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Abstract: Dissolved Gas Analysis (DGA) continues to be
widely recognized as a valuable method in recent times for the
early identification of issues in oil-filled power transformers.
It has gained extensive adoption as a primary approach for
the early discovery of these issues, relying on the analysis of
dissolved gases. This contributes to enhancing the
dependability of electrical systems. This paper proposes an
efficient fusion method based on DGA data using the two best
Machine Learning algorithms , the neural network (MLP),
the naive Bayes (NB) throughdata input vector ppm, a
percentage input vector, and an Logarithmic input vector. The
fusion method predictively combined the two classifiers and
obtained a statistical evaluation: accuracy, recall, precision,
and F-measure higher than both classifiers separately. The
proposed fusion method was evaluated for performance using
a test database and compared with conventional and smart
methods. Results showed that the proposed model
outperformed both traditional and intelligent methods in
terms of diagnostic accuracy when using percentage and
logarithmic input vectors. The Prediction Based Fusion
(PBF) vector Percentages achieved an accuracy rate of
97.22%, while PBF vector Logarithmic achieved an accuracy
rate of 95.83%. These rates were higher than those achieved
by traditional methods, such as the Modified RRM/CEGB
method 91.67% and Modified RRM/IEC method 90.28%.
Additionally, the proposed model surpassed the accuracy rates
of intelligent methods, such as CSUS ANN 88.89% and
Conditional Probability 93.06%.

Keywords: Dissolved gas analysis; fusion method, Multilayer

Perceptron, Naive Bayes, Percentages, Logarithmic.

1. INTRODUCTION

The importance of power transformers lies in their
crucial role in ensuring the smooth operation of power

systems. Regular monitoring is necessary to maintain
their availability and prevent any potential faults. In the
event of a transformer fault, the entire power network can
be affected, leading to catastrophic consequences in the
transmission of electricity [1]. Power transformers are
susceptible to both thermal and electrical stresses, which
have the potential to induce decomposition of the
insulating oil, subsequently resulting in oxidation. This
process leads to the production of wvarious gases,
including Methane (CH4), carbon monoxide (CO),
Hydrogen (H), Acetylene (C.H»), Ethylene (C,Ha),
Ethane (C;Hg), carbon dioxide (CO,) [2]. To analyze the
gases produced by transformer faults, a commonly used
method is Dissolved Gas Analysis (DGA) [3].

DGA is a powerful diagnostic technique and widely used
by the majority of power company for detecting thermal
and electrical faults in transformers. International
committees acknowledge its efficiency in diagnosing
issues resulting from oil or paper, including
Low/Medium/High thermal faults or electrical faults,
including Partial discharge and Low/High energy
discharge [4]. To simplify the process of identifying
potential faults in transformers, established rules and
methods rely on the analysis of dissolved gas
concentrations [5].

Accurate methods for diagnosing faults in power
transformers are essential for conducting a thorough
DGA analysis. At present, there are traditional methods
represented in ratio methods: Dornenburg method [6],
modified Rogers four ratios, modified IEC ratios
methods [7], HYOSUN Corporation gas ratio method
[8], three ratios technique [9], In addition, the graphic
methods are: Duval triangle method [10], Gouda triangle
method [11], pentagon methods [12] [13]. The traditional
methods are not accurate enough to know the type of
fault, so they are weak and suffer from decision-making,
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but by turning to artificial intelligence, diagnosing faults
for transformers has become available and with high
precision. The methods used in the literature are: ANN
[14], fuzzy logic [15], support vector machines [16], k-
nearest neighbor [17], Bayesian networks [18], ensemble
learning [19], and deep learning [20].

In this paper, both the neural network algorithm and the
naive Bayes (NB) theory were presented using different
input vectors and a proposed method for fusion them to
diagnose the six power transformer faults using the
KNIME analytics platform.

This paper is prepared as follows. In Section 2, the
methodology utilized in this study is introduced,
commencing with an elucidation of the employed dataset,
followed by a discussion of the various input vectors
considered, and an overview of the faults of transformers
targeted for detection. Section 3 provides an overview of
the machine learning algorithms used in this study. In
Section 4, the model evaluation tools are shown. Section
5 evaluates the proposed fusion technique's performance
and effectiveness, comparing it with traditional and
intelligent methods in the literature using test data.
Finally, some conclusions of the presented study are
given in the section 6.

2. METHODOLOGY

2.1 Data Description

Data collection is the first and most important step for
any study, as it is an integral part of the work that enables
us to enhance the lifespan of machines by diagnosing and
predicting their faults. The data for this study [21] was
collected from 240 samples, comprising 129 electrical
fault samples and 111 thermal fault samples, which are
further categorized into six types of faults, as follows:
Partial discharge (PD=27 cases), Low energy discharge
(D1=42 cases), High energy discharge (D2=55 cases),
Thermal fault below 300°C (T1=70 cases), Thermal fault
between 300°C and 700°C (T2=18 cases), and Thermal
fault above 700°C (T3=28 cases). The training process
used 70 % of the data (168 samples), while the remaining
30 % of the testing (72 samples) were used.

