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Abstract—Transformers are critical and expensive
components of power systems. Therefore, it is important that
these systems operate at optimum performance levels and
sustainable economic conditions. In the normal operating
environments, mineral oil passes on a slow and natural
deterioration, while under conditions of thermal or electrical
stress, the deterioration ratio increases. Due to breakdown, the
hydrocarbon gases H2, CH4, C2H6, C2H4, C2H2, CO, and
CO2) are composed in the transformer mineral oil. There are
several conventional methods for identifying and classifying
incipient faults in power transformers based on dissolved gas
analysis (DGA). However, these methods have the disadvantage
of not being able to distinguish situations where multiple
electrical or thermal faults occur simultaneously. Due to the
serious disadvantage of traditional DGA methods in terms of
accuracy and consistency estimation compared to algorithm
calculations made with artificial intelligence techniques,
researchers have started to work intensively on artificial
intelligence techniques in recent years. This comprehensive
review aims to combine and present in a single source basic
information about classical methods of power transformer fault
diagnosis for DGA, historical development of the devices used,
artificial intelligence-based methods, accuracy classifications of
predictions. This investigation also revealed the contribution of
the parameter optimisation process to eliminate the imbalance
of the dataset in the accuracy of prediction when applying
artificial intelligence techniques in DGA. In this study, the
prediction performance of each research method performed
with artificial intelligence techniques in fault diagnosis among
the compared methods was analysed. This review emphasises
the importance of eliminating dataset imbalance by performing
parameter optimisation in artificial intelligence technique with
an in-depth research-orientated perspective. As a result, this
study not only encourages new ideas, but also provides a
comprehensive source of literature for future accessibility of the
subject.
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I. INTRODUCTION

Power transformers are the main components of power
systems, and early diagnosis of power transformer faults is
the biggest factor in maintaining the stability of the power
system. The method known as dissolved gas analysis is a
frequently used diagnostic technique to detect possible faults
in power transformers based on the IEEE C57.104 standard
with the dissolved gas concentration in oil transformers and
the ratios obtained from these gases [1].

There are seven basic error types that can be identified
using the dissolved gas analysis (DGA) method, as listed
below, based on IEC 60599 and IEEE C.57.104. In addition,
due to the limited information available in the datasets, in
some cases, these failure types are divided into three broader
categories. These are partial discharge (PD), energy
discharges, and thermal faults. Below are fault condition
definitions explaining the abbreviations PD1, PD2, D1, D2,
T1, T2, T3, DT, and UD [1]-[3]:

- PD1 Low-energy corona-partial discharge;

- PD2 High-energy corona-partial discharge;

- D1 Electrical discharge of low energy;

- D2 Electrical discharge of high energy;

- T1 Thermal faults of temperature T < 300 °C;

- T2 Thermal faults, 300 °C < T <700 °C;

- T3 Thermal faults, T > 700 °C;

- DT Thermal & Electrical fault mixture;

- UD Undetermined fault.

DGA is defined as a key element that is commonly applied
to assign defects in oil-filled power transformers [3], [4]. If
unlike thermal and electrical stresses, this will cause oil
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insulation so that breaks down the transformer, then escaping
and dissolving some gases occurs. The release of the main
gases dissolved in DGA indicates faulty parts of the power
transformer. These gases, respectively, are oxygen and
nitrogen, which indicates a leak in a sealed tank. Other
released gases are carbon monoxide and carbon dioxide,
which indicates cellulose or paper degradation inside the
transformer [5], [6].

In power transformers, in random operating surroundings,
mineral oil passes inherently deterioration, whereas under
thermal or electrical stress conditions this rate of deterioration
increases. The contact of transformer oil with air and the
deterioration of the insulation in cellulose also cause the
release of the specified gases in transformer oil. In these
cases, the priority order of the gases released according to the
type of fault is as follows: Hydrogen, methane in corona
discharge fault, hydrogen, acetylene, ethane, ethylene in
arcing fault, ethylene, methane, acetylene in transformer oil
overheating, carbon monoxide in transformer internal
winding insulation overheating, respectively. Hydrogen
gases are produced [7].

The stages of the emergence of gases as the transformer oil
heats up are summarised as follows. It can be seen that 350 C
is critical for the C2H4 formation. Also, between 500 -C—
700 °C is an important gap for C2H2 occurings. If the
temperature is above 700 °C, small amounts of C2H2 form
under a thermal fault. At approximately 450 C, more C2H2
is formed. When this temperature reaches 750 .C-800 °C, the
H2 production is higher than other gases. As a function of the
fragmentation energy, the gas volumes in the oil continue to
increase according to the temperature threshold values. Little
quantity of H2 and CH4 begin to occur at a low temperature
of 150 °C. There is another important temperature point,
which is 275 °C. This tempererature is the beginning of the
formation of ethane (C2H6). The temperature gap of 200 -C—
300 »C means that the amount of CH4 gas released is greater
than the amount of H2 gas released. According to the specific
temperature defined above, the common point of these gases
is the combustible gas generation. In case of any interference
of these released gases with oxygen, there will be a fire that
could be very dangerous for the transformer which is
connected to the electrical distribution system, so the effect
of the fire fault can cause several root problems [7]-[9].

As discussed in detail in Section I, it has been observed
that the proposed artificial intelligence algorithms exhibit
successful fault prediction performance despite the serious
shortcomings of classical methods in fault diagnosis in DGA.
In terms of the instability of various error types, the
traditional ML diagnosis method has some complexity. On
the other hand, there may be many uncertain and unstable
values in the dataset used for DGA studies. Therefore, the
main innovation of this work is the construction of the
artificial intelligence model with a robust parameter
optimisation strategy, which performs well in fault prediction
and is resilient to uncertainty.

The main contribution of the article consists of some
important highlights. Detailed information on the electrical,
physical, thermal, and chemical properties in the formation of
DGA is discussed, which contributes significantly to a
comprehensive understanding of the subject. In the study, the
prediction performances of all algorithms made with machine

learning are explained with tables and graphs. The main
purpose of the study is to combine and present basic
information on classical methods in power transformer fault
diagnosis for DGA, historical development of the devices
used, artificial intelligence-based methods, and accuracy of
classifications of predictions in a single source.

