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Abstract – The availability of power transformers is essential for the safety and continuity of 
electrical service. Today's fault diagnosis methods use intelligent techniques such as neural 
networks, support machines, hybrid techniques, among others. Although they present good results, 
these techniques find restrictions in the ability to determine the precise moment in the event of 
multiple and small-magnitude faults. The proposal includes a new algorithm based on fuzzy rules 
that incorporates the daily increase of dissolved gases in the transformer oil that improves the 
classification of incipient faults. With reliable samples of gas dissolved in oil, the method proposed 
in the research can obtain a total precision rate of 91.4%. In contrast, this degree of precision is 
lower in other conventional methods reported in the bibliography. In addition, its performance in 
the classification of multiple failures is 97.5%. The method uses fuzzy logic tools to suggest 
actions aimed at preventive maintenance by monitoring the total of combustible gases dissolved in 
the oil. The proposal is a simple and easy solution to implement in practice that allows 
determining the status of the transformer in service without affecting the continuity of the 
electricity supply. Copyright © 2022 Praise Worthy Prize S.r.l. - All rights reserved. 
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Nomenclature 
FDI Fault Detection and Isolation 
DGA Dissolved Gas Chromatography in oil 
ANN Artificial Neural Networks 
VSM Vector Support Machines 
TDCG Total Combustible Gas Concentrations 
FDIp Proposed Method of Fault Detection and 

Isolation 
KGM Key Gases Interpretation Guide 
KGM+I Daily Increase to the Interpretation Guide 
I Gas increase rate [µL/L] 
DRM Doernenburs Method for Interpreting the 

Faults 
RRM Rogers Method for Interpreting the 

Faults 
IEC IEC Method for Interpreting the Faults 
DT Duval Triangle 
DTM Duval's Method for the Triangle 
DPM Duval's Method for the Pentagon 
MF Multiple Faults 
MV Misinterpretation values 
y1 Baseline analysis [ppm] 
y2 Last analysis [ppm] 
(y2 – y1) Increased gases [ppm/day] 
m Oil mass [kg] 
d1 Date of baseline analysis 
d2 Date of last analysis 
C Possible carbonization of paper 
D1 Discharges of low energy 

D2 Discharges of high energy 
PD Partial Discharges 
S Stray gassing 
ND Not Determined or Not Detected 
T1, T2, T3 Thermal fault 
LTF Low-energy Thermal Faults < 700°C 
ρ Density [kg/m3] 
j Number of fuzzy sets from stage 1 
l Number of fuzzy sets from stage 2 
Rp Allowed range 
r Number of input relations 
k Symptom variable 
e Transformer status 
s Number of faults analyzed 

I. Introduction 
All electrical energy supply must be quality and 

without interruptions to avoid the energy supplier and the 
consumer is affected. However, the reality is quite 
different since electrical disturbances such as transients, 
voltage fluctuations, supply interruptions, among others, 
are present in electrical power systems. Authors such as 
Naderian [1] refer that the cost of power transformers can 
reach up to 60% of the total investment of an electrical 
installation. Their availability is essential for the 
electrical service's stability, safety, and continuity in 
industrial and service processes. For this reason, it is 
necessary to develop reliable systems and techniques to 
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detect failures in electric transformers that positively 
affect their operation and maintenance, extend their 
useful life, and reduce repair costs [2]. It is considered 
that an electric transformer does not work correctly 
when, due to damage or failure, it stops providing the 
electrical service for which it was designed. When this 
defect prevents its regular operation, running the risk of 
deterioration, it is said that a failure has occurred [3], [4].  

In [5], a diagram is presented where the primary Fault 
Detection and Isolation (FDI) methods appear. These 
methods are divided into two broad categories: models 
and historical process data. FDI that uses historical data 
from the electrical system is of great importance and 
relevance for the industrial sector, especially in 
diagnosing faults in power transformers. In these works, 
the study of Dissolved Gas Chromatography in oil 
(DGA) is considered the most successful technique in 
diagnosing incipient failures [6]. Artificial Neural 
Networks (ANN) [7]-[10] and Support Vector Machines 
(VSM) [11]-[15] are the most widely used fault 
classification techniques in FDI methods. In [16]-[20], 
the authors combine different intelligent techniques with 
fuzzy logic to achieve better results in identifying faults.  

