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Abstract - Power transformers are essential elements in the
production and distribution of electricity, and keeping them
in optimum operating condition is a constant concern for
specialists in the field. The condition of power transformers
is mainly determined by the condition of the mixed insula-
tion system, i.e. solid cellulose paper insulation and liquid
insulating oil insulation. The identification method, de-
scribed in this paper in order to determine the fault condi-
tion for power transformers is based on the fact that the
assessment of their condition is mainly determined by the
condition of the mixed insulation system, namely the solid
insulation made of cellulose paper and the liquid insulation
made of insulating oil. This is why the Three Ratio Tech-
nique (TRT) is used with good results for the early detection
of power transformer faults. This method is considered as
simple, but at the same time efficient in interpreting the
results of dissolved gas analysis. It uses three new gas ratios
to differentiate between thermal and electrical faults. In this
paper, the ratios defined by the TRT method are used to
train a machine learning classifier based on Ensemble Cla-
ssifiers using Bagged Trees (random forest), Boosted Trees,
and RUSBoosted Trees algorithms. The validation of the
power transformer fault identification software application
for the proposed method is carried out in the experimental
section.

Cuvinte cheie: transformator de putere, analiza gazelor
dizolvate, tehnica cu trei rapoarte, padure aleatoare.

Keywords: power transformer, dissolved gas analysis, three
ratio technique, random forest.

I. INTRODUCTION

High-power transformers have proven to be elementary
equipment of the power system. The importance of their
functioning in optimal parameters makes it mandatory to
ensure an active maintenance program. It is known that
the state of degradation of the mixed insulation system
(paper-oil) is a decisive indicator in keeping/taking the
transformer out of service [1, 2].

The methods for diagnosing the fault condition of po-
wer transformers have been the subject of many studies in
the specialized literature. The most common methods are
based on Dissolved Gas Analysis (DGA), this method has
proven to be highly effective and at the same time eco-
nomically convenient [3].

A multitude of DGA techniques have been developed to
interpret incipient transformer faults, such as Doernenburg
ratio [4], Rogers ratio [5], IEC ratio [6], Duval trian-
gle/pentagon Duval/pentagon triangle [7], Gouda triangle
[8] and three ratio technique (TRT) [9].
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Fault states or anomalies occurring in the mixed insula-
tion system is signaled by the formation of gases dissolved
in oil. Depending on the gas concentrations (hydrogen H2,
methane CH4, ethane C2H6, ethylene C2H4, acetylene
C2H2, carbon monoxide CO, carbon dioxide CO2, nitro-
gen N2 and oxygen O2), with the help of DGA, the faults
can be identified and localized at their early stages [10].

The methods listed above have advantages as well as
weaknesses. To increase diagnostic accuracy it is reco-
mmended to use complementary methods or to improve
them by developing an analysis program based on one or
more methods.

The prediction and monitoring of the condition of elec-
trical equipment has evolved in the sense that a complete
characterization of the paper-oil insulation condition can
be done by DGA tests, tests that give much information
about the phenomena occurring in this equipment. Moni-
toring key parameters for detecting the transformer condi-
tion can be done online or off-line by realizing DGA from
oil. It is unanimously accepted that both electrical and
thermal faults can be determined from this analysis [11-
13].

Regarding the development of transformer fault analy-
sis/detection software, we mention the use of fuzzy logic
based systems [14], neural networks [15] and classifiers
based on machine learning algorithms [16].

In the case of the application in this paper, the aim is to
use a machine learning type classifier which, after appro-
priate training, is able to estimate with an accuracy of
more than 95% the type of fault of a transformer for which
the dissolved gas concentrations are known. Based on
their values, using the TRT type method with the ratios
defined in it, are used as attributes of each training se-
quence of the classifier that will provide as output the type
of defect. Based on the TRT method for DGA analysis,
this paper presents a transformer fault condition classifier
based on random forest algorithms [17-19].

The paper is structured as follows: Section II presents
the TRT-type method and Section III presents the imple-
mentation of a random forest classifier. Test results for
identifying power transformer faults using the TRT-type
method and random forest classification algorithms are
presented in Section IV, while the final section presents
some conclusions and proposals for future work.