The article is divided into five sections as follows. In
Section I1, we mention the classical methods for dissolved gas
analysis and the inconsistencies of the prediction results
obtained from the classical methods. In Section Ill, the
historical development of the devices used in DGA is given.
In Section 1V, the contribution of parameter optimisation in
machine learning algorithms to the individual and hybrid
artificial intelligence methods used in DGA on the prediction
accuracy is analysed. In Section V, in studies carried out with
artificial intelligence methods, the quantity and source of the
dataset, the compared methods, the type of programming, the
prediction accuracy rate, and the status of the method used in
fault diagnosis are revealed and the prediction classification
is carried out chronologically. Finally, in Section VI, the
article is concluded by analysing the numerical data obtained.

1. HISTORICAL BACKROUND FOR CLASSICAL METHODS OF
DisSOLVED GAS ANALYSIS

When more than 250 sources were inspected in the
comprehensive literature review covering the years 2000—
2024, it was understood that the traditional methods based on
dissolved gas analysis were mainly key gas, Duval triangle,
IEC ratio, Rogers ratio, Nomograph, and Doernenburg
method. These methods are listed as follows: IEC ratio
method, Duval triangle method, Duval Pentagon method,
Doernenburg ratio method, key gas method, Roger’s ratio
method, nomograph method, low-energy degradation triangle
method [10]-[13].

As a DGA fault interpretation technique, some classical
methods that are slightly different from the eight main
methods have also been developed. Each of the eight main
known conventional techniques has its own calculation
method for assessing the condition of the transformer. In view
of the above, this article provides review to explain eight
DGA techniques to interpret the same data obtained from any
sample of power transformer oil [14]-[17]. Compared to
DGA methods, the IEC 60599 standard is a useful procedure
for the IEC ratio method whereas the other traditional
methods use the IEEE standard C57.104. Once the result of
the method is defined as uncertain, this method does not work
properly. But in this uncertain case, the Rogers ratio method
works properly. In the field of the fault diagnosis of electrical
distribution foundations or companies, there is some
contradiction with the IEC ratio method in terms of the ratios
r1, r2, and r3. From the ratios of IEC method, the operator
easily interprets the fault types which are mainly thermal and
electrical stress. However, because of the very close value
between ratios, it may cause improper transformer fault
interpretation so that the electrical distribution system faults
is not fixed. It is totally 10 faulty cases in IEC ratio method
that leave an undetermined status. Practically, the
undermined status may include several issues, so it has
electrical or thermal faults with different low and high
temperatures. The weak point of the IEC ratio method is not
to define the undetermined cases [2], [18], [19].
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The DTM method estimates the DGA data through a
graphical representation. The Duval triangle has seven fault
zones. It uses the concentrations of the relative % values of
CH4, C2H2, and C2H4 on the sides of the triangle. To define
Duval triangle method fault classification, the weak point of
the DTM method is not to define the boundaries of the fault
types. For example, the PD and T1 fault types are very close
to each other due to the neighbouring. When the values of
released gases are on these limits, the traditional Duval
triangle method could not respond to the transformer oil error
of DGA [3], [20], [21]. The coordinates of the triangle can be
calculated using (1)-(3):

%C2H2 =100x X +(X+Yy+2), (1)
%C2H4=100xy +(X+Yy+12), )
%CH4=100x 2 +(X+Yy+2),

x=(C2H2), y=(C2H4), z=(CH4) in ppm. (3)

The Duval triangle method allows for the identification of
six basic fault types, as well as electrical/thermal fault
mixtures in the DT region. The flow chart of the Duval
triangle method includes the fault zone boundaries of %CHA4,
%C2H4, and %C2H2. There is no undetermined case in the
Duval triangle method. However, the parameters of the Duval
triangle method are p1, p2, and p3, which has a greater limit
than IEC ratio method parameters. Smaller limit rates are not
used in the Duval triangle method so that there are no
undetermined cases [4], [22]-[24].

The important gases which are H2, C2H6, CH4, C2H4, and
C2H2 are implemented as input parameters in the Duval
Pentagon method. The order of the gases in the five peaks of
the Pentagon method corresponds to the increasing energy or
temperature of the faults that produce these gases (from H2
to C2H2). In this method, six basic fault types (PD, D1, D2,
T1, T2, and T3) are considered, and as in the Duval triangle
method, these fault types can be detected with the Duval
Pentagon [25]-[27]. This method is mainly based on the
IEEE C57.104 standard. This method can identify three faults
(PD, TD, D2). There are four ratios that are, respectively, r1,
r2, r3, and r4 in the Doernenburg method. There are some
ambiguous points of the Doernenburg method, which are
called fault not identificable. In these points, the exact
solution of a fault type is not interpreted in terms of thermal
and electrical factors. If there is no fault status in the
transformer, the Doernenburg method could detect this
desired status. However, in practise, although there is no fault
for this method calculations, the transformer has the problem
of cellulose paper degradation in the transformer because the
combustible gases are released. Finally, the limit parameters
of the Doernenburg method get small values between 0.1 and
1.1 [5], [28], [29].

The key gas method (KGM) uses singular concentrations
of six fault gases (H2, CH4, C2H6, C2H4, C2H2, CO) to
detect transformer faults. There are some limits that have
normal state ranges and abnormal and critical threshold
values of gas parameters in the key gas. When the C2H4 gas
released exceeds 50 ppm concentration, there could be a
thermal fault in the transformer oil. When the hydrogen gas
being released exceeds 100 ppm concentration, there could be
a low-energy partial discharge fault in transformer oil. When

the methane gas released exceeds 120 ppm concentration,
there could be an arching fault in the transformer oil. When
the carbon monoxide gas released exceeds 350 ppm
concentration, there could be cellulose fault in transformer
oil. When the ethylene gas released exceeds 50 ppm
concentration, there could be a thermal fault in transformer
oil. When the acetylene gas released exceeds 35 ppm
concentration, there could be a thermal fault in transformer
oil [6], [30], [31]. Similarly to DRM, Rogers ratio method
(RRM) is based on the IEEE C57.104 standard, but only
considers three rates: Rate 1, Rate 2, and Rate 5. RRM is an
efficient method when each gas concentration passes the limit
rate. There are totally six cases that are, respectively, Case 0
to Case 5. Like the IEC ratio method, the Rogers ratio method
sometimes gives an undetermined case. These undetermined
cases recurred three times in the flowchart. However, in
practise, although there is no fault for this method
calculations, the transformer has the problem of cellulose
paper degradation and arching in the transformer because the
combustible gases are released. Finally, the limit parameters
of the Rogers ratio method get small values between 0.1 and
3 [32]-[34].

