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Abstract. Oil chromatography analysis is the foundation of transformer fault diagnosis, In this paper, based on 
knowledge base of the oil chromatographic analysis, an extended research combining the improved three ratio 
method BP neural network and case-based reasoning method for the transformer fault diagnosis was 
proposed, in the purpose of building a transformer Intelligent Evaluation Diagnosis model, to improve the 
accuracy of the transformer fault diagnosis, which is of a great significance for practice. 

1 Introduction 
With the development of society and economy, energy 
and environmental issues is becoming increasingly 
prominent. In order to meet the requirements of a 
sustainable future, the development and construction of a 
strong smart grid is an inevitable choice to promote 
China's economic development. 

Safe operation of the power transformer is to ensure a 
reliable, safety power grid and the necessary conditions 
for stable operation. The main transformer on-line 
monitoring of transformer oil chromatogram is analysed 
to determine the latent fault transformer. Oil 
chromatographic analysis is one of the most effective 
methods of early detection and prevention of transformer 
failures. Because the neural network to outside input 
sample has a strong ability to identify and classify 
information processing characteristics of associative 
memory, making the application of artificial neural 
networks and fault diagnosis of transformer combined. 
Therefore, the neural network fault diagnosis method 
based on chromatographic analysis of transformer oil for 
transformer fault diagnosis provides a new way.  

2 Transformer fault diagnosis research 
status  
Power transformer fault, from the development process 
can be divided into two categories: sudden failure and 
latent failures. For sudden failure we can use some 
conservative measures for prevention, existing methods 
mainly for the purposes of latent failures. Latent failures 
can be divided into three categories: internal transformer 
partial discharge, local overheating and transformer 
insulation aging. Power transformer is closely related to 
the failure of the transformer condition, history log, and 

transformer models. Therefore, it is necessary to study 
the transformer fault, timely and accurate detection of 
early latent transformer fault detection and maintenance 
system to develop a reasonable, accurate service, improve 
the reliability of transformers [1]. 

Expert System has received a preliminary application, 
but the main problem is that the "bottleneck" problem of 
knowledge acquisition cannot effectively solve so many 
uncertainties that exist in fault diagnosis, these problems 
greatly affected the accuracy of fault diagnosis. Fuzzy 
diagnosis method using fuzzy matching principle 
troubleshooting, there are some false positives, generally 
rarely used. In a variety of intelligent algorithms, neural 
network model with good nonlinear approximation 
capability has been widely adopted, has been well 
developed in the transformer fault diagnosis [2]. 
In this paper, the traditional methods and BP intelligent 
algorithm combined with the introduction of Case-based 
inference and thought transformer fault diagnosis system, 
conducted in-depth research. 

3 Establish transformer fault diagnosis 
model  
The failure mechanism of transformers is often very 
complex, accompanied by a variety of fault generation, 
which can be used to characterize and determine the fault 
type of state amount is often more than one 
correspondence between the amount of state failure and 
more complicated. Failure mechanism is the basis for 
fault diagnosis master, research and state the amount of 
transformer failure relationship is very necessary. The 
actual amount of fault diagnosis system using state oil 
chromatogram, the core ground current, infrared, casing, 
top oil temperature, moisture. 
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3.1 Transformer condition data quality analysis 

During the first transformer fault diagnosis before the 
collected data processing and analysis, the main purpose 
is to: 

1) Random noise can be treated through treatment, to 
improve signal to noise ratio, in order to prevent false 
positives or false negatives fault made, the key is to 
improve the anti-jamming measures. 

2) In addition to improving the SNR beyond, the need 
to collect data that can better reflect the information 
displayed, which can not simply set out the collected raw 
data, while outside to the inside to do some analysis and 
processing make it a reliable criterion for transformer 
fault diagnosis. 

Quality analysis of the data included four areas: 
identification of invalid data; complete analysis; 
normative analysis; stable consistency analysis. 

3.2 Transformer fault diagnosis process 

Transformer fault diagnosis in two steps: to determine 
whether the fault and the fault type. In the absence of a 
transformer failure, want to run the state of the 
transformer to predict and forecast, after a failure of 
judgment transformer fault type, location, cause, degree, 
and maintenance decisions. Specific steps are as follows 
[3]. 