These works use the interpretation guides for detecting 
faults in power transformers described in [3]. Although 
these fault diagnosis techniques have proven to be the 
most successful in electrical power systems, they 
encounter constraints in the ability to determine the 
precise moment for intervention before the occurrence of 
multiple minor and incipient faults. Analyzing the 
different techniques used in recent years within the fault 
diagnosis methods oriented to power transformers, an 
increase in systems based on fuzzy logic can be seen 
[21]-[24]. The application of fuzzy logic has been widely 
accepted for helping to eradicate the inconveniences of 
establishing the conditions of the limits in the 
proportions of gases dissolved in the oil of electrical 
transformers (TDCG). This technique offers excellent 
advantages since it constitutes a mechanism capable of 
imitating human reasoning and learning from the data 
obtained using learning algorithms. Fuzzy logic has been 
established to treat inaccurate data with ambiguity and 
uncertainties and model non-linear processes where 
decision-making depends on expert judgment.  

Considering the above, the objective of this work is to 
design a method for diagnosing incipient faults in power 
transformers using fuzzy logic from DGA analysis. His 
main contribution is developing a method based on 
historical data to solve the problems presented by current 
fault diagnosis systems to determine the precise moment 
of occurrence of incipient and small-magnitude faults.  

The proposal includes a new algorithm based on fuzzy 
rules that incorporates the daily increase of dissolved 
gases in the transformer oil that improves the 
classification of incipient faults. The method uses fuzzy 
logic tools to suggest a set of actions aimed at preventive 
maintenance by monitoring the total gas dissolved in the 
oil and its daily generation rate. The proposal is a 
solution that is easy to implement in the electricity sector 

to reduce the number of unplanned shutdowns in power 
transformers that affect the availability of electrical 
systems. 

The remainder of this document is organized as 
follows. Section 2 describes the three stages of designing 
the proposed fault diagnosis method. In Section 3, their 
results are analyzed and discussed, and in Section 4, the 
conclusions are presented. 

II. Design of the Fault Diagnosis System 
DGA analysis makes it possible to monitor the status 

of oil-immersed transformers. The increase of these gases 
outside the established limits is related to a failure. Its 
generation rate indicates its severity [3]. The key gases 
formed by the decomposition of oil in the transformer are 
hydrogen (H2), methane (CH4), ethane (C2H6), ethylene 
(C2H4), and acetylene (C2H2). The FDI method proposed 
in this work (FDIp) uses fuzzy set rules from DGA 
analysis in power transformers. This diagnostic method 
seeks to determine the precise moment of multiple 
incipient and small-magnitude faults based on historical 
data.  

Besides, it incorporates an algorithm that considers the 
daily increase in gases and improves the failure 
classification results. On the other hand, it uses rule-
based fuzzy logic for monitoring TDCG values and its 
daily generation rate, which allows determining the 
transformer's condition in service without affecting the 
continuity of the power supply. Fig. 1 shows the three 
stages of failure detection that are used in the design of 
the FDI method. This study seeks to solve the problems 
presented by current fault diagnosis systems, which 
many times provide an insufficient opinion that serves as 
a basis for taking timely actions that enable the efficient 
management of preventive maintenance [25], [26] and 
the inconveniences in the Identification of multiple 
failures [27]. The bibliography consulted shows the use 
of multiple failure classification tools [26], where the use 
of the interpretation guidelines for Key Gases and the 
methods of Doernenburg, Rogers, IEC and Duval [3] is 
generalized.  

These techniques are the most used by the scientific 
community in the study of IED for the detection of faults 
in power transformers. These methods serve as the basis 
for developing the three stages of Fig. 1. In stages 1 and 
2, an output variable will be made up of two functions, 
the standard (N) and the alarm (A), the results of which 
will be values between '0' and '1'. In an alarm in stage 1, 
the system executes the following two stages using the 
fault interpretation guides. The operation of each stage is 
essential in the basic structure of the fuzzy logic method 
based on DGA analysis. In the first stage, the categories 
given by the transformer conditions based on the increase 
in daily gases are evaluated. The operating procedures 
are suggested to improve preventive maintenance based 
on the TDCG limits. In the second stage, fuzzy logic 
rules are implemented that consider the relationships 
methods in identifying electrical and thermal faults.  
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Fig. 1. The basic structure of a fuzzy logic 
method based on the analysis of DGA 

 
The third and last stage has the strategy that 

guarantees high accuracy in the Identification of multiple 
failures and high sensitivity in the presence of incipient 
failures. 

