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ABSTRACT 
 

Abnormal situations and internal faults in a power transformer cause decomposition and 
degradation of its insulations (i.e. oil and paper) and as a result, various gases are produced; so 
that, the survey of type and quantity of gases can be considered as a criteria to identify 
transformer internal status. Nowadays, diagnosis of transformers internal faults is done using 
“Dissolved Gas Analysis” approach, which is based on oil gas-chromatography and relevant 
tables and standards. This approach in spite of its advantages has some disadvantages. In this 
paper a new approach using an artificial olfactory system (so-called electronic nose) is 
presented. An E-Nose is an intelligent system with learning ability, that can detect, analyze 
and distinguish gaseous mixtures and complex odors using a “sensor array” and an “odor 
recognition unit”. 
Since depending on type and intensity of internal faults in transformers, type and quantity of 
released gases are different, so the resulted gaseous mixture is unique for each fault and can be 
detected and identified using an electronic nose. 
KEY WORDS: Dissolved gas analysis (DGA), electronic nose (E-Nose), neural network, 

power transformer. 
 

INTRODUCTION 
 

Uninterrupted function of power transformers is very important, so early awareness about 
happening faults in them and to take necessary measures can prevent the blackout of power network 
and also prevent serious damage to transformers, personal and other equipments. Thus various 
approaches have been presented to study transformers internal status, among them Dissolved Gas 
Analysis- DGA approach has been accepted as a reasonable approach for initial detecting, analyzing 
and predicting of transformers internal faults. Many activities have been done in this field and some 
approaches and standards have been written such as “Key Gases”, “Dornenburg”, “Rogers” and “Duval 
Rectangle” methods, “IEC-599” and “IEEE C57.104” standards. All mentioned approaches has their 
own disadvantages [1,2]; so that in some cases, diagnosis of faults using only related DGA tables is 
impossible. In such cases, utilizing experiences of experts is seemed to be necessary [3]. In this matter, 
some efforts have been done based on experimental cases and using intelligent techniques such as 
Expert Systems, Fuzzy Logic and Artificial Neural Networks (ANN). These efforts show the ability 
and fairly high-precision of intelligent techniques in predicting and distinguishing of faults and failures 
[2,3,4,5,6,7,8,9,10,11,12]. 

In this paper we present a new approach for detection and determination of power 
transformers internal faults using electronic nose (E-Nose). An E-Nose is an intelligent system with 
learning ability, which can detect, identify and analyze gaseous mixtures. Since depending on type and 
intensity of internal faults in a transformer, type and quantity of released gases are different, so the 
resulted gaseous mixture is unique and can be detected and identified using an E-Nose. 

 

1. Internal Faults and Released Gases in Power Transformers 
Generally, internal faults in power transformers can be classified into two groups: “Thermal 

Faults” and “Electrical Faults” [2,3]. On the other hand, a power transformer has two main insulations: 
“Transformer Oil” and “Insulating Paper”, which can be affected by mentioned faults. 

Transformer oil is one of the petroleum products that is made of hydrocarbon molecules such 
as CH, CH2 and CH3 [13]. Figure 1 shows the basic molecular structure of paraffinic type of 
transformer oil [21]. 

 
Fig. 1: molecular structure of paraffinic type of transformer oil [21] 
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  The mechanism of oil decomposition as follows: during happening of internal faults the oil 
temperature increases, resulting in decomposition of hydrocarbon molecules and producing radical ions 
such as H*, CH*, CH2*, CH3*. Depending on kind of fault, the radical ions are recombined and 
reconstructed by a series of chemical reactions and appeared as hydrogen (H2) and some hydrocarbon 
gases such as methane (CH4), ethane (C2H6), ethylene (C2H4), propane (C3H8), and/or acetylene (C2H2). 
At low temperatures, weakest H-C connections are broken and hydrogen is produced, which quantity is 
increased by increasing temperature. At higher temperatures, C-C connections are broken too, and 
produce heavier gases. For example, at temperatures between 800 up to 1200 ºC, acetylene (C2H2) is 
produced and its quantity is increased by increasing temperature. Required energies for breaking down 
of H-C connection is 338 kJ/mol, simple C-C connection- 670 kJ/mol, double C=C connection- 720 
kJ/mol and triple C≡C connection- 690 kJ/mol [1,2,3,13,14]. 

