structure while still ensuring accurate
diagnosis results will be advantageous. In addition, methods
of using fuzzy logic and fuzzy neural are also proposed [4],
[51, [6], [7], [8], [9]. The common point of these methods is
to inherit expert knowledge. Research and find for new and
more effective methods are always necessary for the process
of scientific and technological development. Therefore,
finding a simple and effective neural network structure that
meets practical requirements in power transformer
experiments is a problem of urgency and practicality. With
this goal, in this study, the potential fault diagnosis system
of the power transformer was built force using a minimal
neural network based on the results of actual DGA data.

2. Diagnosis Potential Faults of Power Transformer
Based on DGA

2.1. Characteristics of Generate Gas and DGA

Dissolved Gas-in-oil Analysis of the power transformer
is aimed at early detection of local overheating, discharge,
etc. To analyze dissolved gas in transformer oil, use an
analyzer system called TOGAS (Transformer Oil Gas
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Analysis System). From the analysis of the dissolved gas in
transformer oil, it is possible to diagnose the fault type of the
transformer. DGA analysis without the need to disconnect
the power transformer or online method. This type of
analysis includes conventional DGA, which is based on
periodic oil sampling and modern techniques of online gas
monitoring.

Under the effect of electricity and heat, the hydrogen —
carbon (H-C) element of the mineral oil can decompose into
hydrogen and H-C fragments, which can combine to form
gases are hydrogen (Hz), methane (CHa,), ethane (C:Hs),
ethylene (CzHa), acetylene (C2H2), CO and CO,. The amount
of gas for each individual gas depends on the temperature at
the point of impact. Many researchers have proposed
methods to predict potential faults in power transformers
such as Dornemberg ratio, Roger ratio, main gas method,
IEC-599 standard.

2.2. Ratio Method and IEC-599 Standard

Ratio methods and IEC-599 standard using dissolved gas
ratios are the main basis of fault diagnosis. Five traditional
ratios are used as in Table 1. The limited concentration of the
gas in the normal working state of the power transformer is
given in Table 2. When the normal limit is exceeded,
depending on the value, the power transformer can be at
different levels of fault.

Table 1. Definition the ratio of gas components

CH, C,H, CH, C,Hy C,H,
H, C,H, CH, C,H, C,H,
Abbreviation R1 R2 R3 R4 R5

Ratio

Table 2. Dornenburg’s L1 limits
L1 Limits (ppm) 100 120 350 35 50 65

In proportion methods, the number of ratios used is not
the same. The Dornenburg ratio method distinguishes
between thermal and electrical faults by using four scale
factors as shown in Table 3.

Table 3. Dornenburg’s ratio method

Table 4. Code for Roger’s method

Fault R1 R2 R3 R4
EZ?:rorrr:il)osition >01 <0.75 <03 >04
i%?é;gﬁy PD) (I.OW <01 sigrwﬁ}:ant <03 >04
ﬁ;ghns?ty PD)(hlgh > 0.11.%nd < > 075 - 03 os

The original Rogers ratio method used 5 gases and 4
ratios R1, R2, R3 as above but R4 = C,Hs/CH.. Recently,
there is an improvement of the Rogers method is to use only
3ratios R1, R2 and R3 (see Table 4 and Table 5).

In addition, the ratio method according to 1EC-599
standard can be used when using only the 3 ratios shown in
Table 6.
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Gas ratio Range Code
code
<0.1 5
R1 0.land<1.0 0
>1.0and < 3.0 1
>3.0 2
<5.0 0
R2 >0.5and<3.0 1
>3.0 2
<1.0 0
R3 >1.0 1
<1.0 0
R5 >1.0and<3.0 1
>3.0 2
Table 5. Roger’s method
R1 R2 R3 R5 Diagnosis
0 0 0 0  Normal deterioration
5 0 0 0  Partial discharge
lor2 O 0 0  Thermal fault lower than 150 °C
lor2 O 1 0  Thermal fault (150 °C - 200 °C)
0 0 1 0  Thermal fault (200 °C - 300 °C)
0 0 0 1  Overheating in the cables
1 0 0 1  Circulating currents in the windings
1 0 0 2 Circulating currents in the tank and
core, overheating in conexions
0 1 0 0  Conexions discharges
0 1/2 0 1/2 Arcing (high energy)
0 2 0 2 Low intensity continuous discharge
5 12 0 0 I_Dartial_ discharge involving solid
insulation
Table 6. IEC-60599 (2015) standard
Faults R1 R2 R5
Normal <01 <01 <01
Partial discharges <01 NS(@) <02
Discharges of low energy 0615' >0.1 >1
Discharges of high energy 01-1 02'65' >2
£<300°C >l Ns@ <1
NS (a)
Overheat 300°C <t<700°C >1 <0.1 1-4
o <02
t>700°C >1 (b) >4
Note:

(a) NS: Non-Significant whatever the value

(b) An increasing value of the amount of C,H, may
indicate that the hot spot t > 1000 °C.