II. THREE RATIO TECHNIQUE

Osama E. Gouda, developed the TRT (DGA technique
used in transformer oil) in order to increase the preci-
sion/accuracy of transformer fault diagnosis compared to
classical methods such as Duval triangle 1, Doernenburg
ratio, IEC ratio and Rogers ratio.
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In accordance with the theory of thermodynamics,
which is based on the equilibrium pressures of hydrocar-
bon gas formations at different temperatures, in oil-
immersed transformers, each hydrocarbon gas varies with
respect to the others in relation to the decomposition tem-
perature. So we can conclude that there is an increasing
proportion of hydrocarbon gases with respect to tempera-
ture fluctuation.

The maximum rate of formation of a gas is reached at a
certain temperature, and each individual gas can reach its
maximum rate at a different temperature.

Fig. 1 shows the formation of fault gas as a function of
temperature and type of fault [13]. These are the same in
all mineral oil electro-technical equipment (e.g. current or
voltage transformers, free-breathing or sealed power trans-
formers, bushings, etc.).
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H
2
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Discharging

Fig. 1. Defect gas formation as a function of temperature.

The TRT is a simple and effective method of interpre-
ting dissolved gas analysis results. It uses three new gas
ratios to differentiate between thermal and electrical
faults. The three new ratios are the result of reorganizing
the five key gas concentrations into gas pairs that can
clearly classify faults for each ratio. These ratios are [9]:

R1:C2H6+C2H4 )
H,+CH,
R2 = C.H,+CH, 2)
C,H,
r3=S 3)
C2H4

The faults identified with the three ratios can be exem-
plified as follows:

- R1 distinguishes between thermal, DP and arcing
faults;

- R2 distinguishes between D1 and D2 faults, between
thermal faults from very low to high levels of thermal
energy. This ratio can also assess the severity of thermal,
electrical and partial discharge faults.

- R3 distinguishes between thermal and electrical faults,
but cannot differentiate between DP, D1 and D2 faults.
This ratio is also used in the Rogers, Doernenburg and
IEC methods and it only confirms the fault condition iden-
tified with R1.

As with the other gas ratio methods, this technique is
used when the concentration of at least one gaseous hy-
drocarbon exceeds the normal limits given in Table I.

24

TABLE 1.

REFERENCE VALUES FOR KEY GAS CONCENTRATIONS
D‘;‘S’ged H, | CH, | GH, | GH, | GH, | cO | co,
Reference

concentrations | 100 | 120 1 50 65 350 | 2500
[ppm]

The TRT method is a simple and effective method of
interpreting dissolved gas analysis results. By analysing
these ratios, the method can effectively classify the type
and severity of faults such as thermal, partial discharge
and arc faults.

The evaluation of the ratios between the concentrations
of three main gases: H,, CH, and C,H,, and the compari-
son of these ratios with reference values lead to the identi-
fication of the different types of faults that can occur in-
side the transformer. For example, H, indicates the pre-
sence of partial electrical discharges or arcing, CH, results
from overheating of oil or insulating materials, and C,Hy
is associated with high energy partial electrical discharges.

By using the three combinations of gas ratios, a clearer

classification of fault types and severity is achieved (Table
II) [9].

TABLE II.
DIAGNOSTIC CODING OF TRT INTERPRETATION
The range of reports
RI R2 R3 Code
R1<0.05 R2 <1 R3 <0.05 0
0.05<R1<0.9 1<R2<35 0.05<R3<0.5 1
R1>0.9 R1>3.5 R3>0.5 2
TABLE III.
FAULT DIAGNOSIS WITH TRT METHOD
Fault
R1 R2 R3 Fault type code
High temperature thermal
lor2 0 Oorl fault T > 700°C T3
Medium temperature thermal
for2 ! Oorl | fule300°C < T < 700°C 2
Low temperature thermal
for2 12 Oor | fault 150°C < T < 300°C T
Low temperature thermal
! — 0 fault T < 150°C o
0 lor2 Oorl Low partial discharge PD1
0 lor2 2 High partial discharge PD2
Oorl Oorl 2 High energy discharge D2
lor2 2 2 Low energy discharge Dl
Combination of electrical
2 Oorl 2 and thermal faults DT

The advantages of the TRT method include:

e has a high accuracy compared to other methods
that use ratios and also to the Duval Trianglel;

e has the ability to distinguish more reliably the
faults according to their severity;

e leads to a significant reduction in cases (without
decision) specific to methods that use ratios due to
obtaining values of ratios outside the specified
range and thus the inability to identify the fault.