On the other hand, insulating paper is a cellulose material with a structure of hydro-glucose 
rings and weak C-O connections. The basic arrangement of molecules in cellulose insulation paper is 
shown in figure 2. 

 
Fig. 2: arrangement of hydro-glucose rings and C-O connections in cellulose insulation paper [21] 

 
Decomposition of insulating paper is beginning from 105 ºC [13]. While an internal fault is 

happened the C-O connections can be easily broken down and as a result several gases such as 
hydrogen (H2), methane (CH4), carbon monoxide (CO) and carbon dioxide (CO2) are produced [1,13]. 
It should be mentioned that other products and gases such as water (H2O), furfural (C4H3OCHO), a 
kind of X-Wax, oxygen (O2), nitrogen (N2), etc. may be produced [1,2,3,13,14,21].  

Considering the aforementioned descriptions, the released gases due to internal faults can be 
classified into three following groups: 

1. Hydrogen and hydrocarbon gases: hydrogen (H2), methane(CH4), ethane (C2H6), ethylene 
(C2H4), acetylene (C2H2), propane (C3H8); 

2. Carbon-oxides: carbon monoxide (CO), carbon dioxide (CO2); 
3. Non-fault gases: nitrogen (N2), oxygen (O2). 
Depending on intensity of internal faults, the released gases resulted from decomposition of 

insulators (oil and paper) are dissolved within the oil or collect in the top space of oil tank or in 
Buchholz relay. Therefore, it is possible to diagnose internal faults by analyzing dissolved gases. For 
this, it is necessary to extract dissolved gases from the oil, then separate and quantify them. Nowadays, 
the “Gas-Chromatograph” machine is used for realizing this purpose. In related literatures, the process 
of analyzing internal status of power transformers using gas-chromatography results is called 
“Dissolved Gas Analysis- DGA” approach. This approach has been accepted as one of the best 
approaches in this regards. 

It should be mentioned that in DGA approach the quantity of hydrogen (H2), methane (CH4), 
ethane (C2H6), ethylene (C2H4), acetylene (C2H2), carbon monoxide (CO) and carbon dioxide (CO2) are 
important and used for diagnostic purpose. 

There are presented several DGA methods among them following methods are well-known: 
“Key Gases”, “Dornenburg”, “Rogers” and “Duval Rectangle” methods, “IEC-599” and “IEEE 
C57.104” standards..  

The important advantage of DGA is that the diagnosis of transformers can be done without its 
blackout. Besides, this approach can provide useful information about maintenance and repair programs. 
Unfortunately, DGA-based methods are not unmistakable and suffer some their own disadvantages [1,2]. 
For example, in methods utilizing gaseous ratios (such as IEC-599 standard, Rojer’s method, etc.), due to 
limitations of diagnostic codes, it is impossible to take proper decision about faults in some cases. In 
addition, if gaseous ratios have small quantities this method shows considerable errors [1]. Hence in such 
cases, utilizing experiences of professional experts is necessary [3]. 

 
2. Artificial Olfactory Systems or Electronic Noses (E-Nose) 

In the past decade, artificial olfactory systems, so called ”electronic nose” (E-Nose), are 
widely used in a wide variety of applications such as medical applications, food, beverage and perfume 
industries, environmental and air contamination monitoring, chemical engineering, detection and 
recognition of sewages and toxic gases, etc [16]. 
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An E-Nose is an intelligent system with learning ability, which can detect, analyse and 
distinguish gaseous mixtures and complex odours using a “sensing unit” and an “odour recognition 
unit”. Thus, E-Nose instrument is comprised of a sensing unit, hardware components to collect and 
transport odours to the sensing part, an electronic circuitry to digitize and store the sensor responses 
and an odor recognition unit [16,20]. Fig. 3 shows the basic block diagram of an E-Nose. 