3.2.1 Establish fault sample library 

Failure to create a sample database according to the 
device type, model, manufacturer, etc. and the 
accumulation of knowledge and provide training and 
validation samples for fault diagnosis algorithm. 

3.2.2 Establish the diagnosis algorithm library 

Diagnostic algorithm library provides various types of 
equipment through the package, all kinds of state amount 
of diagnostic algorithms. Diagnostic algorithm used in 
this paper include traditional DGA algorithm, advanced 
intelligent algorithm with BP algorithm combines Case-
based inference. 

3.2.3 Status diagnostics 

Firstly whether the fault diagnosis, determine fault, 
respectively IEC, BP neural network and Case-based 
inference three methods to conduct a diagnosis, identified 
as overheating fault or electrical fault, and then use three 
methods for secondary diagnosis, determine the specific 
type of fault. 

3.2.4 Diagnostic results 

To determine what kind of fault to fault location, 
cause of the failure, malfunction, etc. rating judgment. 

3.3 DGA principle 

In the situation of failure, the transformer oil will be 
oxygen-decomposed and split-decomposed, and then 
create the hydrogen and low molecule gases. 
Unsaturation of the hydrocarbon gas will increase along 
with the pyrolysis energy density (temperature) growing. 
Different fault, due to the failure point energy is different 
at different temperatures and different insulation 
materials involved in its production of gas situation is 
different. The use of DGA for device internal fault 
judgment is based on this principle of gas production 
characteristics of insulating materials. 

Part of the gas dissolved in transformer oil, part 
floating on the upper (free gas).The valuable gases are 
H2 CH4 C2H6 C2H2 C2H4 CO and CO2. Table 1 
gives an improved three-ratio method of encoding rules 
[4]. 
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Figure 1.Integrated troubleshooting flowchart transformer 

Table 1. Improved three-ratio encoding rules 

The ratio range
Coding ratio range

C2H2/C2H4 CH4/H2 C2H4/C2H6

<0.1 0 1 0 

0.1~1 1 0 0 

1~3 1 2 1 

3 2 2 2 

Improved three-ratio method (IEC) is based on the 
principle of a coding in table 1 to calculate the ratio of the 
gas, finding the corresponding fault code correlated to the 
type, you can achieve the purpose of fault diagnosis. The 
CO/CO2 ratio needed to be analysed when the solid 
insulating material was involved in the fault. IEC 
accuracy rate is about 60 percent, three-ratio method in 
the early stages of failure is more effective diagnostic 
methods, But the presence of a fault coding incomplete 
ratio method, not judge or easy to misjudge, not fully 
reflect the fault condition and other shortcomings when 
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the combined effects of multiple faults. Based on IEC 
inadequate methods, we propose to combine it with 
intelligent algorithms [5]. 

3.4 Transformer fault diagnosis based on neural 
network 

BP (Back Propagation) neural network is the earliest 
typical artificial neural network, that error back 
propagation algorithm. This paper uses a simple three-
layer neural network includes an input layer, an hidden 
layer and an output layer. Specific configuration shown 
in Fig. 2: 

f
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Figure 2. BP Neural network model structure diagram 
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),,1( ��  respectively, the input 
vector (the content of each gas), hidden layer output 
vector, output vector (equipment failure type), the desired 
output power weight vector between the input layer and 
the hidden layer and the hidden layer and output layer 
between value vector [6-7]. 

We have established a three-layer BP neural network, 
set the input layer of the network are H2 CH4 C2H6

C2H2 C2H4 five gas concentration therefore, the 
number of nodes in the input layer is 5.Output layer are 
low energy discharge, high energy discharge, low heat, 
high temperature overheating , so the output node number 
is 4, the output of the corresponding type of fault output 
is 1, and the rest is zero.Hidden layer nodes generally use 
trial and error to determine,m=2n+1 n is the number of 
input layer nodes.Through experiments, we finalized a 
network of hidden nodes m is 10 , the error is relatively 
small networks. Fig. 3 shows the hidden layer node 
training error for different values of the network. 