Limitations of the technique:
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e in some situations, the interpretation of the results
can be difficult, especially in the case of old trans-

formers or transformers with a complex fault histo-
ry;

the technique cannot detect all types of faults, such
as natural ageing of oil or insulating materials;

gas concentrations may be influenced by other fac-
tors such as temperature, pressure or humidity.

While the TRT method is a valuable tool, it is important
to consider the following:

e The age of the transformer oil can affect the gas

composition and therefore the accuracy of the re-
sults.

Factors such as load cycling, temperature varia-
tions and moisture content can also affect gas con-
tent and diagnostic conclusions.

Complementary analysis - the TRT method should
be used in conjunction with other diagnostic tools
and expert judgement for a complete assessment.

DGA using the TRT is a valuable method of monitoring
the condition of power transformers However, for correct
interpretation of the results, a complex analysis is reco-
mmended, taking into account both the absolute values of
the gas concentrations and their evolution over time. In
addition, the interpretation of results should be confirmed
by other diagnostic techniques.

III. IMPLEMENTATION OF RANDOM FOREST ALGORITHMS
IN MATLAB FOR TRANSFORMER FAULT DETECTION

A classifier, after appropriate training, estimates the re-
lationship between the class attribute and the other feature
attributes. It extracts the model from the training data and
tries to minimise the mean squared error.

The limitations of the model (consideration of the linear
model versus a highly non-linear real model) result in a
relatively large bias. Due to the limited amount of training
data, we obtain a variance above the practically acceptable
limits. In this sense, Random Forest uses multiple decision
trees and performs a combination of their predictions to
improve accuracy and avoid over-fitting. In the case of the
application in this paper, the aim is to use a machine learn-
ing type classifier which, after appropriate training, is able
to estimate with an accuracy of more than 95% the type of
fault of a transformer for which the dissolved gas concen-
trations are known.

Based on their values, using the TRT type method de-
scribed in the previous section, the ratios R1, R2 and R3
are obtained, which are the inputs of each training se-
quence of the classifier that will give as output the type of
defect. Fig. 2 shows the block diagram of the software
application for power transformer fault identification us-
ing the TRT method and the ensemble Bagged Trees clas-
sifier.

For this application, we used ensemble classifiers via
the Classification Learner application from Matlab Statis-
tics and Machine Learning toolbox. After training on a set
of 200 samples, Table IV shows the training performance
for the following categories of ensemble classifiers:
Boosted Trees, Bagged Trees, Subspace Discriminant,
Subspace KNN, and RUSBoost Trees.
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It can be observed that the best performance is obtained
using the Bagged Trees classifier, which is based on the
Random Forest algorithm. It should be noted that this type
of algorithm generally gives the best results for the range
of classifiers presented [17-19].

Fig. 3 shows the confusion matrix resulting from en-
semble bagged tree classifier training for the correspond-
ing dataset. It can be seen that there is a relatively high
percentage of confusion between D2 and PD2 faults. This
is explained by the way they are defined, so that a large
percentage of the membership intervals of the three di-
ssolved gas ratios overlap. Confusion matrix is a visual
representation of a classification model's performance and
compares predicted class labels to the actual true labels.

This is also reflected in Figs 4 and 5, as the receiver
operating characteristic (ROC) value for the PD2 error is
less than 1, whereas the ROC value for the D2 error is less
than 1. ROC curves are primarily used for evaluating the
performance of binary classifiers. These classifiers predict
one of two possible outcomes (positive/negative).

Another common performance ranking parameter of the
algorithms used is the Area Under Curve (AUC) number.
Also, AUC is a performance metric that quantifies the
overall ability of a binary classifier. It represents the pro-
bability that a randomly chosen positive instance will be
ranked higher than a randomly chosen negative instance
by the classifier. This parameter is an overall qualitative
measure of the classifiers.