 

 
Fig. 3: basic schematic diagram of an E-Nose [16] 

 
The “sensing unit” can be implemented in various manners. One of them is use of gas sensors 

in a “sensor array”. An important note about gas sensors is that: although each gas sensor is designed 
for detecting specific gas, but it’s a little affected by other gases; so that it briefly responds to other 
gases and can not absolutely measure specific gas. Therefore the sensor array of an E-Nose consists of 
broadly tuned (non-specific) sensors that are treated with a variety of odour-sensitive biological or 
chemical materials. Since odours are combination of various gases, then an odour stimulus generates a 
characteristic pattern (or smellprint) on the sensor array. 

“Odour recognition unit” is a pattern recognition system that identifies the odour upon obtained 
results from sensing unit. Several techniques have been presented for implementation of recognition unit 
such as “Statistical approaches”, “Artificial Neural Network- ANN”, “Fuzzy Logic”, etc. 

Patterns from known odours are used to construct a database and train a pattern recognition 
system so that unknown odours can subsequently be classified and identified. 

Nowadays E-Nose designers mostly tend to sensor array and ANN- based structures. 
 

3. Using an E-Nose to Diagnose Internal Faults of Power Transformers 
Since depending on type and intensity of internal faults in transformers, type and quantity of 

released gases are different, so the resulted gaseous mixture is unique for each fault and can be detected 
and identified using an electronic nose. In this project, following steps were done to implement proper 
E-Nose for this purpose. 
 

Step-1) Selecting Transformers for study: 
11 power transformers were selected and for specifying their real faults, an oil samples was 

taken from oil tank of each one. The oil samples were sent to gas-chromatography (G.C) laboratory to 
evaluate the quantity (concentration) of dissolved gases. After that, G.C results were interpreted by a 
professional expert and real faults of each transformer were revealed. The interpretation was done 
according expert’s experiences, G.C results and tables of DGA methods. The real faults will be used 
for training the recognition part of the E-Nose, which is described in next steps. 

The specifications of transformers, their G.C results and the professional expert’s report about 
their faults are listed in table 1. 

 

Table 1: Specifications, G.C results and real faults of transformers  

No
.  

of
 

tr
an

sf
or

m
e

r 

I/II rated  
voltages  

[KV] 

Gas-Chromatography (G.C)  results [ppm] real faults of transformers 
(diagnosed by a 

professional expert) H2 CH4 C2H6 C2H4 C2H2 CO CO2 

1 230/400 1 10 3 28 2 78 460 no fault  
2 230/400  10 64 12 117 11 107 597 thermal fault> 700 
3 230/10.5 79 18 24 1 2 217 1115 no fault 
4 230/10.5 10 1 1 0 0 176 0 no fault 
5 230/10.5 3384 287 23 351 3723 374 1453 high energy discharge, paper 

degradation 
6 230/10.5 2515 239 27 364 2253 503 1989 high energy discharge, paper 

degradation 
7 230/66 28 11 16 114 105 360 2470 high energy discharge, paper 

degradation 
8 230/66 27 12 19 125 65 325 1714 high energy discharge 
9 10.5/66 14 21 6 4 1 920 8400 paper degradation 

10 10.5/66 19 80 340 28 1 452 2828 thermal fault 150-300 
11 10.5/66 15 87 33 11 1 965 4860 paper degradation 
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To perform diagnosis of internal faults using the E-Nose, another oil sample from each 
transformer is needed too, so these samples were taken for use in next steps. Generally, there are 8 
possible faults in power transformers as cited in table 2. 

 
Table-2: possible faults in power transformers 

 Order number of the fault 
 1 2 3 4 5 6 7 8 

Possibl
e fault 

no 
fault 

partial 
discharge 

Low energy 
discharge 

high energy 
discharge 

thermal fault at  
T<300°C 

thermal fault at 
300°C<T<700°C 

thermal fault at 
T>700°C 

paper 
degradation 

 
Step-2) Design and Implementation of Proper E-Nose 

As before mentioned, to identify happened faults in transformers, it is necessary to extract 
gases from the transformer oil and specify their type and concentration, which is in conventional 
methods done using gas-chromatographic machine. After that the G.C results should be interpreted by 
a professional expert. In our project, all these duties are done using a specially designed E-Nose, 
including a small heater, a mixer, an airtight vessel, a sensor array of gas sensors, an electronic 
circuitry and a PC-based artificial neural network. 

There are various ways for releasing dissolved gases from fluids such as heating and 
vacuuming. In this project we used heating method using a small heater and a mixer. 