The nomograph method is a traditional method that is
mainly modified by a key gas method. It facilitates the
interpretation of fault gas data by presenting the error
graphically. In particular, the concentration ratios of released
ethane and methane gases are presented logaritmically in the
nomograph method. The nomograph method gives the
researcher three statuses about the transformer which are
warning status, normal status, and caution status. There is a
challenge for this method, which is called an excessive
threshold value. This case means that the fault type is not
detected where the link point spots above a threshold value in
the logarithmic representation [10], [35]-[37].

The low-energy degradation triangle method is another
traditional method that is mainly modified by the Duval
triangle method. This method includes the poor energy
dissolved gases H2, CO, and CH4 excluded in the triangular
representation. The C2H6, C2H4, and C2H2 produced by
high-energy decay in this method are inappropriate indicators
of low-energy decay. Instead, the dissolved gases produced
in paper and oil during low-energy degradation processes
should be used in the low-energy indicator: H2, CH4, and
CO. The crucial factor of the low-energy degradation triangle
method is named properly as the insulation degradation
identification. When deep high-energy surroundings occur
because the arcing fault, it can be easily said that there are
greater hydrogen amounts with diminished methane-carbon
monoxide amounts. When the hydrogen gas is released, the
heat energy inside the transformer increases. Also when CH4
is released, oil degradation occurrs [7], [38], [39].

Comparison and Inconsistencies of Classical Methods. It
can be seen from the fault prediction accuracies obtained
from the studies that not every classical DGA method gives
100 % accuracy. When the classical methods are inspected in
terms of their fault diagnosis accuracy, there will be seen
some crucial disadvantages specially defined as listed below.

1. Since the results obtained from these methods do not

include algorithm-based programming or comprehensive

mathematical calculations, they have a serious
disadvantage in terms of accuracy and consistency
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estimation compared to algorithm calculations made with
artificial intelligence techniques.

2. These methods cannot distinguish situations where more
than one electrical or thermal fault occurs simultaneously.
3. Even if traditional methods use the same dataset, it has
been observed that they provide conflicting accuracy
below 60 % when their accuracy classes are compared.

4. All custom DGA methods are easy to apply while the
cases of inaccuracy and instability are not resolved [29]-
[120].

I11. HISTORICAL BACKROUND FOR DEVELOPMENT OF THE
DEvVICES USED

Currently, there are two types of devices called infrared
and gas chromatography. These devices are frequently used
in the online or offline monitoring of gas values in light of the
information obtained from studies in the literature on the
detection of very small gases at the ppm level in transformer
oil. Some important and detailed information about these
devices is defined as below.

1 - Infrared: Infrared (IR) sources, optical filters,
photoacoustic  cell, lock-in amplifier are wused in
photoacoustic spectrometry (PAS) detection system as
functionality.

PAS is defined as a sample gas detection. This sample is a
new technique that has the absorption spectrum of substances.
The PAS is used for many sectors related to the
optoelectronics industry. Using PAS can overcome the
shortcomings of traditional gas detection technology,
effectively improve test accuracy, and reduce the
maintenance cost [108], [109], [120], [121]. Nondispersive
infrared sensor (NDIR) measures electro-optically absorbed
wavelengths in the infrared. Small changes in the intensity of
the lamp or the efficiency of the optical elements reduce the
signal, as if it were absorbed by the gas. As transformer oil
ages and additional by-products form, interference in the
absorption spectrum, which is particularly problematic, also
reduces the signal. The H2, O2, and N2 gas values cannot be
detected with the NDIR monitoring method. The principle of
the Fourier transform infrared spectroscopy (FTIR) technique
is fundamentally described as passing through different gas
concentrations; gas sensors, and central process unit are the
main parts in FTIR [122], [123].

In terms of qualitative detection, the FTIR device is stable.
However, in terms of by temperature, pressure, vibration
factors, the quantitative analysis is badly affected. The
combination of FTIR and PAS is very useful for ensuring
sensitivity. FTIR and PAS combination diagram is shown in
Fig. 1 [124]-[126].
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Fig. 1. FTIR and PAS combination diagram.

2 - Gas chromatography: As stated in the IEC 60567
standard, the gas chromatography monitoring method has
high accuracy and consistency rates. However, there are some
disadvantages that include the exhaustion of a large amount
of carrier gas and the regular replacement of the
chromatographic column. Therefore, many high-tech gas
detection techniques have been searched for in this issue by
related companies. It is known that the leading advanced
DGA measuring devices from international brands generally
design hardware and software according to this method. The
success of this design directly depends on the success of the
detector sensor that can detect key gases. The sample DGA
collection is shown in Fig. 2 [127]-[129].

~oat I —— — : o
Fig. 2. Sample DGA data gathering for the online chromatographic
monitoring system of transformers [95].

IV. METHODS FOR ARTIFICIAL INTELLIGENCE TECHNIQUES
IN DISSOLVED GAS ANALYSIS

Artificial intelligence techniques are explained in detail
under the heading “Individual and Hybrid artificial
intelligence techniques” [130]-[133].

Today, when applying the recommended artificial
intelligence (Al) techniques for transformer fault diagnosis,
gas concentration values in the ppm range obtained from the
field and literature and the ratios obtained from these values
are used in the data collection and storage stages,
normalisation for the purpose of data cleaning, data
modelling, and meaningful conclusions drawn from the data.
Respectively, the optimisation stages are defining the data,
preparing the data, selecting the machine learning algorithm,
training algorithm, evaluating the model, deploying,
predicting, evaluating the prediction, and final precise. The
process steps for machine learning are data collection and
storage, data cleaning and analysis, modelling, optimisation.