TABLE 1V.
ENSEMBLE CLASSIFIER PERFORMANCE FOR POWER TRANSFORMER
FAULT IDENTIFICATION

Ensemble classifier type Accuracy [%]
Bagged Trees 95.7
Boosted Trees 95.4
RUSBoosted Trees 95.1
Subspace KNN 73.5
Subspace Discriminant 72.7

Power Transformer Oil Sample

| Chromatography of Gases I
Dissolved in Oil |

| RGN ot e

| Dissolved Gases l

le CH; CH, C;H; C;H; CO CO;JI

DGA based with
Ensemble Bagged Tree

Y

Fault identification report

Fig. 2. Block diagram of the software application for power transformer
fault identification using the TRT method and the Ensemble Bagged
Trees classifier.
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Ensemble Method (Bagged Trees Classifier)
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Fig. 3. Confusion matrix used to train the Bagged Trees ensemble clas-
sifier for transformer fault detection.
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Fig. 4. ROC curve corresponding to the Bagged Trees ensemble classi-
fier training for the PD2 error.
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Fig. 5. ROC curve corresponding to the Bagged Trees ensemble classi-
fier training for error D2.

Fig. 6 shows a prediction of the separation of the 9 de-
fect classes corresponding to attributes R2 and R3, result-
ing from training the Bagged Trees ensemble classifier.

The study of the predictions in terms of defect class
separation using the Bagged Trees ensemble classifier is
shown in Fig. 7. Thus, depending on the values of the 3
ratios (R1, R2 and R3) corresponding to the training sam-
ples, a graphical image of the predicted position of the 9
defect types is obtained. In the following, in order to high-
light the ranking accomplished in Table IV from the point
of view of the accuracy of the classification algorithms
used, we present the results obtained after training for the
Boosted Trees and RUSBoosted Trees algorithms.

Predictions: Ensemble Method (Bagged Trees Classifier)
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Fig. 6. Separation of defect classes using the Bagged Trees ensemble
classifier and attributes R2 and R3.
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Fig. 7. Study of predictions by separation into 9 defect classes using the
Bagged Trees ensemble classifier.

Thus, the resulting training confusion matrix for the
Boosted Trees algorithm is presented in Fig. 8. ROC
curves corresponding to this algorithm in terms of classifi-
cation errors for defect classes PD2 and D2 are presented
in Fig. 9 and Fig. 10. Fig. 11 shows a prediction of the
separation of the 9 defect classes corresponding to attrib-
utes R2 and R3, resulting from training the Boosted Trees
ensemble classifier. The resulting training confusion ma-
trix for the RUSBoosted Trees algorithm is presented in
Fig. 12. The ROC curves corresponding to this algorithm
with respect to the classification errors for the PD2 and D2
defect classes are presented in Fig. 13 and Fig. 14.

Fig. 15 shows a prediction of the separation of the 9 de-
fect classes corresponding to attributes R2 and R3, resul-
ting from training the RUSBoosted Trees ensemble classi-
fier. For the PD2 and D2 defect classes, it can be observed
that the AUC decreases by 0.1 for the Boosted Trees algo-
rithm and 0.2 for the RUSBoosted Trees algorithm com-
pared to the Bagged Trees algorithm.
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Ensemble Method (Boosted Trees Classifier)
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Fig. 8. Confusion matrix used to train the Boosted Trees ensemble clas-
sifier for transformer fault detection.
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Fig. 9. ROC curve corresponding to the Boosted Trees ensemble classi-
fier training for the PD2 error.

l |
@
= (0.02,0.75)
-
2 06
= Positive class: D2
8 AUC =0.97
="
S 04}
=
=
—~

0.2+
—ROC curve
0 Area under curve (AUC)
* Current classifier
0 0.2 0.4 0.6 0.8 1

False positive rate

Fig. 10. ROC curve corresponding to the Boosted Trees ensemble clas-
sifier training for the D2 error.
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Predictions: Ensemble Method (Boosted Trees Classifier)
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Fig. 11. Separation of defect classes using the Boosted Trees ensemble
classifier and attributes R2 and R3.
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Fig. 12. Confusion matrix used to train the RUSBoosted Trees ensemble
classifier for transformer fault detection.

‘DI D2 DT

l L
(0.03,0.86)
0.8
&
]
i
g 06
= Positive class: PD2
W
e AUC =0.96
=1 04}
w
=
=
o
0.2
|—ROC curve
0 Area under curve (AUC)
| * Current classifier

0.2 0.4 0.6 0.8 1
False positive rate

Fig. 13. ROC curve corresponding to the RUSBoosted Trees ensemble
classifier training for the PD2 error.