The sensor array for this E-Nose includes 5 metal oxide gas sensors (MOGS): MQ-4, MQ-6, 
MQ-7, MQ-8 and TGS-813. When a MOGS is exposed to certain gas, its conductivity changes and can be 
detected using a simple circuit as shown in figure 4, where RL is load resistance, VH - bias voltage for 
heating element of the sensor, VC - bias voltage for sensing element and VRL is the output voltage of 
sensor. 

 
Fig. 4: a circuit for detection of conductivity changes in MOGS [17] 

 
The heater and mixer were placed in the bottom of an airtight vessel and the sensor array in 

the top space of it. 
A microcontroller-based electronic circuitry including an individual data acquisition system 

and a PC interface circuit was designed to drive the heater, mixer, sensors, collect output signals of 
sensors and import data to a PC. 

In order to realize the recognition unit of the E-Nose, a PC-based artificial neural network 
(ANN) with “Multi Layer Perceptron- MLP” topology was built using NN-toolbox of MATLAB 
software. The reason for this choose is high ability of MLP-ANN in classifying patterns and its good 
records in recognition of complex relationships between transformer faults and corresponding released 
gases [2,3,15,18,19]. A MLP-ANN adjusts its weights and biases during training step, and in test step 
provides best response and best guess about happened fault or about happening fault. This advantage 
prevents occurring non-predicted situations, which generally arises in DGA-based gas ratios methods 
[15,19]. 

As shown in figure 5, following combination of neurons and layers was chosen for 
aforementioned MLP-ANN: 

a) An input layer with 5 neurons, proportional to the number of sensors; 
b) a hidden layer with 10 neurons and 
c) an output layer with 8 neurons, proportional to the number of possible faults; 
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Fig. 5: the structure of MLP-ANN 

 
Step-3) Experiments: 

To extract gases from oil samples, each one was gradually heated in airtight vessel, so for 
each oil sample an individual gaseous mixture was formed and collected in the top space of vessel 
where the gas sensors of sensor array were located. Since each sensor responds to one or more gases, 
so for each oil sample an individual set of signals was recorded by the sensor array. As an example, the 
recorded signals for oil samples No.2 is shown in figure. 

It should be mentioned that during heating process the temperature was measured and 
controlled to avoid extra oil decomposition. 

 

 
Fig. 6: recorded signals by sensor array for oil No.2 

 
In order to simplifying calculations and analysis in next steps, the “average value” of recorded 

signals at the interval time of 25-100 sec. was calculated for each sensor and based on which we 
formed an individual pattern for each oil sample. Figure 7 shows the individual pattern (i.e. average 
value of sensors) for oil samples No.2. 

        
Fig. 7: individual signal pattern for oil No.2 
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The average values of sensors to obtain individual patterns for 11 oil samples and for fresh air 
(as non-fault case) are listed in table 3. 

 
Table-3: The average values of E-Nose sensors 

No. of oil 
sample/pattern 

Average value of sensors [volt] 
Sensor 1 
(MQ-7) 

Sensor 2 
(MQ-8) 

Sensor 3 
(TGS813) 

Sensor 4 
(MQ-6) 

Sensor 5 
(MQ-4) 

1 0.506 1.213 1.074 0.72 0.611 
2 0.484 0.986 1.188 0.788 0.708 
3 0.532 1.103 1.048 0.74 0.697 
4 0.447 0.678 0.973 0.637 0.563 
5 0.661 1.392 1.558 1.046 1.136 
6 0.689 1.61 1.636 1.143 1.198 
7 0.487 1.161 1.221 0.775 0.611 
8 0.515 1.194 1.225 0.768 0.613 
9 0.591 0.871 1.496 0.896 0.655 
10 0.816 0.867 1.821 1.345 1.303 
11 0.654 0.929 1.564 0.936 0.792 

12 (Fresh Air) 0.129 0.339 0.616 0.409 0.303 
 

In order to identify faults of transformers, the obtained patterns in previous steps should be 
recognized and associated to a specific fault. In our project, this duty is done by “recognition unit” of 
the designed E-Nose, which has been realized using MLP-ANN.  

