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Abstract: Dissolved gas analysis (DGA) is an important method to find the hidden or incipient insulation 
faults of oil-immersed power transformer. However, code deficiency exists in the gas ratio methods specified 
by the IEC standard and complexity of fault diagnosis for power transformer. Hence a new model based on 
optimized weighted degree of grey slope incidence was put forward. Firstly, the entropy weight is used to 
determine objective weight of indices; then the model fault types are obtained by weighted degree of grey slope 
incidence. The combination of entropy weight with grey slope incidence analysis can fully utilize over all 
information of DGA and give full play to the superiority of grey slope incidence, which overcomes 
shortcomings of original grey slope incidence analysis. The experimental results also demonstrate that the 
improved method has higher accuracy compared with three-ratio method and general grey slope incidence 
analysis method. The diagnosis accuracy is 92.8%. 

1 Introduction 
Electric transformer is not only the most important and 
most expensive equipment, but also one of the most 
accident-prone equipments in electric system In order to 
ensure safety and credibility of the transformer, it is 
important to find out the potential fault in the transformer 
as soon as possible and forecast the development trend of 
fault. It is an important instrumentality to monitor the 
running of electric transformer and ensure its safe and 
economical running. Its running reliability has direct 
relation to the safe running of electric system  

At present, dissolved gas analysis (DGA) is still the 
extensively using method in transformer fault diagnosis 
[1-2]. For example, IEC three-ratio method has not 
enough codes to effectively troubleshoot a transformer's 
operational condition in practical use. In recent years, 
many scholars both at home and abroad have done a lot of 
research in the field of transformer fault diagnosis. They 
also put forward a lot of methods, such as combining 
dissolved gas analysis with fuzzy logic, rough set theory, 
Bayesian networks, artificial neural networks, artificial 
immune, new radial basis function networks, genetic 
algorithm and support vector machine. These methods are 
relatively effective for transformer fault diagnosis, but 
each has advantages and disadvantages. Such as artificial 
neural networks with self-organizing, adaptive, 
fault-tolerant, self-learning and highly nonlinear 
approximation capability, is a strong tool to process 
nonlinear system. But the accuracy of the diagnosis 
depends from the completeness of samples and it is 
unable to process the incomplete sample [3-4]. Fuzzy set 

theory is good at treating uncertainty knowledge, but the 
determination of fuzzy membership function requires 
expert experience or repeated test [5]. Support vector 
machine has a powerful generalization ability, and 
overcomes shortcomings like excessively fits, slow 
convergence and easy to fall into local extreme value 
exiting in neural networks. But training time is long, and 
repeating training samples are large. In addition, the 
classification capability is not satisfactory under the 
incomplete information [6-7]. 

Transformer fault system is a grey system which 
partial information is known and partial information is 
unknown, the essence of transformer fault diagnosis 
would be the whitening process of grey system [8-11]. 
Therefore, we can take DGA as the characteristic vector, 
and use the grey incidence analysis method to diagnose 
transformer fault. Since the incidence coefficients of 
general grey slope incidence analysis method fluctuate 
easily combining with the analysis of grey sequence 
entropy, this paper presents the model based on weighted 
degree of grey slope incidence of optimized entropy [12]. 
And then we have proved the effectiveness and practical 
value of this improved method according to specific fault 
examples.  

2 The model of improved grey incidence 
analysis 

2.1 The model of general grey slope incidence 

The basic idea of grey incidence analysis is judging 
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whether a series of curves of sequences are close or not 
according to their correlation degree. Two curves are 
much closer, the correlation of sequences is bigger, 
contrarily, become more smaller. Therefore, the degree of 
grey incidence evaluates the correlation condition of two 
sequences on the whole. There is both a positive 
correlation and a negative correlation between them 
whose correlation degree can be reflected by the change 
in slope of sequences curves [13]. The definition of grey 
slope incidence can be summarized as follows.

 Definition 1: Supposing 
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is referred to as the degree of grey slope incidence 
between 0X and

i
X .

2.2 The model based on weighted degree of grey 
slope incidence of optimized entropy

When calculating the grey slope incidence, we can’t 
accurately reflect the relations between various sequences 
if we take the mean of slope incidence coefficient as grey 
slope incidence. Because the grey slope incidence 
coefficients of various points have a different influence on 
the data sequence of a system’s characteristic behavior
[14]. Accordingly, maybe it's better to add a weight to the 
model of calculating the grey slope incidence. The 
definition of weighted degree of grey slope incidence is as 
follows.