3. Diagnose Potential Fault of the Power Transformer by
an ANN and DGA

3.1. ANN Structure

For the standard IEC-599 ratio method, each potential
fault of the power transformer can correspond to different
sets of values. For example, with the error “High energy
discharge” corresponding value R2 > 0.6. Maybe the actual
measured value R2 = 0.8 or even R2 = 2.5, etc. This shows
that for each specific fault, the measured gas values can be
in a sub-range value. This increases the non-linearity in the
in-out relationship of the built neural network. In this study,
the MLP network was selected to build the potential fault
diagnosis system for the power transformer.
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The power transformer fault diagnosis problem is similar
to the highly complex nonlinear mapping problem because
both input and output are multivariate and there is no known
linear relationship. However, a 3-layer MLP network (1
hidden layer) has been shown to be able to approximate
nonlinear functions that meet certain conditions. In addition,
MLP networks with a propagation training algorithm with
error monitoring have been successfully applied to solve
various difficult problems. This shows that MLP can meet
the requirements of the diagnosis problem.

Figure 1 shows the MLP block diagram for the diagnosis
potential fault of the power transformer. With MLP
structure, there are 5 inputs corresponding to 5 gas
components Hy, CHa, C2Hg, CoH4, and CoH,. In this study,
the diagnosis faults were limited indicated as in Table 5. In
the output layer, there may be two options: 1 output or 3
outputs. Using a network with 3 outputs, the fault diagnosis
is more convenient. With 3 buttons on the output layer, they
will represent “normal”, “overheating” and “discharge”
conditions. The number of hidden layers is 1.

H2,C2Ha, CH4, C2H2, C2Hs
v
Input data Desire output (d)

¥ ¥

v

MLP
v
Conclusion

Figure 1. Blocks diagram of the diagnostic system using MLP

3.2. Training

In this study, the network was trained according to the
backpropagation algorithm. The algorithm was implemented
with the following options:

- Total number of neural:

n
sp = Z WjiX; (1)
-1

- Sigmoid activation functions:

Y= 1re @
- Weight function:
Awj;(kT) = Awj;(k — 1T + Awj; (kT) 3)
- Output layer:
8 =y;(1-)(d - ) 4)
1% )
J =52(dj =) (5)
j=1

- Other layers:

8], = [v;(1 = y)], [i wﬁ5il (6)

+1
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The training process continues until the stop condition is
satisfied. The bakcpropagation algorithm is described as
block diagram Figure 2.

/7 Training e
X y © error
m— MPL o J
7 )
d (desire)

Figure 2. The diagram of backpropagation algorithm

Describe the details of the backpropagation algorithm as
shown in Figure 3.

new W?

The process is Delta rule
repeated until a new b
certain output PR
condition 15 Hidden layer
reached, for layer error Training
example, & =tol el=yl(1-yhyW2e speed
training: backpropagation Output
layer error
input Hidden ‘Output output 2172 (d-v?
Javer (19 layer (3) =1y (4-5%)
4 Y v
L |

OF®

d (desire)

I=fWhbt)

yI=(Wiyl+o?)
Y= {W[E Wk DY+ 5

forward propagation

Figure 3. The backpropagation algorithm

Performing ANN training with structures 5-8-3, 5-10-3,
and 5-16-3, found that the network has 5-16-3 structure for
the best results. The DGA dataset used for the diagnostic
process is built based on the collection of measurement and
experimental sample samples and the corresponding error
status of the power transformer during multiple diagnoses.