When classification methods are making, there is an
important issue which is called the confusion matrix, which
is shown in Fig. 3. For researchers, to analyse the accuracy of
the fault diagnosis method, a confusion matrix is necessary to
get inside the calculations. The test set in the confusion matrix
includes the true values. The confusion matrix table is
presented to show the correct and incorrect classification
predictions. The benefits of artificial intelligence methods
are, respectively, consistency, accuracy, and detection ability
compared to traditional methods.

For the second equation (5), consistency is the average of
the SFn of all errors of a method. The accuracy of the method
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for the third equation (6) is the portion of lucrative predictions
among cases where the results are not “No Result” in the
method, while the detection ability of a method is the
percentage of successful predictions among all cases and is
calculated by the fourth equation (7). By the way, the flow
chart of artificial intelligence algorithm optimisation process
includes, respectively, sample collection station, data
transformation  approaches, semi-supervised learning
approaches, selection of suitable classifier, initialisation of
hyperparameter, whale optimisation algorithm, tuned
hyperparameter, recognition rate [134]-[138].
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Fig. 3. Prediction accuracy rates with confusion matrix [43].

Equations (4)—(7) have some definitions: SFi is the
percentage of lucrative predictions of a given fault type Fi,
PFi is the # of successful predictions for the first equation,
and n is the number of faults detected by the method:

S Fi= L (4)
# of cases of with Fi fault

_ > SFi

Consistency = + ®)
> PFi
Accuracy = == %100, (6)
Total Cases without No result case

_ . >'"PFi

Detecting Ability ==L x100 @)
Total Cases

General Al algorithms have some deficiency that is
described as the ability to deal with inconsistencies in a
training dataset. Parameter optimisation is very important for
all artificial intelligence techniques, especially support vector
machine (SVM) [139], [141]. As shown in Fig. 4, it represents
the strength of the neuron weights that includes bias nodes,
input nodes, and output nodes.

Bies Nodes IB‘ B2 Bias Nodes

F 17177

Hiddan Nodes

Fig. 4. The strength of the neuron weights for artificial neural networks.

There still looks a big problem which is called imbalance
datasets in DGA. This problem may be one of the main

difficulties in identifying errors. To overcome these issues, a
generative adversarial network (GAN), Control, and
synthetic minority oversampling technique (SMOTE) models
are mainly used as balancing data. The accuracy of the
method by collecting models is presented in Table I.

TABLE I. OVERALL ACCURACY FOR THREE CLUSTERING

MODELS.
Rate (%)

Error Sorts Control | SMOTE | GAN
Low discharge 91.76 84.23 82.8
Low discharge with thermal fault 49.38 75.31 83.9
Thermal fault at low temperature 56.00 78.67 86.6
High discharge 96.56 89.31 88.1
High discharge with thermal fault 27.78 68.52 77.7
Thermal fault at high temperature 95.75 87.26 88.0
Partial discharge 18.18 54.55 77.2
Thermal fault at medium 95.90 84.43 85.2

temperature

Once DGA dataset is used as crucial predictions for
machine learnings, wavelet LS-SVM regression (W-
LSSVM) and mutation with particle swarm optimization
(PSO) are important to get better accuracy in machine
learning techniques. To obtain end prediction results by
optimising, the raw datasets are data, preprocessing, training,
optimisation, evaluation, testing, forecasting. When
parameter optimisation flowchart is discussed, the PSO in the
W-LSSVR method consists, respectively, of fitness
evaluation, training, cross validation, updating, mutation,
termination check, hyperparameters optimisation. When we
look at the type of software that the technique uses, we have
MATLAB software [142] Six data preprocessing methods
(SMOTE) are proposed to solve this problem. In the study
conducted by Wang the new hybrid algorithm was used that
includes random undersampling (RUS), adaptive synthetic
sampling approach (ADASYN), borderline synthetic
minority oversampling technique (B-SMOTE), edited nearest
neighbour (SMOTEENN), and conditional generative
adversarial (CGAN). The diagnostic accuracy of different
underlying machine learning methods for different faults is
very different. Imbalance in sample datasets is frequently
observed in DGA, which has become one of the main
challenges for accurate fault diagnosis. To address these
problems, a generative adversarial network (GAN) model is
proposed to perform data augmentation.

The contribution of data balancing in back propagation
neural network (BPNN), SVM, and deep belief network
(DBN) to prediction accuracy is shown in Figs. 5-7.

Once the data growth procedure is performed, the fault
identification accuracies of the BPNN, SVM, and DBN
methods were implemented, respectively, as an average of
30 %, 25 %, and 50 % [143] The accuracy of the method is
presented in Table I. Since the DGA-based transformer fault
data are complex and the value difference is large, all data
should be normalised. The results show that hybrid enhanced
grey wolf optimisation (HIGWQO) has better optimisation
performance and significance. The procedures to obtain final
prediction results by optimising the raw dataset are,
respectively, data, preprocessing, training, optimisation,
evaluation, testing, and forecasting. The parameter
optimisation flowchart using PSO in W-LSSVR includes,
respectively, fitness evaluation, training, cross validation,
updating, mutation, termination check, and hyperparameter
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optimisation [144], [145].
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Fig. 5. Contribution of data balancing to prediction accuracy in BPNN.
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Fig. 6. Contribution of data balancing in SVM to prediction accuracy.
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Fig. 7. Contribution of data balancing in DBN to prediction accuracy.

Because the specifications of the DGA data are volumed
values and complex, all these data require a normalisation
process. The oil-filled transformer chromatographic data are
used as input for the normalisation. Then, each fault type is
get as a machine learning output. When SVM parameter
optimisation is performed, PSO, GWO, GA and MGWO are
applied in the optimisation process to get a better accuracy
rate. To obtain better accuracy of transformer fault, the GWO
algorithm is used in the algorithm. The results indicate that
enhanced GWO has better optimisation performance and
significance [146], [147].

Compared to modified kernel extreme learning machine-
grey wolf optimizer (MGWO-KELM), AdaBoost-IPSO
SVM, and EDPFA BP neural network diagnostic methods,
diagnostic accuracy is better than the other three methods
[148].