II.1. 1st Stage. Classification 
Based on the Key Gas Method 

In the first stage, the FDIp method uses the Key Gases 
Interpretation Guide (KGM) that uses the limit values of 
the concentrations of the critical gases generated by the 
decomposition of the electrical transformer oil and the 
TDCG [3]. This stage has two fundamental objectives 
within the FDIp. The first is to supplement the KGM 
with the daily increase in gases, and the second is to 
determine the status of the power transformer without 
having to take it out of service. This stage is used to 
recommend actions based on TDCG values through 
fuzzy rules. In [27], the authors presented a scheme for 
detecting incipient failures in power transformers with 
excellent results. Before samples of DGA cases of real 
failures, the results of the fuzzy membership functions 
were compared with functions of the trapezoidal, 
triangular, Gaussian, and bell types. The studies showed 
that the trapezoidal function obtained 87.7% accuracy, 
whereas the triangular, Gaussian, and bell functions 
obtained 85.9%, 81.2%, and 83% accuracy. Based on the 
above, the fuzzification processes of this work are carried 
out by constructing membership functions of the 
trapezoidal type. In the first stage, the following fuzzy 
sets were defined, satisfactory operation or Normal (N); 
Fuel gas levels above normal or High1 (H1); high level 

of decomposition of the insulation in cellulose/oil or 
High2 (H2), and excessive decomposition or Very High 
(VH).  

For this, the thresholds specified in Table I are defined 
in terms of the limit values of individual gases, in parts 
per million (ppm), against four risk classification criteria 
in transformers [3]. For the C4 classification criterion, 
the TDCG indicates excessive insulation decomposition, 
which points to a failure of the transformer to continue 
working in this way.  

However, industrial maintenance experts note that 
power transformers can safely operate in this state if the 
concentrations of the individual vital gases are stable and 
the amount of the gases does not increase significantly 
[28].  

DGA amounts indicate the severity of faults that can 
occur in transformers, and trends in gas rise provide 
information on whether faults are active or persistent [3].  

At this stage, a daily increase is added to the KGM 
interpretation guide (KGM + I), which improves the 
accuracy of the classification tasks. Table II shows the 
limit values for the daily gas increase in two 63MVA 
transformers in the 220kV Tunas Substation. The values 
represented in this table were obtained from the criteria 
of experts from the Electrical Department of the 
Stainless-Steel Company (ACINOX), in the province of 
Las Tunas, Cuba, and using the statistical data of the 
historical behavior of daily gas increase in power 
transformers during the last six years. 

The expression that describes this increase in ml/day 
is shown in equation (1):  

 

퐼 =
(푦 − 푦 )푚
휌(푑 − 푑 )  (1)

 
where, I is the rate of increase of the gas, ml/day, y1: is 
the reference analysis in ppm, y2 is the last analysis in 
dpi, (y2 - y1) is the increase in ppm per day, m is the mass 
of the oil in kilograms, ρ is the density in kilograms per 
cubic meter, d1 is the date of the baseline analysis, d2: is 
the date of the last scan.  

 
TABLE I 

ELECTRIC TRANSFORMER STATUS BASED 
ON GAS CONCENTRATION LIMITS 

Critical gas concentration limits (ppm) 
Case H2 CH4 C2H2 C2H4 C2H6 CO TDCG 
C1 100 120 1 50 65 350 720 

C2 101-700 121-400 2-9 51-100 66-100 351-570 721- 
1920 

C3 701-1800 401-1000 10-35 101-200 101-150 571-1400 1921- 
4630 

C4 >1800 >1000 >35 >200 >150 >1400 >4630 
 

TABLE II 
KEY GAS INCREASE THRESHOLDS 

Concentrations in µL/L 
Gas N H1 H2 VH 
H2 0 < I < 4.1 4.1 ≤ I ≤ 5 5 < I ≤ 10 I > 10 

