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Abstract: Transformer faults have many types and fault information is uncertain, in response to these problems, 
this paper presents evidence theory and neural network integrated fault diagnosis. In order to realize  
the reasonable assignment of reliability by Dempster combination rule after the information fusion between 
strong conflict evidence, the concept of a trust coefficient is introduced to correct fusion results and is used  
in the synthesis of max-min ant system and neural network algorithm which form the body of evidence.  
The experimental simulation results show that the method can still get better compliance determination 
conclusions when the results of the initial diagnostic module is seriously differences, and can achieve effective 
transformer fault diagnosis. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 

 

Transformers is the key equipment of the power 
system, it has important practical significance for its 
effective troubleshooting. The three-ratio method is 
more often used in the diagnosis, although  
the implementation process is simple, but there is 
coding incomplete and the critical value defects  
and other issues. For the defect of three ratio method, 
the current literature on this transformer fault 
diagnosis methods, such as neural networks, genetic 
algorithms, particle swarm optimization, rough sets, 
etc. [1-6], the diagnosis result is easily inconsistent. 
When the results of different methods of diagnosis 
are inconsistent even significant differences, need  
to adopt a particular approach to summarize  
the results of a comprehensive judgment to arrive  
at a unified conclusion. Evidence theory is an inexact 
reasoning algorithm, it can effectively integrate 

information from different data sources, is  
an important information fusion method. And has 
been used in transformer fault diagnosis,  
and achieved certain results [7]. However, when there 
is a high degree of conflict between the evidence, 
Dampster synthesis rules there is a big flaw,  
the synthesis of the results could be contrary  
to common sense, and intuition come to the opposite 
conclusion. Therefore, in order to solve the problem 
of conflict between the evidence of information 
fusion, the researchers made a number of improved 
methods, mainly Yager law, Shafer law, Murphy 
method [8]. However, Yager method gives  
the probability of completely unknown, so that  
a complete denial of the information provided 
evidence of conflict. Shafer method by introducing  
a "discount factor" to synthesize an unreliable source 
of information, but it is difficult to effectively 
determine the discount factor. Murphy method 
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handles all the evidence to make the average, but 
can’t do a reasonable explanation of the reasons  
for the average processing of independent evidence. 

Therefore, on the basis of evidence theory  
to study the synthesis rules on the use of the concept 
of distance function Jousselme proposed,  
the introduction of a new representation method  
of conflict of evidence, said method can effectively 
measure the degree of conflict between the evidence. 
With Max - Min Ant System (Max-Min Ant System, 
MMAS), combined neural network algorithm, 
applied to fault diagnosis of transformer. Some 
excellent way of utilization transformer fault 
diagnosis, but also solve some of the evidence failure 
of the synthesis because of the height of the conflict, 
effectively improve the accuracy of the transformer 
fault diagnosis. 

 
 

2. D-S evidence Theory and its 
Improvement 

 
2.1. Basic Concept 

 
Evidence theory which proposed by Dempster is 

an important promotion of Bayesian theory. With its 
advantages of evidence theory can be well expressed 
"uncertainty", "unknown" and other important 
concepts on cognitive science, has been successfully 
applied to the field of fault diagnosis, decision 
analysis to solve uncertain information  
process problem. 

Let Θ  framework for the identification, Θ2  is 

the power set of Θ 's. If the function m : 

]1,0[2 →Θ , and meet 0)( =φm , 
Θ⊂

=
A

Am 1)( , 

called m  as the basic probability assignment 

function identification framework of the Θ , )(Am  

for the basic credibility of the evidence to A .  
If Θ⊂∀A  and 0)( >Am , called A  as focal 

element of the evidence, the set of all focal element is 
called core, evidence consist of evidence  
body ))(,( Amm .  

By the basic probability assignment function, 
define the corresponding belief function  
and plausibility function: 
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where )(ABel  said that A  is the function of Θ 's 

trust, belief function, also known as the lower limit  
of the function, which means that the total trust in  

the A 's. Plausibility function )(APl  also called 

ceiling function, which means that the proposition 
does not deny the extent of A . A ’s uncertainty is 

represented by the )()()( ABelAPAu l −= ,  

the confidence interval for the )](),([ APABel l , 

expressed A  uncertainty range. 
For the two evidence of information identifying 

framework Θ on the use of Dempster combination 
rule be effective combinations. For a number  
of combinations of evidence, the rules of evidence  
for pairwise comprehensive, final get the  
combine results. 