Definition 2: Given the data sequences:
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where 0 ( )
i

k� represents the slope incidence coefficient 

between 0X and
i

X at point k, 0i
� is referred to as a

weighted degree of grey slope incidence between 

0X and
i
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k

w is known as the weight coefficient, and 
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is required.

Obviously, 0i
� meets four axioms of grey incidence, 

namely normalization, even symmetry, globality and 
proximity.

The key to the model of weighted degree of grey 
slope incidence may be how to fix the weight values 
which can reflect the effect of each point’s slope on whole 
grey incidence. We hope to keep these effects balanced 
and objective, so entropy weight method is applied to 
weighting the slope incidence coefficient.

 Based on the assumption that the different elements’ 
relations are stable in the grey system, we will analyze the 
weighted slope incidence coefficient according to the grey 
entropy theory presented in paper [12]. First, this paper 
constructs a grey sequence based on the weighted slope 
incidence coefficient, and then it establishes an optimized 
model of the weight of slope incidence coefficients.

Definition 3: Let Map: 
j j

R P�

              0

0
2

( )

( )

k i

k n

k i

k

w k
p

w k

�

�
�

�

�

be the distributed map of weighted slope incidence
coefficient, map 

k
p is referred to as the density value of 

weighted slope incidence coefficient distribution.
The information contained in this sequence { }

k
p

can't be completely certain, and then, for any k, there 
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k

p � and
2

1
n
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�� . According to the 

definition taken from paper [12], the sequence { }
k

p is a 
grey sequence.
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 Definition 4: The given function
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is the weighted grey incidence entropy of 
i

X .

The weighted grey incidence entropy ( )
i

H R


share the same structure with Shannon entropy. They both 
have symmetry, non negativity, additive, convexity and 
extremum. However, Shannon entropy is probability 
entropy while grey entropy is non-probabilistic entropy, 
the grey properties of grey entropy depend on grey series’ 
properties. However, according to the convexity and 
extremum of grey entropy function, this distinction does 
not affect the extremum properties of grey entropy.

 As this sequence { }
k

p is grey sequence, on the 
basis of entropy increase principle of grey series 
presented in paper [12], the theorem of weighted slope 
incidence entropy increase can be given as follows.

Theorem 1: Assume that the distribution density 
sequence of weighted grey incidence coefficient 
is
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In the grey incidence analysis, the grey slope 
incidence coefficient reflects the influence of each point’s 
slope on the data sequence of system’s characteristic 
behavior. The influence ought to remain stable, so the 
incidence coefficient of slope at each point which is 
weighted should keep balance as much as possible
[15-16]. Our goal is fixing the weight coefficient 

k
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that the weighted slope incidence coefficient distribution 
density value
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That is to say, the distribution density values of slope 
incidence coefficient after weighted are equal.

As equation (3) implies
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which can be written on matrix forms 
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Then, we calculate the determinant of coefficient 
matrix � as follows:
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namely, the solution of the above linear equation is 
existent and unique.

As a consequence, combining with equation (10), we 
obtain the weight vector:

1
b

�� � �       (14)

3 Transformer fault diagnosis based on 
the model of weighted grey slope 
incidence

3.1 Establishment of normative fault mode vector 
for transformer

The basic principle of grey incidence analysis applied in 
transformer fault diagnosis is as follows. First, the state 
mode vector is composed of multiple parameters which 
are used to characterize the state of transformer, and we 
establish normative fault mode vector. Then, by 
comparing the incidence degree between the specific state 
under test and the normative mode vector, we may 
determine which state it belongs to so that we can 
diagnose the transformer's fault type.

Let the gases dissolved in the transformer oil which 
include hydrogen (H2) methane (CH4) ethylene (C2H4)
ethane (C2H6) and acetylene (C2H2) be the characteristic 
parameters, and we establish state mode vector as follows.

( (1), (2), (3), (4), (5))M M M M M M�

where, ( )M k denotes the component content of gas.
Based on a great deal of literature reading, relative 

data and information collecting, normative fault mode 
vector of transformer has been constructed by published 
typical chromatographic analysis data [16-17]. Then after 
extensive testing and constant adjustments, we establish 
the normative fault mode as shown in Table 1.