CH4 0 < I < 1.3 1.3 ≤ I ≤ 2 2 < I ≤ 5 I > 5 
C2H2 0 < I < 0.5 0.5 ≤ I ≤ 1 1 < I ≤ 2 I > 2 
C2H4 0 < I < 1.1 1.1 ≤ I ≤ 2 2 < I ≤ 5 I > 5 
C2H6 0 < I < 1.5 1.5 ≤ I ≤ 2 2 < I ≤ 5 I > 5 
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It is supposed that the C4 limits are exceeded in any of 
the conditions in Table I, and the gas generation rate 
exceeds the limits in Table II. In that case, an output of 
the FDI method will become the critical input that will 
enable the stages later. At this stage, the basis for the 
rules shown below is of the Mamdani type since the 
outputs will not be functions that depend on the inputs 
but rather the risk states defined in Table I. If I are Rp 
and V1 is 퐹  and V2 is 퐹  and Vk is 퐹 , then State Qe, 
where k is the number of input variables or symptoms, IVk 
is the speed of increase of the input variable k, Rp is the 
allowed range, which corresponds to a normal increase of 
the individual gases, Vk is the symptom variable k. These 
are the concentration values for the key gases. In our 
study, we know V1, V2, V3, V4, and V5 which represent 
the variables of the gases H2, CH4, C2H6, C2H4, and C2H2 
respectively. j is the number of fuzzy sets defined for 
each symptom variable. In our case j = 4 (N, A1, A2 and 
MA). e represents the state of the transformer specified in 
Table II, obtaining values between 1 and 4 according to 
the criteria for the risk classification represented in said 
table. By taking into account the speed with which gases 
increase in real-time in the design of the system, it 
increases the effectiveness of the diagnosis, with the 
daily analysis of this increase being an important aspect 
to take into account in the failures that occur. This 
analysis allows better performance in the classification of 
the failures concerning the techniques that have been 
developed recently and that are based on the history of 
the process [22]-[24].  

Actions based on TDCG values. In electrical power 
systems, the consequences of failures in power 
transformers can bring considerable economic losses, 
being one of the aspects that determines the growing 
need to monitor failures to increase the reliability of the 
system and generate preventive actions. The authors of 
[29]-[32] develop fault diagnosis systems aimed at power 
transformers, which focus only on raising the fault 
diagnosis capacity through DGA analysis, limiting the 
diagnosis that serves as the basis for improving aspects 
such as efficiency in maintenance and availability of 
electrical systems. These reasons justify the need to 
continue improving, using modern techniques, the FDI 
systems based on the estimation of maintenance tasks 
[33].  

The FDIp includes a method based on fuzzy rules to 
determine the operating status of the transformer through 
the TDCG thresholds and the daily generation rate 
defined in [3]. The input variables are represented by 
membership functions that are defined through the set of 
linguistic variables (Mf1, Mf2, Mf3), as shown in the 
example in Fig. 2 for the case of TDCG values (%) ≥ 5.  

Fig. 3 shows the fuzzification of all the actions to be 
suggested. Each of the actions represents the output 
variables that are described in the following four 
operating procedures [3]: 
- P1: Normal operation; 
- P2: Proceed with caution, analyze gases individually 

(Stage 1), and determine load dependency; 

 
 

Fig. 2. Fuzzification process of the input variables 
based on the limits of the daily rate TDCG (%) 

 

 
 

Fig. 3. Fuzzification process of the variables operating procedures 
 

- P3: Proceed with caution, analyze the gases 
individually (Stage 1), plan the transformer 
shutdown, and consult the manufacturer; 

- P4: Consider taking the transformer out of service 
and consulting the manufacturer. 

With this method, it is recommended, depending on 
the condition of the transformer, corrective actions to 
improve preventive maintenance management. 

II.2. 2nd Stage. Classification Based 
on Gas Relation Methods 

After the Identification based on the results of the 
limits in Table I, stage 2 is reached. It does not consider 
the magnitude of the concentrations of the individual 
gases; its role in the FDIp is essential, since applying 
fuzzy logic in the combinations between relationships 
brings better results in the Identification of failures than 
the interpretation of conventional methods without 
intelligent techniques [34]. If the output of stage 1 goes 
into an alarm condition, the FDIp system suggests the 
analysis of stages 2 and 3. Both stages use conventional 
guides based on proportions of the key gases most used 
in the industry for the Identification of faults for the 
classification of faults [3]. Each of these classification 
methods uses at least three of the following five 
relationships, R1 (CH4/H2), R2 (C2H2/C2H4), R3 
(C2H2/CH4), R4 (C2H6/C2H2), and R5 (C2H4/C2H6).  
1) Classification based on the Doernenburs Method. 