Let 21 , mm  are basic probability distribution 

functions of the two evidences, the Dempster 
combination rule is: 
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 indicates  

the degree of conflict between the evidence,  
the greater its value indicates more intense conflict 
between the evidence. 
 
 
2.2. Improved Algorithm 

 
For the conflict of evidence is not big,  

the application of Dempster combination rule can get 
better fusion effect. However, when 1→k ,  
the outcome is counterintuitive [9]. Therefore,  
in order to reflect the difference between  
the evidence, introduction of the concept of  
distance function. 

Definition 1: Θ  is a complete identification 

framework containing N different proposition, 1m  

and 2m  for the two basic probability distribution 

functions on the identification of the framework,  

the 1m  and 2m  distance can be expressed as [10] 
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),( mmDmmmmd T −−= , (4) 

 

where D  is a NN 22 ×  matrix, wherein  
the elements 
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Definition 2: Friction coefficient between 

evidence i  and j  is defined as 
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where ijk  indicates the degree of conflict between 

the evidence. 
Improved conflict of evidence synthesis method 

described as [11] 
1) Calculate the extent of the conflict coefficient  

k  and evidence distance d ; 
2) By equation (5) to calculate the new friction 

coefficient k ; 
3) Calculate confidence coefficient α : 
 

dk−= 1α  (7) 

 

4) For 1m  and 2m , using Dempster combination 

rule information fusion,  
 

2112 mmm ⊕=  (8) 

 
5) Fusion results were corrected by equations (9) 

and (10):  
 

)()( 12
'
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'
12m  and other evidence of the synthesized again,  

and so cycles. 
 
 

2.3. Case Analysis 
 

Example assuming identification framework 
},,{ CBA=Θ , corresponding respectively  

to the basic probability assignment: 

1m : 99.0)(1 =Am , 01.0)(1 =Bm ; 

2m : 01.0)(2 =Bm , 99.0)(2 =Cm ; 

3m : 98.0)(3 =Am , 01.0)(3 =Bm , 

01.0)(3 =Cm . 

Now were using Dempster law, Yager law, 
Murphy law and evidence fusion method  
this article, the comparison results are shown  
in Table 1 below.  

 
 

Table 1. Comparison between fusion results by several ways. 
 

Synthetic rule ( )m A  ( )m B  ( )m C  )(Θm  α  

Dempster 0.000 0 1.000 0 0.000 0 0.000 0  

Yager 0.000 0 0.000 001 0.000 0 0.999 999  

Murphy 0.989 7 0.000 3 0.010 0 0.000 0  

Proposed method 0.638 0 0.006 5 0.006 5 0.349 0 0.651 

 
 

Obviously, the highest level of support  
of Proposition A, Proposition C second. Since 
Dempster synthesis method can’t effectively deal 
with the problem of strongly conflict evidence, 
resulting in full support of Proposition B draw 
conclusions; Meanwhile, despite the evidence  
to support the two propositions A, and Yager law has 
been denied its judgment, draw the synthesis results 
uncertainty; Although Murphy method can obtain 
consistent with the actual decision-making, but fail  
to reflect the uncertainty of support for  
the proposition. In using proposed method when  
the evidence fusion, by calculating the coefficient  
of trust α , and Dempster synthesis results corrected, 
a more reasonable use of the conflict of evidence, 
then the degree of support Proposition A  
reached 0.6380, 0.3490 uncertainty, coincide with  
the actual situation. 

3. The Basic Probability Assignment 
Function Constructor  
 

Here respectively MMAS-BP, BP network, RBF 
network as the basic probability distribution 
functions of the transformer fault diagnosis. Here 
only the MMAS-BP algorithm briefly. 

Ant colony algorithm is a simulated ants foraging 
behavior heuristic optimization algorithm, but there is 
a long search time, prone to premature convergence. 
For this reason, Stutzle et al. proposed max - min ant 
system [12]. The algorithm will set the initial amount 
of pheromone as pheromone limit so in the initial 
stages can search more solution. Meanwhile, let's just 
find the optimal solution ant pheromone update 
conducive find the global optimal solution.  
In addition, the pheromone on the path to be limited 
in order to avoiding search stagnation problems. 
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The main idea of MMAS-BP algorithm is: define 
BP neural network m  weights, threshold  

parameters iw ),,2,1( mi = , and set N smaller 

random nonzero values form set wiI , the value 

parameter ijw  corresponding to the pheromone 

ijτ ),,2,1( Nj = . So there are h ants  

of colony, each ant start from 1wI  transfers from  

the pheromone amount and state transition 
probabilities of each element of selecting an element 

from the collection wiI . Upon completion of all 

elements of choice in the collection, a group  
that won the BP network parameters. Transition 
probability is expressed as 