Individual and Hybrid Artificial Intelligence Techniques.
Artificial intelligence applications are generally divided into
two groups that are hybrid and individual techniques [43]-
[247].

For Studies with the Support Vector Machine (SVM)
Method, Jing, Jia-dong, and Yong-zhe [52] presented a
method of hybrid intelligent algorithm of immune support
vector machines to improve the diagnostic accuracy of power
transformer fault. Baker, Nese, and Dursun [66] proposed a
model that has both fuzzy logic and SVMs. The model results
are over 94 %. Wu, Sun, Zhang, Zhong, and Cheng [91]
proposed the method using SVM. lllias, Choon, Liang,
Mokhlis, Ariffin, and Yousof [96] proposed that SVM, one
of the artificial intelligence techniques, be applied to
determine the type of power transformer fault based on DGA
data. Misbahulmunir, Ramachandaramurthy, and Thayoob
[102] proposed a model that is based on SVM using a self-
organising map. Zhang et al. [106] discussed that a series of
new combinations of DGA features were selected as input
from the mixed amount of DGA features and an optimised
SVM transformer fault diagnosis model has been established
by an improved krill swarm (IKH) algorithm. Zhang, Peng,
Fang, Zhao, Li, and Liao [109] presented a model based on
SVM using optimisation of quantum behaved PSO. Malik
and Mishra [120] used the proximal SVM (PSVM) to identify
the types of fault initiation. Illias, Chan, and Mokhlis [182]
proposed hybrid feature selection-(Al-GSA) techniques with
the SVM technique have been successful for DGA in
identifying the type of power transformer fault. Fei and Zhang
[183] proposed a genetic algorithm SVM (SVMG) to
diagnose power transformer faults, where the genetic
algorithm (GA) was used to select the appropriate free
parameters of the SVM. Wei, Tang, and Wu [189] discussed
the SVM artificial intelligence technique using PSO
parameter optimisation. Tan, Guo, Wang, and Wan [209]
proposed DGA-based semi-supervised two-stage diagnostic
system with mutated SVM to complete the online monitoring
and diagnosis system of power transformers using fewer
labelled samples. Wang [224] proposed an improved SVM
with diagnostic accuracy of the K-mean algorithm. The
accuracy obtained in the study was 98.4 %. Yang, Qin, Pang,
and Huang [92] proposed SVM that has average accuracy and
is shown in Fig. 8.

120
100
=R
S 80
i
= |
S 60
©
@
2 40
g
< 20 I
0
Time (s) Time(s) Time(s) Time(s) Time(s)
0.05 0.1 0.15 0.18 0.2
mSVM DNN
DBN MSE-DSAE
W Apart-DSAE  m Novel-DSAE

Fig. 8. Average accuracy for several ML techniques.
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Rao, Fofana, Rajesh, and Picher [148] presented SVM to
classify the fault of the power transformer. The overall
accuracy is presented in Fig. 9.

Overall accuracy (%)
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Fig. 9. Average accuracy for five ML techniques.

0

The proposed hybrid feature selection techniques of
Mokhlis Al-GS with the SVM technique have been used
successfully by DGA to identify the type of power
transformer fault [182]. Zhang, Sun, Hou, Li, and Liu [193]
proposed the combined model based on improved
information entropy and uncertain support vector machine
(IVSVM) was incorporated into transformer fault diagnosis
using oil-dissolved gas analysis (DGA). Overall accuracy is
presented in Fig. 10.
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Fig. 10. Overall accuracy.

Hu, Mo, Ruan, and Zhang [222] proposed a new dissolved
gas analysis method to improve the accuracy of transformer
fault diagnosis. The slime mould optimised SVM (SMA-
SVM) and the logarithmic arctangent transform (LOG-ACT)
are combined. Wang [224] proposed an improved SVM with
K-mean algorithm diagnostic accuracy. The accuracy
obtained in the study was 98.4 %. Ding, Ding, Wang, and
Zhou [227] proposed a transformer fault diagnosis method
using an optimised SVM by an improved sparrow search
algorithm (ISSA). The overall accuracy is presented in Fig.
11.
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Fig. 11. Overall accuracy.
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For Studies with Fuzzy Logic (FL), Malik, Sharma, and
Naayagi [75] proposed a comprehensive three-stage fuzzy
logic approach to emulate industry best practices for benefits
such as time and cost savings. Su [113] presented a new fuzzy
logic technique that uses four gas ratios in fuzzy logic
analysis. The overall accuracy is presented in Fig. 12. Zhao
and Yun [134] proposed a fault diagnosis method that
combines fuzzy logic with FL, cerebellar model articulation
controller (CMAC) neural network to improve the accuracy
of fault diagnosis. Jing, Zhang, and Yang [154] proposed a
self-learning adaptive classifier based on the fuzzy
reinforcement learning algorithm for transformer startup
fault.
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Fig. 12. Overall accuracy.

For Studies with the Ordered Ant Miner (OAM) Classifier,
Satyanarayana, Reddy, Govindan, Mandlik, and Ramu [43]
presented the application of the OAM classifier by comparing
it with the IEC ratio method for the prediction of relevant
failure. The ant miner technique has been shown to be a very
effective method for fault detection in transformers.

For Studies with Artificial Neural Network (ANN)
Classifier, Qiping, Wude, and Zhida [51] introduced the new
intelligence technology in the transformer fault diagnosis-
artificial intelligence system (TFDAI). Yu and Zang [53]
proposed a model composed of a rough set theory. Illias and
Chai [56] presented a model that has both a neural network
and a modified PSO technique to determine the fault type in
the power transformer insulation system. Nagpal and Brar
[58] discussed the diagnosis of multiple faults which failed in
some cases because the DGA results could not be matched to
the existing fault codes. To overcome this problem, the use of
neural networks was proposed to highlight their ability to
detect incipient faults in the transformer. Poonnoy,
Suwanasri, and Suwanasri [59] discussed an artificial neural
network called the Levenberg Marquardt backpropagation
training algorithm as a multilayer inverse diffusion. Salami
and Pahlevani [60] discussed artificial ANN applications for
the diagnosis of power transformer initial fault. Yang and
liang [65] developed a combined artificial neural network and
expert system tool (ANNES) for the diagnosis of transient
transformer faults using oil DGA. Enriquez, Lima, and
Saavedra [104] discussed parameter optimisation with binary
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particle swarm optimization (BPSO) ANN and k-nearest
neighbours network (KNN) classifiers. The assertiveness of
the proposed approach was evaluated on two classifiers with
satisfactory results. Malabanan and Nerves [121] used a
combined artificial immune system (AIS) and ANN called
the immune neural network as an alternative approach to
evaluate transformer condition to address the limitations of
traditional methods. Demirci, Saka, Gozde, Dursun, and
Taplamacioglu [176] used multilayer perceptron neural
network, SVM, and Naive Bayes classifiers for fault
diagnosis.