This stage begins using the Doernenburs Method for 
interpreting the faults (DRM). The basis for the rules at 
this stage expresses the relationship between the behavior 
of the four relationships R1, R2, R3, and R4 and three 
risks of failure in power transformers, low and high-
intensity partial discharges, and thermal decomposition.  
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2) Classification based on the Rogers Method. 
Another classification guide used is the Rogers 

Method (RRM). Based on fuzzy rules, this guide looks 
for the relationship between relations R1, R2, and R5 and 
six diagnostic study cases. Five of them correspond to 
failure conditions, and one case represents the normal 
state of transformer operation. The construction of the 
membership functions for the inputs uses the limits 
established by Rogers.  
3) Classification based on the IEC Method. 

The IEC Method is an evolution of the RRM Method. 
Although the temperature range is more specific, it 
considers the same relationships but with different 
relationships between gases. The construction of 
membership functions for IEC inputs uses the limits 
specified in [3] for each relationship method. Its basis for 
fuzzy set rules expresses the relationship between the 
three gas relationships used in RRM and six case studies 
in the diagnosis. 

At this stage, the basis for the rules expresses the 
relationship between the behavior of the input variables, 
the relationships R1, R2, R3, R4, and R5, and the 
outputs, which are the types of faults be diagnosed.  

These fuzzy sets at the output have eight 
classifications, Normal Unit, Thermal Decomposition, 
Partial Discharge, Low Energy Partial Discharge, High 
Energy Partial Discharge, Thermal Failure < 300 °C, 
Thermal Failure < 700 °C, and Thermal Failure > 700 
°C. The rules are of the Mamdani type and are expressed 
as follows, If R1 is 퐹  and R2 is 퐹  and … and Rr is 퐹  
Then Qs In stage 2, each interpreting guide 
simultaneously identifies the faults. By using each 
interpretation together, the failure classification capacity 
of the proposed method increases. This stage improves 
the results in the Identification of the faults that stage 1 
does not identify since it is superior in the classification 
of the faults associated with the intensity of the partial 
discharges and the thermal decomposition. On the other 
hand, the results to classify cases of DGA considered 
normal are lower than those obtained in stage 1. The use 
of fuzzy logic applied to the RRM method combined 
with the KGM + I guarantees an increase in the 
classification of fault-free cases higher than those 
identified only with the previous stage. 

II.3. 3rd Stage. Classification 
Based on the Duval Method 

With stages 1 and 2 and the FDIp, satisfactory results 
are achieved in the Identification of faults. With the 
combination of relationships between gases and KGM + 
I, the FDIp improves the results in the classification of 
failures, although its limits are restricted for the 
identification of failures when many cases of DGA 
occur. Another drawback is that they do not detect more 
than one failure. For this reason, at this stage, FDIp adds 
a new method based on Duval's interpretation guidelines 
to detect multiple incipient faults. Duval's methods are 
divided into two large groups, Duval's method for the 

triangle (DTM) and Duval's method for the pentagon 
(DPM). These methods obtain the faults from graphical 
representations that do not identify a normal or fault-free 
zone. Within the schemes proposed in the Duval Method, 
polygons are presented that correspond to different fault 
zones, such as partial discharges, the combination of 
discharges and thermal faults, thermal failure <300 °C, 
between 300 °C and 700 °C, >700 °C, thermal failure < 
250 °C with possible carbonization of the paper, 
unexpected gasification due to thermal stress <200 °C, 
carbonization of the paper and undetermined state. In 
DTM, Duval uses an equilateral triangle of the vertices 
%CH4, %C2H4, and %C2H2. The FDIp uses the version 
of its classic triangle [3].  

The analysis of this stage begins with Duval's triangle 
and is carried out from the limits specified in [3]. The 
FDIp system of this stage expresses as a basis for the 
rules the relationship between the input variables' 
behavior and the failures specified in [3] as output 
variables.  

Research developed in [24] recognizes the limits of 
the Duval Triangle (DT) as part of the thermal and 
electrical fault zone for fault identification. In this way, 
the DT zone of the DTM is converted into a larger 
polygon. This modification means that the fault data 
points in these limits are considered in the DT and that 
the boundary limits of the neighboring polygons are 
modified to avoid redundancy during the classification of 
simple faults. All the rules used in this stage were given 
the same order of operation because they all have the 
same importance. These rules are of the Mandami type, 
and in their design, it was considered that when a data 
point is in any of the identification zones: D1, D2, T1, 
T2, T3, and PD, a single fault is diagnosed by DTM. If 
the data point belongs to the limits of the DT zone or 
within it, then Multiple Faults (MF) are diagnosed. In 
this method, the faults corresponding to T1 and T2 are 
not diagnosed separately because, in current fault 
diagnostic systems, both are considered low-energy 
thermal faults <700 °C.  