 


∈

=

Zs
isis

ijijk
ij tt

tt
tp

)()(

)()(
)( βα

βα

ητ
ητ

, (11) 

 

where )(tijη  is the heuristic function; α  volatile 

global factor; β  as a function of the weight  

of inspiration; )(tijτ  is the residual amount  

of information. 
Then, find the optimal solution ant according  

to (13) for updating the pheromone. This process is 
repeated until all the ants converge on the same path, 
which is to find the optimal solution of the BP neural 
network parameters.  

 

( ) ( ) ( ) best
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wherein 
 

( )bestf
best
ij

1=Δτ , (13) 

 
where ρ  is the pheromone evaporation coefficient; 

best
ijτΔ  oriented cycles find the optimal solution 

ant pheromone increment; optimal solution )(bestf  

as found in cycles. 
 
 
4. Evidence Syntheses 

 
In the structure of the MMAS-BP network, BP 

neural network and RBF network model, by the three 
sub-networks initially diagnosis the transformer fault, 
and diagnosis results after the conversion as  
an independent body of evidence on the identification 
evidence theory framework to get accordingly,  
the basic probability assignment value. Conversion 

methods are: the use of formula (14) for the output  
of sub-networks normalization process. 
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where if  represents the initial diagnosis output  

of the i  sub-network; '
if  is the output  

of i  sub-network after normalization. 
Then by calculating the conflict factor between 

the 3 independent evidences determine whether  
a conflict of evidence strongly. If the conflict is 
serious, the proposed method synthesizes decision, 
otherwise the fusion with Dempster rule of evidence. 
Evidence synthesized according to the principles  
of the biggest decisions of credibility. 

 
 

4.1. Primary Diagnosis 
 
Transformer fault type variety can be divided into 

internal and external fault, but the internal fault is 
focus of the study. In an internal failure, failure  
to overheat and discharge malfunction are the main 
types. When the existence of these two types  
of internal transformer fault, will produce some fault 
gas. With different degrees of fever and discharge, 
gas type and concentration of dissolved gas generated 
is not the same. Here, select the transformer oil 
chromatographic test five key gases H2, CH4, C2H6, 
C2H4, C2H2 as fault diagnosis characteristics gas, and 
the percentage of each gas content of the sum  
of these five kinds of gas as input vector of the three 
primary diagnostic module. Meanwhile, trouble-free, 
low-temperature superheater (150 oC - 700 oC), high 
temperature overheating (> 700 oC), low energy 
discharge and high-energy discharge fault five types 
as the diagnosis output vector, and the composition  
of the identification evidence theory framework, 
respectively y1 ~ y5 be represented. In addition, three 
sub-networks to set the target output is: no fault 
(10000), the low temperature superheater (01000), 
superheater (00100), low energy discharge (00010) 
and high energy discharge (00001). 

Based on the content data of the collected 
transformer oil dissolved characteristics gas, choose 
80 groups for failure analysis. In the simulation,  
the parameters MMAS-BP algorithm is  
set to: network architecture 5-10-5, input layer  
to the output layer activation function were tansig, 
logsig, learning rate of 0.1, the error convergence 
factor 10-5. Number of variables to be optimized 

110=m , the number of ants 20=h , global volatile 
factor 7.0=α , heuristic function weights 2.0=β , 

pheromone evaporation coefficient 7.0=ρ ,  

the maximum number of iterations 30. In the Matlab 
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environment, respectively MMAS-BP, BP algorithm 
and RBF network adapter for preliminary fault 
diagnosis. Where the training error and objective 

function change curve of MMAS-BP algorithm are 
shown in Fig. 1, Fig. 2. 

 
 

 
 

 
 

Fig. 1. The training error curve  
of MMAS-BP algorithm. 

Fig. 2. The objective function curve  
of MMAS-BP algorithm.  