Table 1.
 
Normative mode of transformer fault (μL/L)

Sequence H2 CH4 C2H4 C2H6 C2H2

M1 46.1 21.5 15.8 61.5 1.2
M2 16 38.4 28 70 0
M3 27.5 48.2 46 18.4 0

M4 12.95 24.6 60.6 12.9 2.8
M5 195.9 14.5 2.4 11.6 0

M6 61.5 24.6 5.6 1.33 20.5

M7 75.5 30.2 30.3 2.33 18.2
M8 4.94 15.8 3.6 0.88 14.8
M9 14.2 36.4 30.6 8.5 24.6

The normative fault mode consists of nine normative 
fault mode vectors, in which M1 is the sequence for 
normal running, M2 is the fault sequence for low 
temperature superheat (<300 C), M3 is the fault sequence 

for medium temperature superheat (300~700 C), M4 is the 
fault sequence for high temperature superheat (>700 C), 
M5 is the sequence for partial discharge, M6 is the 
sequence for low-energy discharge, M7 is the sequence for 
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high-energy discharge, M8 is the sequence for low-energy 
discharge and superheat, M9 is the sequence for 
high-energy discharge and superheat, so the normative 
fault mode vector matrix can be expressed as:

1 1 1 1 1 1

2 2 2 2 2 2

9 9 9 9 9 9

(1) (2) (3) (4) (5)
(1) (2) (3) (4) (5)

(1) (2) (3) (4) (5)

m m m m m m

m m m m m m

M

m m m m m m

� � � �
� � � �
� � � �� �
� � � �
� � � �
� � � �

� � ��
� �

�����
�
��

� �
� �� �

�
��

The fault mode vector under test is:

0 0 0 0 0 0( (1), (2), (3), (4), (5))M m m m m m�

3.2 Case calculation

We have collected a large amount of data of oil 
chromatography during transformer practical operation 
from an electric power company in Yunnan. First, we 
establish the fault mode vector under test ( 0M ) for 
transformer, and according to equation (1), we calculate 
the slope incidence coefficient at each point between 
sequence 0M and the sequence ( 1,2, ,9)

i
M i � ,9) of 

normative fault mode, and build the matrix � . Second, 
we calculate the weight of each point’s slope by equation 
(14). Then, we count the weighted degree of grey slope 
incidence between 

0M and ( 1,2, ,9)
i

M i � ,9) based on
equation (3).

According to the above model and method, we have 
done extensive experiments, and now several groups are 
randomly selected to prove the reliability of this method
as shown in Table 2. 

Table 2. Demonstration of fault diagnosis of transformer 

No. H2 CH4 C2H4 C2H6 C2H2 Actual results
Results of the 

improved method in 
this paper

Results of IEC 
three-ratio method

1
2
3
4
5

1565
160
56

345
20.6

93
130
78

112.3
19.89

47
96

173
51.5

61.27

34
33
18

27.5
7.4

0
0
0

58.8
1.15

M5(partial discharge)
M3(medium temperature superheat)

M2(low temperature superheat)
M6(low-energy discharge)

M4(high temperature superheat)

true
true
false
true
true

no coding
false
true
true

no coding
In order to test the efficiency of the method based on 

the weighted grey slope incidence by entropy 
optimization, we randomly select 300 groups data of 
transformer oil chromatography from the collected data, 

calculate the accuracy of fault diagnosis, and then 
compare it with IEC three-ratio method and general grey 
slope incidence method. The comparison result is as 
shown in Table 3.

Table 3. Comparison of diagnosis result by three methods 

diagnostic 
method

the modified method in 
this paper

IEC three-ratio 
method

the general grey slope-incidence 
method

Accuracy/% 92.8 77.5 89.7

4 Conclusions
Owing to the shortage of traditional transformer fault 
diagnosis method, the grey incidence method is put 
forward to diagnose transformer's fault in this paper, and 
we have optimized the model of the general grey 
slope-incidence by entropy weight method. The extensive 
specific examples have proved the stability of this 
improved method. The new method largely make up the 
drawback of IEC three-ratio method, is more reasonable 
than the traditional ones, and effectively improve the 
accuracy of fault diagnosis for transformer. The diagnosis 
accuracy achieves 92.8% when 300 groups of random 
data are selected and calculated. It reduces the error 
caused by system interference to make the analysis 
results more objective. 
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