The input variables of the FDIp in this stage are 
represented by membership functions defined through the 
set of linguistic variables (Mf1, Mf2, Mf3, Mf4, and 
Mf5) as shown in the example of Fig. 4 for the case 
acetylene. Figure 5 shows the fuzzification of all the 
output variables considered as the faults to be diagnosed.  

Five types of incipient failures are considered in the 
category of simple failures (PD, D1, D2, LTF, and T3), 
and (Fm) in the category of multiple failures.  

 

 
 

Fig. 4. Fuzzification process of the input variables C2H2 
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Fig. 5. Fuzzification process of the types of transformer failures 
 
The latter represents the mixture of thermal and 

electrical faults in Duval's DT polygon with the 
extension of the boundary limits of this area. The six 
linguistic variables that represent the output of the 
proposed method are in the range from 0 to 12. For the 
FDIp the Identification of the Fm through the DT zone is 
not sufficient since it is necessary to count the results of 
the analysis of the DPM method. The DPM interpretation 
guide is a graphical method that allows the Identification 
of faults, similarly as the DTM does, but integrating the 
five key gases H2, C2H6, CH4, C2H4, and C2H2 until 
completing a regular pentagon. For the DPM application, 
the FDIp system uses the vertices H2: (0, 40), C2H6: 
(−38, 12.4), CH4: (−23.5, −32.4), C2H4: (23.5, −32.4) y 
C2H2: (38, 12.4) y represents the coordinates of each 
fault zone below [35]:  
- PD: (0, 24.5); (0, 33); (−1, 24.5); (−1, 33); 
- D1: (0, 40); (38, 12); (32, −6); (4, 16); (0, 1.5); 
- D2: (4, 16); (32, −6); (24, −30); (−1, −2); 
- T1: (−22.5, −32); (−6, −4); (−1, −2); (0, 1.5); (−35, 

3);  
- T2: (1, −32); (−6, −4); (−22.5, −32); 
- T3: (24, −30); (−1, −2); (−6, −4); (1, −32); 
- S: (−35, 3); (0, 1.5); (0, 24.5); (0, 33); (-1, 24.5);  
- (−1, 33); (0, 40). 

This stage guarantees better results in fault 
identification than stages 1 and 2. With the Duval 
method in the FDIp, a higher level of reliability in the 
detection of failures is obtained, guaranteeing a more 
effective diagnosis in terms of the detection of incipient 
failures [36]. Although a greater identification of the 
failures is achieved at this stage, it has the drawback that 
it does not guarantee the Identification of DGA cases free 
of failures. This detail does not make it suitable for 
analyzing any type of DGA sample, so its combination 
with the previous stages is essential for a complete 
classification. 

Multiple fault identification. Power transformers 
experience different levels of stress during service.  

Thermal failures and, in many cases, different 
electrical failures contribute to its deterioration [27]. 
When there are multiple failures, the analysis of the 
proportions of the gases can lead to misdiagnoses that 
make maintenance efforts difficult [3], [27]. There is a 
remarkable diversity of diagnostic methods that use 
fuzzy logic based on DGA to identify the types of faults 
but find restrictions to recognize the simultaneous 
occurrence of more than one fault. In [27], fuzzy logic is 
used to diagnose multiple faults with good results. 

Although they achieve high levels of recognition of 
multiple failures, the authors base their interpretation 
only on the limits of the polygons that make up the 
DTM, limiting their ability to detect failures. At this 
stage, the FDIp uses a method based on two variants to 
detect these failures, which guarantees better precision in 
detecting multiple incipient failures. The first is to 
identify the Fm from recognizing the extension made in 
this stage of DTM for the DT zone. In this way, if the 
results of both Duval methods are different, Fm is 
considered to have occurred since both methods are 
autonomous in identifying the faults. Finally, this result 
is added to those identified in the extended DT zone. The 
multiple failures are identified as DT or any combination 
of the simple failures of the Duval method (DTM and 
DPM).  