For Studies with an Artificial Immune Network
Classification Algorithm, Hao and Cai-xin [45] proposed an
artificial immune network classification algorithm (AINC)
inspired by the innate immune system, which can respond to
an almost unlimited number of foreign pathogens to improve
the ability to interpret the result of DGA [47].

For Studies with the KNN Algorithm, Wang, Littler, and
Liu [47] present a comparative study of ANN, SVM, and
KNN and decision tree models using the created database.
Kherif, Benmahamed, Teguar, Boubakeur, and Ghoneim [97]
investigated oil-immersed power transformer fault diagnosis
using different DGA methods using a database set of 501
samples. A decision tree algorithm was developed in the
KNN classifier to improve the accuracy of transformer fault
diagnosis. Das, Paramane, Chatterjee, and Rao [144]
discussed the effect of balancing unbalanced DGA data. The
average accuracy is presented in Fig. 13.
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Fig. 13. Average accuracy.

For Studies with Decision Tree (DT), Menezes, Araujo,
Almeida, Barbosa, and Braga [90] proposed decision tree
(DT) as a possible solution to overcome traditional
performance problems. Raj, Venkatachary, and Andrews
[174] performed a classification using a DT. The data are
trained using supervised machine learning (SML). The
accuracy of the predicted data using DT and optimised DT is
62.9 %.

For Studies with Backpropagation Neural Network
(BPNN), Yin, Zhen, Huo, and Chen [48] discussed that BP
builds a fault diagnosis model and uses the resulting fault
instance data to complete model training and testing. The
average accuracy is presented in Fig. 14. Shoupeng et al.
discussed that the optimised BP neural network algorithm is
compared with the traditional BP neural network algorithm.
The simulation results show that the GA-optimised neural
network model can play a better role in transformer fault
diagnosis. Feng and Bo [61] proposed a method for
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diagnosing transformer faults using ANN. Zheng, Liu, and Lu
[129] used the traditional BP network for transformer fault
diagnosis. In the study, the accuracy rate reached 85 %. Hao,
Tao, Rui-jing, Jian, and Cai-xin [137] discussed that the
prediction results obtained with the work done with BPNN
were compared by considering the fuzzy c-means (FCM)
algorithm, whose cluster analysis has attracted a great deal of
attention recently. Zhong, Tang, Peng, and Zhang [140]
presented a quantitative spectral analysis of dissolved gas
based on the parallel BPNN method.

Data ratio Data ratio Data ratio Data ratio
25:100 50:100 75:100 100:100

120

100
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Diagnosis methods
m Three ratio method David's triangle

Cubic graph method Proposed method

Fig. 14. Average accuracy.

For Studies with Random Forest (RF), Gao, Gao, Yang,
Feng, Song, and Li [85] discussed the membership function
of the DGA based on the state evaluation criterion, and the
membership degree of each DGA parameter was calculated
as a new feature parameter. Wang et al. [86] discussed the
situation where transformer data is generally an unbalanced
dataset, leading to supervised learning models that focus
more on a wider variety of examples, resulting in decreased
model performance. Patil, Patil, Dharme, and Jarial [160]
discussed learning algorithms such as the KNN classifier,
logistic regression, the Naive Bayes classifier, DT Classifier,
and the ensemble learning algorithm to detect faults in power
transformers by analysing gases dissolved in transformer oil.
Haque, Jamshed, Chatterjee, and Chatterjee [170] considered
the RF classifier. The prediction accuracy was high with
91.45 %. Rediansyah, Prasojo, Suwarno, and Abu-Siada [49]
used seven artificial intelligence models. Overall accuracy is
presented in Fig. 15.
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Fig. 15. Average accuracy.

For Studies with a Deep Neural Network, Mehdipour
Picha, Bo, Chen, Rana, Huang, and Hu [55] proposed the use
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of a deep neural network to determine the type of transformer
fault. Kim, Park, Kim, Jo, and Youn [178] proposed a new
framework called BDD, which combines Duval’s method
with the deep neural network (DNN) approach for diagnosing
power transformer faults using DGA. The proposed BDD
approach achieved a high accuracy of 95.4 % as shown in Fig.
16.

For Studies with the Radial Basis Function (RBF) Neural
Network, Chao, Hong, Yang, and Ye [57] presented a model
that is based on the RBF neural network and clustering.
Morais and Rolim [139] used general regression neural
network (GRNN), a type of neural network based on radial
basis function (RBF).

For Studies with Cognitive Artificial Intelligence (CAl),
Yaqin and Khayam [62] examined the method of cognitive
artificial intelligence (CAI), which is artificial intelligence
that can mimic the human brain’s ability to build knowledge
cultivation systems (KGSs). As a result, the accuracy of CAI
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Fig. 16. Average accuracy.

For Studies with the Rough Set (RS) Algorithm, Li, Huang,
Wang, and Tang [119] presented a new power transformer
fault diagnosis method based on rough set theory (RST) and
an improved artificial immune network classification
algorithm. Xiaoging, Juemin, Yingwei, and Bo [127]
proposed a model based on RST integrated with artificial fish
shoal algorithm (IAFSA) for transformer fault diagnosis.