Figure 3. Hidden layer neurons error performance curve 
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Figure 4. BP nonlinear dynamic model of neural networks 

According to the network structure we have 
established a flow chart of BP neural network algorithm, 
can be seen from the calculation process flow diagram of 
the network. 
a. Initialize weights and thresholds of the network, set 
between [-1, 1]; 
b. Training set to a given network, select the fault 
sample as the network training sample; 
c. Layers obtained weights and thresholds, according to 
the weights and thresholds dressing formula to find the 
smallest error to make the network weights and 
thresholds; 
d. Strike overall error, the error value calculated 
according to the formula error model; 
e. Whether the termination condition; judgments based 
on the network settings to achieve maximum error of 
0.001 or training times 1000; 
f. If you meet the requirements to stop the train, 
otherwise go to step c to continue training. 
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Figure 5. BP neural network algorithm flowchart 
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3.5 Transformer fault diagnosis based on case-
based inference 

Case-based analysis for the comparative analysis of 
similar equipment failure cases, infer accidents, 
breakdowns and corresponding treatment measures that 
may occur, which for transformer fault predictive 
analysis is very helpful. 

Case-based analysis of a single point for the analysis 
of whether there is currently a fault, such as a recent one 
period of chromatographic data, the data repository with 
a typical case of an accident or malfunction of some 
equipment before fairly consistent, then it should be the 
police immediately, and fault type and treatment 
measures equipment failure once displayed to the user, in 
order to adopt the appropriate measures. 

Multi-point case-based reasoning was used for 
analysis of fault thresholds. Consistent with a set of data 
trends and Case-based devices in a typical case library 
trends, then the device is currently in good health should 
also inform the user of the situation, and timely analysis 
of the two sets of data, propose appropriate 
implementation of countermeasures. Case-based multi-
point analysis than just using a mathematical model to be 
more accurate and simple, it is a way of reasoning based 
on historical data. 

Change of state of the transformer is nonlinear, 
especially for off-line data acquisition, affected long 
interval, the big objective factors such as changes in the 
environment, and cannot find a proper application of 
mathematical models only. Case-based analysis can just 
solve nonlinear prediction problem, but it is more 
difficult to obtain a sample of the data [8-9]. 

You can build a transformer fault samples Case-based 
library management system or through the production of 
electrical equipment on-line monitoring system. Taking 
of transformer fault samples have been collected, stored 
on your computer, we need to be divided into a few 
simple search space, thereby reducing the load on your 
computer to improve retrieval efficiency. Specific 
classification as shown below: 
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Figure 6.  Case-based transformer fault diagnosis based on 
principles deduced 

Selected according to the characteristics of the fault of 
the different features space retrieval, using the principles 
of fuzzy matching to find space where the sample, then 

the sample accurately find space located closest to the 
sample according to some examples of mathematical 
algorithms to find the type of fault samples [10]. 

4 Result Analysis
Transformer fault diagnosis and analysis of aspects, with 
the above methods, the introduction of the failure 
mechanism and diagnostic reasoning technology to form 
a comprehensive fault diagnosis method based on 
artificial neural networks. 

DGA using neural networks and transformer fault 
diagnosis method based on Case-based inference test. 
Take the results of the test data based on condition 
monitoring, which includes low energy discharge, high 
energy discharge, low heat, high temperature overheat 
four fault types. Gas chromatographic analysis of the oil 
content of the individual components, the analysis results 
as input of neural network, trained neural network, a 
stable neural network model. 

In terms of the type of fault diagnosis and analysis of 
substation equipment, with the diagnostic method of Fig. 
1, the introduction of the failure mechanism and 
diagnostic reasoning technology to form a comprehensive 
fault diagnosis method based on artificial neural networks 
and Case-Based Reasoning transformer. 

Table 2. Gas content of each component. 

Groups H2 CH4 C2H4 C2H6 C2H2 

1 698.5 65.1 11.59 2.16 0

2 4.79 11.12 3.09 27.74 0.51

3 33.66 2.97 27.72 33.16 2.47

4 42.01 33.61 8.96 14.84 0.56

5 16.7 16.53 57.37 6.87 2.47

6 16.1 24.00 48.90 10.13 0.81

7 84.33 8.05 0.38 7.22 0

8 181 10.81 1 0 0

9 17.01 13.75 39.5 3.06 26.59

10 62.30 11.19 10.01 1.85 14.63

11 14 5 1 6 5

12 324 345 748 99.6 177

13 33.56 33.57 23.49 9.22 0.15

14 30.11 39.03 26.13 4.55 0.15

15 0.98 43.83 28.38 26.79 0

According to the models and methods, selected 15 
groups of oil-immersed transformer DGA abnormal 
conditions were compared to verify the correctness of the 
algorithm: 
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The above table, the question mark is an error of 
judgment or Missing items, analyze the accuracy of the 
algorithms for three-ratio method is 66.7%, neural 
network is 73.3%,integrated algorithm is 80%, which, 
combined with a comprehensive three-ratio method 
algorithm, Case-based neural network algorithms and 
knowledge base, and therefore its high diagnostic 
accuracy. 