Table 7. Some samples in the DGA dataset for ANN training
Gas components (ppm)

2 4 40 3 10
12 6 20 6 16
12 60 20 26 10
24 70 69 103 27
34 40 69 203 30
30 10 49 13 10

From the input data set in Table 7, the ratios R1, R2, and
R5 are calculated according to Table 6, which is the
diagnostic rule according to IEC-60599 (2015). The result is
shown in Table 8. These ratios are the desired output value
(d, Figure 2, and Figure 3). This value is used to calculate the
output layer error during ANN training according to the
backpropagation algorithm.
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Table 8. Training data and corresponding faults

Gas components (ppm) Ratio
CH C,H C,H

H, GCH, CH, GCH, CH, Rl= H—z“ R2 = CzHi = CEH‘; Faults

2 4 40 3 10 2.00 0.75 0.40 Overheating

12 6 20 6 16 0.50 1.00 0.38 Low energy discharge

12 60 20 26 10 5.00 0.43 6.00 High energy discharge

24 70 69 103 27 2.92 1.47 2.59 Overheating

34 40 69 203 30 1.18 5.08 1.33 Overheating

30 10 49 13 10 0.33 1.30 1.00 Low energy discharge

the data samples in the DGA dataset are used for the training

4. Ressults phase and 20% is used for the test phase. The observation in

In this study, the Neural Network Toolbox in Matlab was
used to train the ANN. Experiment with 5-8-3, 5-10-3, and
5-16-3 network structures. The results find that the structure
5-16-3 gives the most accurate diagnostic conclusion.

Neural Network

) Layer Layer

I t o { = = Output

Ll & N | ol
?" = /O’ o -::'_..,. @t l

! J‘b ai ‘ :b} g :
Algorithms
Training: Levenberg-Marquardt
Performance:  Mean Squared Error
Data Division:  Random
Progress
Epoch: [ | & Rerations | 1000
Tive: [ 0:00:01 ]
Performance: 392 | 1.12e-06 | 1.00e-05
Gradient: 1.00 B 0.00450 3 | 1.00e-10
Mu: 0.00100 1.00e-07 | 1.00e+10
Validation Checks: 0 0 | 6
Plots

Training State

Regression

Plot Interval: ) 1 epochs

v Performance goal met.
Figure 4. Training process

Figure 4 is a diagram of the training process for the MPL
ANN model.

Where:

“Input” is the input vector of five gas components.
“Output” is conclusions about the state of the
transformer.

W: weight

b: displacement

Activation functions input is ‘tansig’, and activation
functions output ‘purelin’

Desire error value e = 1075

The training results for network structure 5-16-3 are
shown in Figure 5. The training process is done after 6
epochs, mean squared error (MSE) reaches 10°°. This is the
network structure for the smallest MSE. In this test, 80% of

o Cr P AS =

Figure 5 can be seen that the blue training line and the red
test line are almost identical. This shows that the MPL ANN
network with structure 5-16-3 as above is a good diagnosis
with the classification of 3 basic errors as ‘“normal”,
“overheating” or “electrical discharge”.

Best Validation Performance is 9.8609e-007 at epoch B

Train

1DD | = alidation ||
Test

Mean Sguared Error (mse)

G Epochs
Figure 5. Results with a structure of 5-16-3

For ANN application problems, the important thing is
always the data for training. In this study, DGA dataset was
used from sources [10], [11]. The number of samples reached
about 200 samples. Some examples and corresponding errors
are as shown in Table 8. Because of the number of data
samples is not big, the diagnostic faults at the output are not
detailed. In order to draw the detailed conclusions shown in
Table 5 or Table 6, it is necessary to have a sufficiently big
number of data samples. This is a challenge that the faults
diagnostic systems based on ANN always encountered. To
solve this problem, it is proposed to keep the new data
samples up to date during the diagnostic process and to
repeat the network training process as the data size increases.
It is also possible to redesign the network structure to be able
to classify many faults in the output layer.

5. Conclusions

In this paper, the ANN was applied in diagnosing
potential faults in the power transformer based on DGA data,
the result is an MLP ANN model, which deviates after the
network training process gives results pretty good within the
allowed range. From the results of experimenting with MLP
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ANN with hidden layers 5-8-3, 5-10-3, and 5-16-3, we found
that the network 5-16-3 has the network training epoch and
the smallest error.

Through experimental results, ANN have been able to
diagnose basic faults in power transformer such as “normal”,
“overheating” or “electrical discharge™, etc. and give good
results for any of the 5 gas inputs. From this result, the ANN
can be applied in fault diagnosis of power transformer with
many power levels.
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