For Studies with Dempster-Shafer (D-S) Theory, Yang,
Yue, Jia, and Sun [74] used extreme learning machines
(ELM) as input for BP neural networks and SVMs. Bhalla,
Bansal, and Gupta [180] proposed DST. This method has
been successfully used to identify the type of fault that
develops in a transformer, even when there is conflict in the
results of Al techniques applied to DGA data.

For Studies with Genetic Algorithm (GA), Nanfak, Eke,
Meghnefi, Fofana, Ngaleu, and Kom [76] presented hybrid
type using the GA and evolutionary k-means clustering
algorithm. In fact, with the proposed method, the best
performance was achieved at 98.29 % compared to other
models in the literature.

For Studies with Improved Golden Jackal Optimisation
(IGJO) based on Stochastic Configuration Networks (SCNs),
Lu, Shi, Fu, and Xu [78] proposed the simulation results that
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shows 91.67 %.

For Studies with Extreme Learning Machine (ELM), Malik
and Mishra [67] discussed principal component analysis
using RapidMiner software applied to IEC TC10 and related
datasets to identify the most relevant input variables for
incipient fault classification. Yang, Yin, Jia, and Yue [151]
addressed the shortcomings of the extreme learning machine
(ELM), such as poor training stability and low training
accuracy. To optimise ELM, Hunter recommends a
transformer diagnostic method through the prey optimiser
(HPO). Chen, Zhang, and Chen [164] discussed that although
the multiclass imbalance problem is difficult in terms of
algorithm development, this issue is underestimated due to
the fact that the highly imbalanced dataset is not investigated.
Li, Hai, Feng, and Li [169] proposed a transformer fault
diagnosis method based on optimisation of kernel parameters
and weight parameters of a kernel extreme learning machine
(KELM). The average accuracy is presented in Fig. 17.

PD D

100

90

Accuracy (%)
w & w oo
o o o o

N
o

=
o

0

1 D2 T1/T2 T3 Overall
Fault Types
B MGWO-SVM B MGWO-KELM

Fig. 17. Average accuracy.

show that the optimisation of the parameters of the SCN using
the 1GJO algorithm can effectively improve the accuracy of
the transformer fault diagnosis by 96.11 %.

For Studies with an Adaptive Neuro-Fuzzy Inference
System (ANFIS), Jan, Rahman, Parveen, and Khan [79] used
ANFIS to apply a multistage binary classification scheme to
diagnose incipient errors. It has been shown to significantly
increase diagnostic accuracy by 82.10 % compared to its
traditional counterparts. Aghaei, Gholami, Shayanfar, and
Dezhamkhooy [196] discussed ANFIS. The error trend is
presented in Fig. 18.

Training error

5;-"|\\::h
Fig. 18. The trend of the training error via epochs.

For Studies with Multilayer Perceptron (MLP), Vidal and
Castro [80] used MLP to eliminate the imbalance in the data
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in the database and therefore improve the generalisability of
the classifier. Xu, Li, Wang, Zhao, and Xie [186] proposed
MLP for intelligent diagnosis of power transformer faults.
High prediction accuracy is achieved. Wang, Littler, and Liu
[81] proposed a dynamic fault prediction approach using a
long short-term memory (LSTM) model with intelligent
classification to determine the operating state of a transformer
to predict and prevent potential transformer damage. Baiju
and S [83] proposed a new method that combed stack
denoising autoencoder and bidirectional long short-term
memory (SDAEBILSTM) to achieve greater diagnostic
sensitivity.

For Studies with Adaptive Synthetic Sampling Approach
(ADASYN), Rajesh, Rao, Fofana, Rozga, and Paramane [82]
proposed ADASY N, an oversampling method that generates
synthetic examples for minority classes, balances the dataset,
and improves classification accuracy.

For Studies with the Chaotic Arithmetic Optimiser
Algorithm (CAOA), Yan, Zhang, Duan, Wang, Zhao, and
Wang [87] used the arithmetic optimiser algorithm, a
metaheuristic based artificial intelligence tool.

For Studies with Adaboost.C2-Classification Tree (AM-
CT2) Ensemble Model, Ru, Zhang, Yang, Zou, Lu, and Xu
discussed AM-CT2 to increase the accuracy of transformer
fault diagnosis in developing unbalanced datasets. Xu, Li,
Wang, Zhao, and Xie [186] discussed advanced broad
learning system (BLS) and easy ensemble learning methods.

For Studies with Gaussian Process Multiclassification
(GPMC), Wang, Littler, and Liu [95] proposed a GPMC
method. The accuracy of the different methods is presented
in Table Il. E., Zhang, He, Zhang, Cao, and Lv [172] used an
evidential model with reference points in the form of a
Gaussian distribution optimised by a constrained genetic
optimisation algorithm (GA).

TABLE Il. ACCURACY OF DIFFERENT METHODS.

Method Accuracy (%)
Doernenburg ratio 79.0
IEC 42.4
Key gas 37.8
SVM 94.3
ANN 92.3
KNN 94.2
Decision Tree 93.7
LR 88.0
GPMC 95.4

For Studies with an Optimum Path Forest (OPF), Souza,
Ramos, Gastaldello, Nakamura, and Papa [128] proposed a
fast and accurate method for fault diagnosis in power
transformers through the OPF classifier. Experiments showed
that OPF can achieve high recognition rates at low
computational cost.

For Studies with Naive Bayes (NB), Prasojo, Azizi,
Kurniawan, Suwarno, Sutikno, and Ridzki [157] used a
dataset containing DGA data with known real fault from
power transformers to verify the effectiveness of the model
created using NB. The accuracy among six machine learning
models is shown in Fig. 19.

For Studies with Explainable Boosting Machine for
Transformer Fault Diagnosis (EBMT), Liao, Zhang, Cao,
Ishizaki, Yang, and Yang [161] proposed a method, including
traditional glass-box models (e.g., LR, DT, and GAN and
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advanced black-box models. Compared with popular (RF,
XGBoost, MLP, CNN, and LSTM-KNN) benchmarks.

87
86 85.7
85
84

83

82 81.6

81.6

Accuracy (%)
-]
ra
o

81

80

s

>
NS &

Methods
Fig. 19. Average accuracy.

For Studies with Quantitative Descriptive Analysis (QDA),
Saroja, Haseena, and Madavan [165] proposed QDA to
classify transformer faults with a high accuracy of 99.29 %.