 
 

 
4.2. Decision Fusion 
 

The basic probability assignment of values for 
each body of evidence obtained, the process  
of carrying out the integration of evidence,  
if the phenomenon does not appear strong conflict 
between the evidence, even if the diagnosis of a sub-
network appears large deviations, Dempster synthesis 
results can still be made relatively correct judgment. 
However, when the evidence conflict strongly  
the rule might come to the opposite conclusion  

with the facts. The following selection of special 
situations that arise during simulation to analyze 
explained. According to the set of test data shows 
that, the high temperature overheating fault occurs. 
The BP network has a serious miscarriage of justice, 
and identified as the low temperature overheating 
fault, and therefore need to be evidence of fusion  
to try to reflect the actual situation. At this time get 
the basic probability assignment superheater failure 
occurs (keep two valid number) and fusion results 
shown in Table 2.  

 
 

Table 2. The credibility distribution and fusion results. 
 

Project m(y1) m(y2) m(y3) m(y4) m(y5) )(Θm  

MMAS-BP 0.00 0.01 0.99 0.00 0.00  

BP 0.00 0.98 0.00 0.01 0.01  

RBF 0.00 0.04 0.93 0.01 0.02  

D-S rule 0.000 1.000 0.000 0.000 0.000 0.000 

Proposed 
method 

0.000 0.027 0.617 0.007 0.013 0.336 

 
 
Obviously, for this kind of extreme conditions, 

Dempster synthesis rule characterized as low-
temperature overheating fault. Because  
in the evidence of the former two are fused, which 
has made m (y3) = 0 conclusion. Even if there is 
evidence follow-up to support y3, but still can’t 
change this phenomenon. The use of proposed 
method for the synthesis of the evidence,  
the transformer superheater failure occurred 
credibility of 0.617, 0.336 uncertainty, which can 

determine the type of failure that occurred  
in this case, the transformer temperature overheating 
fault, in line with the actual situation. In addition, 
because this article only chose three primary  
sub-network fault diagnoses, more if you choose  
the number of sub-networks, and support y3 evidence 
will increase the reliability of the diagnosis again. 

To further evaluate the performance  
of the method selected representative sample  
of 10 groups were compared, as shown in Table 3.  
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Table 3. A typical example of fault diagnosis. 
 

No 

Percentage of characteristics gas 

Actual failure 

Diagnostic results 

H2 CH4 C2H6 C2H4 C2H2 
Proposed 
method 

Dempster 
Improved three-

ratio method 

1 0.316 0.147 0.421 0.108 0.008 No fault y1 y1 000 no fault 

2 0.078 0.304 0.174 0.434 0.010 
Low temperature 
superheater 

y2 y2 
021 low temperature 
superheater 

3 0.328 0.442 0.109 0.121 0.000 
Low temperature 
superheater 

y2 y2 
021 low temperature 
superheater 

4 0.167 0.165 0.069 0.574 0.025 Superheater y3 y3 022 superheater 

5 0.039 0.222 0.080 0.655 0.004 Superheater y3 y2 022 superheater 

6 0.843 0.081 0.072 0.004 0.000 Superheater y3 y3 010 Partial discharge 

7 0.450 0.111 0.127 0.027 0.285 Low energy discharge y4 y4 
200 low energy 
discharge 

8 0.041 0.208 0.070 0.676 0.005 Low energy discharge y4 y4 022 superheater 

9 0.623 0.112 0.019 0.100 0.146 High energy discharge y5 y5 102 Arc discharge 

10 0.169 0.138 0.031 0.396 0.266 High energy discharge y5 y5 102 Arc discharge 

 
 
As can be seen, the problem of strongly conflict 

between the evidence, Dempster combination rule 
may appear false or can’t be evidence fusion.  
In addition, improved three-ratio method can 
sometimes be misclassified. The proposed method 
can resolve conflicts in the evidence to some extent, 
and thus a higher diagnostic accuracy, and consistent 
with the actual fault. 
 
 
5. Conclusions 
 

Using evidence theory MMAS-BP algorithm, BP 
network and RBF network combined to construct 
basic probability distribution function, integrated part 
of the excellent method of transformer fault 
diagnosis. 

Strong conflict fusion of evidence method used  
in this paper, maintain a constant Dempster 
combination rule, after integration according  
to the degree of conflict between the evidence by 
introducing a trust factor, corrected for the synthesis 
of the results and reduce the adverse impact  
of the evidence on the diagnostic results. 

Since the cause of the transformer failure is more 
complex, resulting from the theoretical analysis and 
practical engineering inevitably go awry, which 
requires the use of large amounts of real data  
to verify and fix. 
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