III. Analysis of the Results 
To validate the FDIp, MATLAB software was used.  
For this, several samples of DGA cases were used, 

distributed as follows, 80 (PD), 22 (D1), 58 (D2), 21 
(LTF), 44 (T3), 118 (Fm) y 238 (N). The data for 
validation comes from two fundamental sources. The 
first one pertains to the operation data of two 63MVA 
electrical transformers, corresponding to the 220 kV 
Substation, which provides service to the ACINOX Las 
Tunas steel plant. In this data set, the cases of DGA 
analysis of the maintenance reports made by experts from 
the Electrical Department in the company ACINOX and 
the historical record of the WinCC supervision, control, 
and data acquisition system (SCADA) were chosen.  

These data correspond to daily DGA samples obtained 
through the SCADA link with the gas analyzers of the 
Hydrocal 1008 type installed in the selected transformers.  

This information allowed the introduction of the KGM 
+ I analysis into the design of the experiment. The other 
source comes from the database of the International 
Electrotechnical Commission (IEC TC 10) taken from 
reference [37], through which cases that were used for 
the analysis of results were analyzed. In all identified 
failure cases, the transformers were withdrawn from 
service. The comparison of the accuracy in the detection 
of failures of the FDIp with the extended KGM is shown 
in Table III. As a result of adding the increase in daily 
gases to the FDIp, excellent results are obtained since it 
is possible to reduce the misinterpretation values (MV) 
presented by the conventional KGM interpretation guide 
and overcome the DGA cases identified by the RRM 
method that corresponds to a normal state of the 
transformer. 

 
TABLE III 

COMPARISON OF FAILURE DETECTION ACCURACY 
OF THE FDIp WITH THE KGM 

Case KGM FDIp (KGM+I) 
Classify MV Accuracy Classify MV Accuracy 

C1 253 161 36.4% 160 52 79.5% 
C2 124 120 3.2% 145 113 8.9% 
C3 36 24 33.3% 87 31 16.2% 
C4 167 68 59.3% 188 83 49.4% 
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The analysis of the daily increase in gases proposed in 
this work allows increasing the precision of the 
classification criteria referred to in Table I. It is important 
to note that, although the total accuracy rate in the KGM 
+ I fault detection does not exceed 60%, its contribution 
in the Identification of faults within stage 1 manages to 
raise the standard state classifications in transformers by 
79.5%, which represents an advantage when compared to 
diagnostic systems that do not analyze fault-free DGA 
cases. The investigations [38], [39] have contributed to 
the achievement of greater precision of the conventional 
DGA techniques, for example, DRM, RRM, IEC, DTM, 
and DPM. In these works, the results of the Duval 
methods in the classification of failures are superior to 
the rest of the conventional interpretation guides since 
they have been the most reliable diagnostic techniques 
for power transformer failures in the industry. For this 
reason, they have been selected to make the comparison 
against the proposed FDIp method. Table IV compares 
the conventional methods analyzed against the proposed 
FDIp method. The Identification results showed that the 
use of the KGM + I, together with stage 2, identifies 
cases of DGA considered normal with an accuracy level 
of 93.3%. This proposal guarantees a high success rate 
for identifying standard DGA cases, significantly 
reducing inconsistencies in the Identification of cases 
that represent a danger to the transformer. This result 
demonstrates how the proposed method identifies the 
trend of the development of failures when the 
concentrations of the individual gases increase, which 
allows improving the results of the classification of 
incipient failures in power transformers. The results 
showed how the FDIp method has a better performance 
in detecting failures than conventional methods. Its 
ability to determine the precise moment for the 
intervention of the equipment before the occurrence of 
small failures is superior to conventional methods. The 
proposed method can process any type of DGA case, 
identifying the causes that do not represent a danger to 
the power transformers. Furthermore, the method 
identifies the types of low and high-temperature 
superheat failures with an accuracy of 90.5% and the 
very high temperature superheat failures with 88.6%.  

Low energy discharges are interpreted by 81.8%, 
high-intensity discharges by 96.6%, and partial 
discharges by 91.3%. Fig. 6 represents the results of the 
DPM diagnosis against all the DGA data used in the 
validation. In the diagnosis, average DGA data can 
appear in any interior polygon, which shows its inability 
to detect standard DGA cases.  