Various types of methods for the analysis of the 
results, the following conclusions: 

Table 3. Diagnostic results.

Groups Fault type IEC BP
Combined 

method

1 Partial 
Discharge

Local low 
energy 

density and 
discharge

Partial 
discharge or 

moisture

Partial 
discharge or 

moisture

2
High 

temperature 
thermal

Higher than 
the range of 

700 
thermal fault

Partial 
discharge or 

moisture

3
Low 

temperature 
thermal

150 lower 
than the 
thermal 

breakdown 
of

Low 
temperature 

thermal 

High energy 
discharge / 

high 
temperature 
overheating 

4
Low 

temperature 
thermal

General 
overheated 

wires

Low 
temperature 

thermal 

Low 
temperature 

thermal 

5
High 

temperature 
thermal

High 
temperature 

thermal 

High energy 
discharge / 

high 
temperature 
overheating 

6
High 

temperature 
thermal

High 
temperature 

thermal

High 
temperature 

thermal

High 
temperature 

thermal

7 Low energy 
discharge

Low energy 
discharge

Partial 
discharge or 

moisture

8 Partial 
Discharge

Arc 
discharge

Partial 
discharge or 

moisture

9 High energy 
discharge

High energy 
discharge

High energy 
discharge

Low energy 
discharge

10 High energy 
discharge

High energy 
discharge

Low energy 
discharge

High energy 
discharge

11 Low energy 
discharge

Low energy 
discharge

Low energy 
discharge or 

moisture

12
Low energy 
discharge 

and thermal

Low energy 
discharge 

and 
overheating

Low energy 
discharge

Low 
temperature 

thermal / 
temperature 

overheat

13
Low 

temperature 
thermal

Low 
temperature 

thermal

Low 
temperature 

thermal

Low 
temperature 

thermal

14
High 

temperature 
thermal

Higher than 
700 thermal 

fault

High energy 
discharge / 

high 
temperature 
overheating

High energy 
discharge / 

high 
temperature 
overheating

15
Low 

temperature 
thermal

Low 
temperature 

thermal

Low 
temperature 

thermal

When the ratio method for diagnostic use, for the 
failure in the ratio range, the correct rate is relatively high, 
but cannot determine the ratio for the failure is not within 
the scope of the formation of the Missing. 

1) Seen from the statistics, a comprehensive algorithm 
for low Missing two other single law for the type of fault 
is divided roughly, the correct rate is higher, but the 
simplistic division of the type of fault is not conducive to 
further determine the actual failure. 

2) Ratio method cannot determine the effect of a 
variety of related faults, the diagnosis is often an error 
occurs. 

3) Three-ratio method and neural network algorithms 
for high energy and low energy discharge discharge 
capacity is not enough to identify, often misjudge 
Missing phenomenon. 

4) Synthesis algorithm can avoid inadequate three-
ratio method and neural network algorithm, a more 
comprehensive diagnosis of the sample, according to the 
conclusions of the table shows, the higher its diagnostic 
accuracy. 

Due to a variety of methods have advantages and 
disadvantages can be seen using a combination of 
methods to obtain higher accuracy, the results of fault 
diagnosis for better reference value. Therefore, this paper 
focuses on the opportunities DGA's Intelligent Fault 
Diagnosis Method has a good combination of practical 
significance. 

4 Conclusion 
This paper is the study of a comprehensive fault 
diagnosis method, according to the knowledge base and 
oil chromatogram troubleshooting cases library 
established transformer fault diagnosis method for 
assessing intelligence and neural networks combination 
of Case-based inference. Through practice tests proved 
the effectiveness of this integrated approach for latent 
internal transformer fault diagnosis, avoid misjudgement 
traditional three-ratio method, the miscarriage of justice 
or incomplete coding shortcomings, to a certain extent, 
improve the accuracy of fault diagnosis of transformer 
rate. But for the sudden failure, this method does not 
validate in future studies also need to sudden failure of 
the transformer were analyzed. 
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