Annals of the University of Craiova, Electrical Engineering series, No. 48, Issue 1, 2024; ISSN 1842-4805 elSSN 2971-9852

1
o 08
= (0.02,0.73)
-
S 0.6 »
= Positive class: D2
w
= AUC =0.96
2 0.4
%]
=
L
b
0.2
—ROC curve ‘
0 Area under curve (AUC)
_* Current classifier

0.2 0.4 0.6 0.8 1
False positive rate

0

Fig. 14. ROC curve corresponding to the RUSBoosted Trees ensemble
classifier training for the D2 error.
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Fig. 15. Separation of defect classes using the RUSBoosted Trees en-
semble classifier and attributes R2 and R3.

IV. RESULTS OF THE TEST FOR FAULT DETECTION IN
TRANSFORMERS USING ENSEMBLE BAGGED TREE
CLASSIFIERS

The testing of the power transformer fault detection ap-
plication presented in this paper was carried out on two 63
MVA 110/6.3 kV (Transformer-1) and 80 MVA 121/10.5
kV (Transformer-2) transformers undergoing prophylactic
inspections. Their gas concentration values are given in
Table V.

TABLE V.
DISSOLVED GAS CONCENTRATIONS TO TEST THE PROPOSED
TRANSFORMER FAULT IDENTIFICATION METHOD

. . Transformer-1 Transformer-
Chromatographic analysis of
. L0 gas values 2 gas values
gases dissolved in oil
[ppm] [ppm]
Hydrogen H
yarogen b 19.46 455
Methane CH,
69.92 755
Ethan C2H5
204.42 173
Ethylene C,H,
15.234 422
Acetylene C,H,
: 1.07 2
Carbon monoxide CO
L 154.94 1427
Carbon dioxide CO,
Total dissolved combustible 166321 4234
465.044 3234
gases
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A. Software Application Testing for Power Transformer
Fault Detection - Type 1 Power Transformer

In the first case, the following set of gas concentration
values is used H, = 19.46 ppm, CH4 = 69.92 ppm, C,H, =
1.07 ppm, C,H4 = 15.234 ppm, and C,Hg = 204.42 ppm.
These are used to obtain the following values of the 3 ra-
tios defined in equations (1)-(3), which represent the in-
puts for the software application of the proposed random
forest classifier: R1 = 10.699, R2 = 4.661, and R3 =
0.071.

After analysing the application using the Bagged Trees
ensemble classifier, the fault T1 (see Fig.8) was identified,
which is a thermal fault indicating temperatures between
150°C and 300°C. This fault indicates overheating due to
flux concentration, most likely overheating of the LV or
HV outputs due to faulty connections between the flexible
joint connecting the LV or HV coil end to the copper ter-
minal of the bushing on the LV or HV side, or poor sol-
dering of the LV or HV coil end to the output flexible
joint. The extent of the observed phenomenon is not dan-
gerous for transformer availability.

test Clasif_TRT DGA_1m +
% CONCENTRATION OF GASES
H2 = 19.46; CH4 = 69.92; C2HZ = 1.07; C2H4 = 15.234; C2H6 = 204.42;
if (H2>100 || CHd»120 || C2H2»1 || C2H4»50 || C2HE»65)
disp("RATIO CALCULUS AND TRANSFORMER FAULT DEIECTI(}N");
R1 = (C2HG+C2H4)/(H24C2H2);
R2 = (C2H24CHA)/C2HY;
R3 = C2H2/C2H4;
Data_Test = table(R1,R2,R3);
% LOAD TRAINED ENSEMBLE BAGGED TREES CLASSIFIER
% FOR DGA ANALYSIS BASED ON THREE RATIO TECHNIQUE
load('WS_DGA_TRT.mat');
% TEST MEW DATA FOR CLASSIFICATION
transformer_fault = trainedModel DGA_TRT.predictFen(Data_Test)
else
disp("NORMAL TRANSFORMER OPERATION");
end

Icooooo.o.o-U-on-ooooc.n

test_Clasif TRT_DGA_1
transformer_fault={'T1'}

Fig. 16. Testing the Bagged Trees ensemble classifier - first test of the
power transformer.

It is well known that cellulose insulation is affected by
thermal degradation phenomena, so whenever a thermal
defect is detected, it is imperative to determine the degree
of polymerisation of the cellulose insulation by measuring
the concentrations of furan compounds dissolved in oil.