 
TABLE IV 

COMPARISON OF FDIp WITH CONVENTIONAL DGA METHODS 

Fault Cases 
number 

DRM 
(%) 

RRM 
(%) IEC (%) DTM 

(%) 
DPM 
(%) 

FDIp 
(%) 

N 238 - 63.0 - - - 93.3 
PD 80 - - 83.8 77.5 93.8 91.3 
D1 22 45.4 22.7 63.6 86.4 77.3 81.8 
D2 58 74.1 51.7 81.0 91.4 89.7 96.6 

LTF 21 64.1 45.0 71.4 81.0 85.7 90.5 
T3 44 - 61.4 81.8 84.1 93.2 88.6 
Fm 118 - - - 93.2 - 97.5 

 
 

Fig. 6. Identifying faults with the DPM method 
 

In our case, they were in the pentagon's T1, T2, and S 
areas. Although DPM demonstrated the highest success 
rate in diagnosing incipient faults, it is not suitable for 
identifying multiple faults. Another difficulty lies in the 
fact that the faults found at the limits of internal borders 
are in areas of fuzzy transition and are challenging to 
interpret because they share information between one 
fault and another [33]. The results of combining the 
Duval guidelines in the FDIp provided helpful 
information on the Identification of multiple incipient 
failures since three cases could be correctly identified 
experimentally, which validates the feasibility of the 
proposal. All the materials of electrical power 
transformers suffer degradation processes or aging 
effects.  

The aging or degradation of the oil used as insulation 
and cooling medium in transformers is mainly due to 
changes in the molecular structure of the dielectric. 
These changes are related to the decomposition of the 
insulation properties of power cables [40]-[42]. In this 
context, current diagnostic methods must develop 
intelligent techniques in the incipient detection of 
degradation of insulating materials in power 
transformers. The proposed design strategy meets the 
objective of providing an easy-to-implement solution to 
improve results in identifying the precise moment of 
occurrence of multiple incipient and small-magnitude 
failures. It is necessary to emphasize that in industrial 
electrical systems, the statistical analysis of the daily 
deviations in the gases dissolved in the insulating 
material, the knowledge of the experts in industrial 
maintenance, and the contribution of the fuzzy logic 
technique are fundamental for the design of methods 
reliable fault diagnosis.  

On the other hand, the use of appropriate technologies, 
such as the Hydrocal 1008 gas analyzer, which can be 
installed in transformers, constitutes a valuable tool to 
better detect incipient faults in power transformers. The 
proposed method takes advantage of this technology to 
ensure online monitoring of power transformers, which 
significantly reduces unplanned shutdowns.  



 
J. C. Fernández-Blanco et al. 

Copyright © 2022 Praise Worthy Prize S.r.l. - All rights reserved  International Review of Electrical Engineering, Vol. 17, N. 1 

36 

IV. Conclusion 
In FDI methods based on historical data using gas 

chromatography, expert knowledge, statistical analysis of 
the daily gas increase, and fuzzy logic are fundamental 
aspects of improving the precision of dissolved gas 
analysis in oil and increasing the ability to detect 
incipient faults in power transformers. It was possible to 
design a method for diagnosing incipient failures in 
power transformers based on analyzing dissolved gases 
in the oil using fuzzy logic. Based on historical data for 
the detection of failures, the method obtained a total 
accuracy rate of 91.4%, which demonstrated its 
superiority compared to conventional methods. The 
integration of expert knowledge in the algorithm based 
on fuzzy rules allowed incorporating the values of the 
daily increase of gases dissolved in the transformer oil, 
which improved the classification of incipient faults, the 
effectiveness of the FDIp diagnosis in typical cases of 
DGA, and the classification of multiple incipient failures 
by 97.5%. The proposed method allows determining the 
condition of the transformer in service without having to 
affect the continuity of the energy supply and suggesting 
a set of actions aimed at preventive maintenance by 
monitoring the total of combustible gases dissolved in 
the oil and its daily generation rate. The diagnostic 
proposal is a practical solution in the identification of 
incipient failures, which does not find challenging to be 
implemented immediately, so the generalization of this 
method is the object of study in the rest of the 
transformers of the steel process in ACINOX Las Tunas. 

The fuzzy logic proposal demonstrated high 
sensitivity, quickly detecting incipient faults in power 
transformers. However, as each industrial process has its 
dynamics and technical characteristics, the proposal 
studied in our work could be affected by the effect of 
external disturbances, noise, or out-of-range values, 
making it difficult to distinguish or classify faults 
correctly. The future development of our research aims to 
design a new method to be applied in the pre-processing 
stage to isolate the noise that may be present in the 
measurements and thus improve the robustness of the 
fault detection system. 
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