For Studies with the Temporal Convolutional Network
(TCN) and Graph Convolutional Network (GCN), Luo et al.
[166] presented a prediction method based on TCN and GCN
for the dissolved gas content in transformer oil. Yang, Fang,
Zhang, Tang, and Hu [210] proposed two models. In order to
investigate the nonlinear and nonstationary properties of the
gas content, a honey badger algorithm-variational mode
decomposition-temporal  convolutional network (HBA-
VMD-TCN) univariate decomposition prediction based on
the Honey Badger algorithm, variable mode decomposition,
and time convolutional network (TCN) is established.

For Studies with Radial-Based Oversampling (RBO),
Zhang, Sheng, Hou, Zhou, and Jiang [214] proposed a new
method called RBO.

For Studies with the Refined Deep Residual Shrinkage
Network (Refined-DRSN), Hu, Ma, and Shang [226] proposed
a method so that the recognition accuracy results is greater
than 99 %.

V. CONCLUSIONS

Traditional transformer fault diagnosis methods have
limitations such as the inability to detect hidden faults within
the transformer in a timely manner, the difficulty in
accurately detecting fault types, and the inability to formulate
appropriate revision strategies. The most important
disadvantage of these methods is that they cannot distinguish
situations where more than one electrical or thermal fault
occurs simultaneously. Therefore, performing fault diagnosis
based on artificial intelligence methods in transformers is of
great practical importance. One of the problems encountered
in artificial intelligence methods is cost, which is one of the
basic economic issues. For this reason, the optimum path
forest classifier was used to reduce the high cost and was
found to provide strong prediction results. In this study,
firstly, the results obtained from more than one traditional
method for error estimation are compared. In this
comprehensive review, the historical development of the
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main devices used in dissolved gas analysis (DGA), including
gas chromatography, photoacoustic spectrometry (PAS), and
NDIR, is discussed. The gas chromatography monitoring
method specified in the IEC 60567 standard stands out with
its high accuracy and consistency rates, despite its cost
disadvantages.

Studies based on artificial intelligence have been
extensively examined. First, the researchers have determined
that there are some difficulties in obtaining the dataset source
consisting of dissolved gas concentrations, which are the
input parameters in these studies. Although some studies took
datasets from a power transformer in the field, some studies
used datasets available in the literature. In this context, it is
thought that recording, storing, and encrypting the
measurement results on a regional or international basis in
accordance with a certain format by the relevant country
organisations and providing access to the data to nationally or
internationally authorised researchers will contribute
significantly to more accurate and ethical estimation results
in future studies. Secondly, based on two performance
measures such as accuracy and calculation time, it can be
concluded that the artificial intelligence techniques for the
proposed multistage fault diagnosis of power transformers
using DGA data outperform traditional methods. Support
vector machine (SVM), fuzzy logic (FL), Naive Bayes (NB),
and artificial neural network machine learning (ANN ML) are
frequently discussed in the literature today due to their
satisfactory performance with high accuracy and fast
calculation time.

General artificial intelligence (Al) algorithms lack the
ability to handle inconsistencies in a training dataset.
Parameter optimisation is very important for all artificial
intelligence techniques, especially SVM. Therefore, it is
recommended to apply the optimisation method to artificial
intelligence methods to obtain better accuracy results. When
feature selection is not made, training data are reduced, and
test data are increased, artificial intelligence algorithm
accuracy decreases. In the literature, it has been determined
that in most studies incorrect conclusions are reached by
neglecting parameter optimisation and directly comparing the
results obtained from the proposed technique with methods
with relatively lower accuracy. In the future, the accuracy of
fault prediction should be improved by adding more training
data and selecting the optimum parameter, with research
aimed at improving the quantity and quality of the data. In the
studies carried out, particle swarm optimisation (PSO),
genetic algorithm (GA), ant colony, kernel principal
component analysis (KPCA), AM2-, and other data-based
artificial intelligence method parameter selections such as
SVM, decision trees, KNN, and even deep learning.
Adaboost.M2-classification tree (CT), improved seagull
optimisation (ISOA), a novel double-stacked autoencoder
(DSAE), adaptive dynamic polar rose guided whale
optimisation algorithm (AD-PRS-guided WOA), grey wolf
optimisation (GWO), teaching-learning-based optimisation
(TLBO), self-organising map (SOM), binary particle swarm
optimisation (BPSO), improved krill herd algorithm (IKHA),
artificial bee colony algorithm (ABC), improved artificial
fish-swarm algorithm (IAFSA), hunter hunt algorithm
optimisation, whale optimisation algorithm (WOA),
gravitational search algorithm (GSA), slime mould algorithm
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(SMA), generative adversarial network (GAN), multiverse
optimiser algorithm (MVO), improved sparrow search
algorithm (ISSA), improved chimpanzee optimisation
algorithm (IChOA), adaptive sparrow algorithm (ASSA),
grey wolf optimisation (GWO) techniques have been shown
to improve accuracy estimation and algorithm running time.

Synthetic minority oversampling technique
(SMOTEBOoost), GSA, and GAN are mostly used in the
optimisation of parameters of the Al algorithm. In addition,
GSA, GAN, and SMOTEBoost are the solutions for
successfully analysing the imbalance data. SMOTE, GAN,
and GSA on SVM, KNN, and radial basis function (RBF)
techniques are used in parameter optimisation with high
success. So, while parameter optimisation is done, there is to
be successful classification rate.

Currently, there are some issues with the custom machine
learning algorithm. For example, if a great difference in the
recognition effect among several error types is observed,
there will be a lack of machine learning. To overcome this
issue, a multilevel transformer error identification system that
is based on gradual grading is presented. So, parameter
optimisation needs to be established. In this context,
increasing datasets with strategic base oil selection,
parameter optimisation techniques, optimisation
performance, and high artificial intelligence method selection
are very important factors for future studies. This
comprehensive review aims to combine and present in a
single source basic information about classical methods of
power transformer fault diagnosis for DGA, historical
development of the devices used, artificial intelligence-based
methods, accuracy classifications of predictions.
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