As a result, the following recommendations have been
made:

e Check the LV and HV winding outputs and re-
tighten the flexible joint on the LV and HV termi-
nals;

e Measure the concentrations of furan compounds
dissolved in the oil and analyse the furan com-
pounds to determine the state of degradation of the
solid insulation and the cause of this state. The use
of furan compound concentrations has the effect of
increasing the accuracy of transformer faults iden-
tified by DGA [7];

e Repeat parameter measurements of the entire insu-
lation system and complete oil analysis.
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B. Software Application Testing for Power Transformer
Fault Detection - Type 2 Power Transformer

In the second case, the following set of gas concentra-
tions is used: H, = 455 ppm, CH, = 755 ppm, C,H, = 2
ppm, C,H, = 422 ppm, and C,H¢ = 173 ppm. These are
used to obtain the following values of the 3 ratios defined
in equations (1)-(3), which represent the inputs for the
software application of the proposed random forest classi-
fier: R1 =1.302, R2 =1.793, and R3 = 0.004.

After analysing the application using the Bagged Trees
ensemble classifier, the T2 defect was identified (see
Fig.9), which is a thermal defect with temperatures be-
tween 300°C and 700°C.

According to the dissolved gas concentration values

presented in Table V, the following aspects were identi-
fied:

e According to [13], the ethylene concentration de-
creases in case of a defect in the conductors (200
ppm < C,Hy < 2900 ppm). This means that the
fault may be caused by overheating of the conduc-
tors due to eddy currents or poor connections be-
tween the output flexes in the winding and the ter-
minals of the insulated bushings;

e (CO=1427 ppm > 1000 ppm and CO,/CO =2.96 <
3 in the presence of significant amounts of the
other fault gases. Therefore, IEC 60599:2022 [11]
indicates/specifies the involvement of paper in a
defect with possible charring of the paper;

e Acetylene value in the oil above the required limit
(2 > 1). This requires careful attention and weekly
or even daily monitoring to determine if additional
acetylene is being generated,;

e The TDCG value of 3234 ppm classifies the trans-
former as Condition 3 - Extreme Caution accord-
ing to IEEE Std.C.57-104:2019 [12], i.e. a high
degree of cellulose and/or oil insulation degrada-
tion;

o Content of furan compounds was not determined.

test Clasif_ TRT_DGA 2m +
% GASES CONTRATION
H2 = 455; CH4 = 755; C2H2 = 2; C2H4 = 422; C2He = 173;
if (H2>10@ || CHa>120 || C2H2>1 || c2H4»S@ || C2HE65)
4 disp("RATIO CALCULUS AND TRANSFORMER FAULT DETECTION");
5 R1 = (C2HE+C2H4)/(H2+C2H2);
R2 = (C2HZ4CH4)/C2H4;
R3 = C2H2/C2H4;
Data_Test = table(R1,R2,R3);
% LOAD TRAINED ENSEMBLE BAGGED TREES CLASSIFIER
18 % FOR DGA ANALYSIS BASED ON THREE RATIO TECHNIQUE
1 load('WS_DGA_TRT.mat');
% TEST NEW DATA FOR CLASSIFICATION
1 transformer_fault = trainedModel_DGA_TRT.predictFen(Data_Test)
14 else
5 disp("NORMAL TRANSFORMER OPERATION");
end

b

i

©test_Clasif TRT DGA 2 |

* transformer_fault={'T2'} |
1
]

Fig. 17. Bagged Trees ensemble classifier test - power transformer
second test.
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As a result, the following recommendations have been
made:

e Check the connections between the coil output
flexible joints and the terminals of the insulated
bushings and retighten the flexible joints on the LV
and HV terminals;

e Measure the concentrations of furan compounds
dissolved in the oil and analyse the furan com-
pounds to determine the state of degradation of the
solid insulation and the cause of this state;

e Repeat the DGA often enough to calculate the
amount of gas produced per day for each gas;

e Complete oil analysis and repeat insulation system
measurements.

V. CONCLUSIONS

This paper presents a method for identifying the fault
condition of power transformers. It is based on the fact
that the assessment of the condition of power transformers
is mainly determined by the condition of the mixed insula-
tion system, i.e. solid cellulose paper insulation and liquid
insulating oil insulation. The TRT method is therefore
used with good results for the early detection of power
transformer faults.

The classification algorithm used was a machine learn-
ing algorithm based on ensemble and random forest algo-
rithms from Matlab Statistics and Machine Learning tool-
box. The validation of the power transformer fault detec-
tion application is carried out in the experimental section.
For future work, the aim is to use combined classification
algorithms with weight optimisation algorithms to in-
crease accuracy.
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