Before an ANN can work properly, it should be trained based on specified real cases. For this 
purpose, the amount of 9 signal patterns (No. 1,2,4,5,6,8,9,10,12 in table 3) were selected as “input 
vectors”, and corresponding faults (diagnosed by a professional expert as per table 1) as “desired 
output vectors”. 

For simplicity of training and testing the MLP-NN, for each possible fault of table 2 an 8-digit 
code in the form of [X1X2X3X4X5X6X7X8] was allocated. In this coding, if the order number of fault in 
table 2 is equal to i  then the place of Xi is 1 and other places are 0; for instance, the code for 2nd fault 
(i.e. partial discharge - see table 2) is [01000000]. According this coding, the real faults of transformers 
in table 1, can be coded as in table 4. 

 

Table-4: Assigned codes to real faults of transformers 
No. of transformer (or 

oil sample) 
real fault of transformer 
(diagnosed by a expert ) 

Code of fault 
(according suggested coding format) 

Oil No. 1 no fault  [10000000] 
Oil No. 2 thermal fault > 700 ºC  [00000010] 
Oil No. 3 no fault  [10000000] 
Oil No. 4 no fault  [10000000] 
Oil No. 5 high energy discharge, paper 

degradation 
[00010001] 

Oil No. 6 high energy discharge, paper 
degradation  

[00010001] 

Oil No. 7 high energy discharge, paper 
degradation  

[00010001] 

Oil No. 8 high energy discharge [00000001] 
Oil No. 9 paper degradation [00000001] 
Oil No. 10 thermal fault 150-300 ºC [00001000] 
Oil No. 11 paper degradation [00000001] 
Fresh air no fault [10000000] 

 
After choosing input and desired output vectors, the MLP-ANN was trained using NN-toolbox 

of MATLAB software. Figure 8 shows the result of training step in terms of “Mean Square Error- MSE” 
 

 
Fig. 8: the curve of “Mean Square Error” (MSE) in training process of MLP-ANN 
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Step-4) Data Analysis and Fault Diagnosis 
After training the recognition unit of the E-Nose, its capability should be tested and verified. 

For this, we tested its performance by applying 3 remaining oil samples (samples 3, 7 and 11), which 
are unknown for it. Table 5 shows the results of diagnosed faults by E-Nose in compare with real 
faults. The table shows that the E-Nose has diagnosed the faults of transformers No. 3 and 11 with a 
mean error of 0.7%, 0.42% respectively, but has identified only the 1st fault of  transformer No. 7 (with 
a mean error of 4.8%) and has been incapable to identify the 2nd fault. This issue is natural in our case, 
because the number of training samples was very low (9 samples). Obviously, by increasing the 
number of training samples, the results will be clearer and errors will be reduced. 
 

Table 5: The results of diagnosed faults by E-Nose in compare with real faults 
 Real faults (based on 

DGA and expert' 
experience) 

Code of Real fault 
(desired output) 

Diagnosed fault by E-Nose Average 
error 
(%) 

Oil No. 3 No Fault [1 0 0 0 0 0 0 0] [ 0.985   0.0   0.0   0.0   0.0   0.0   0.041    0.0 ] 0.7 
Oil No. 7 high energy discharge, 

paper degradation 
[0 0 0 1 0 0 0 1] [ 0.003   0.0   0.0   0.952   0.0   0.0   0.008   0.002 ] 13.22 

Oil No. 11 paper degradation [0 0 0 0 0 0 0 1] [ 0.0   0.0   0.0   0.004   0.022   0.0   0.0   0.993 ] 0.42 
Average of total errors (%) 4.78 

 
4. Conclusion 
 

In some cases, diagnose internal faults of power transformers using conventional DGA-based 
methods and relevant tables is impossible. In such cases utilizing experiences of professional experts is 
necessary. Since the number of experts is few, so the importance of a precise intelligent system with 
learning ability (to learn experts’ experiences) will be more highlighted. In this paper the results of a 
done research in this regard, as a novel approach, was presented. In this approach an artificial olfactory 
system, so called E-Nose, has been used, which is portable and able to learn experts’ experiences; 
besides, it can gradually become independent of both gas-chromatography (G.C) process and gas-
chromatograph machine.  
It should be mentioned that this method is presented for the first time. 
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