2.2 Input vector preparation

In order to ensure the quality of any data mining process,
the data must be processed by changing the input vectors
and data format to facilitate dealing with them. This

procedure represents the pivotal phase for enhancing the
model's accuracy. In this study, three different input
vectors were employed, namely the original data input
vector (ppm), a percentage input vector, and a
Logarithmic input vector, as shown in Table 1.

Table 1. Input features

Data Format

X=[C2H¢, C2H2, CH4, C2Ha4,
input vectors (ppm) H:]

X=[%C2Hs, %C2H2, %CHa,
input vectors (Percentage) %C2Ha, %H:]

X=[LogHz, logCHa,
input vectors (Logarithmic) LogC2Hz, LogC2H4, LogC2Hs]

3. THE USED MACHINE LEARNING
ALGORITHMS

3.1 Multilayer Perceptron (MLP)

Artificial Neural Networks (ANNs) are symmetric
processors that exhibit high interconnectedness and
represent an advanced and efficient algorithm for solving
problems related to data scarcity and interference.
Neurons serve as the basic building blocks of neural
networks, drawing inspiration from the complex neurons
and neural connections found in the human brain [22].

The Multilayer Perceptron (MLP) is widely considered to
be one of the most powerful and effective types of neural
networks for handling data. MLPs belong to the category
of supervised neural networks, which rely on desired
outputs for machine learning [23]. On the other hand, the
MLP algorithm comprises three primary layers. The
input layer establishes the connection between the data
input vector and the network, while the hidden layer
varies from one algorithm to another, depending on the
sensory cells employed. Finally, the output layer
processes the data for the input vector via the sensory
cells and directs it through its activation function, as
represented by [24].

yi = f(2?=1 wijxj + 6;) (1)
x;: is the jth input of the ith neuron.
0;: is called the bias of the ith neuron.
w;;: is the weight from the jth input to the ith neuron.

y;: is the output of the ith neuron.
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The corresponding Figure 1 represents the classified
MLP architecture, which consists of three layers, input
layer, hidden layer, and output layer.

Feed-Forward

—_—
— <
Network inputs - — Network output
ﬂ -
input layer /(" output layer
b4
Hidden Layer
_

Back-Propagation

Figure 1. The structure of the (MLP) based classifier
3.2 Naive Bayes (NB)

The Naive Bayes (NB) algorithm is technique inspired by
Bayes' theorem. It operates on the principle of probability
theory and statistical methods. Bayes theorem establish
independent values based on what precedes them [25].
The NB algorithm is considered "naive" because it
assumption of independence among all variables
concerning class values, which may not hold in real-
world scenarios. Nonetheless, this approach is favored
for its fast-learning capabilities [26]. The Bayes theorem
algorithm offers the advantage of classifying various
objects, with the posterior probability equation being
described as follows [27]:
p(B|A)pa)
P(B)

P(A|B) = 2

P(A|B) is the posterior probability of 4 under condition
B.

P(A) i prior probability 4.
P(B|A) posterior probability under condition 4.
P(B) is the prior probability B.

The posterior probability:

. likelihood Xprior
Posterior = ————22CXPTIOT

3)

evidence

The principle of the NB algorithm can be illustrated
through a simplified diagram and how to classify things;
Figure 2 illustrates the basic structure of a NB.
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Figure 2. Simplified diagram of the NB algorithm

4. MODEL EVALUATION

In the field of data mining, there exists a dependable
method to assess the accuracy of data, which is crucial in
supporting documentation systems. The effectiveness of
the model is evaluated using statistical measures,
including Accuracy, recall, precision, and F-measure
[28].

TN+TP

Accuracy = ——— @)
TN+TP+FN+FP

P TP

Precision = &)

TP+FP
TP
Recall = —— (6)
TP+FN

2(Pr ecisionxXRe call)

Foneasure = (7

Pr ecision+Re call

5. RESULTS AND DISCUSSION

To assess the diagnostic efficacy of the proposed model
and to predict transformer faults that could endanger the
condition of the electrical system, a dataset consisting of
240 samples was used which is as follows: 168 training
samples and 72 testing samples. The used data are in
ppm, percentage, and arithmetic. Where this paper
represents one of the most powerful and accurate
algorithms, namely, the naive rule and neural networks in
diagnosing transformer faults, which in turn, their
prediction explaining the first stage, which is the
preparation and processing of data involves collecting
data and extracting features for input vectors. In the
second stage, classifiers are trained and tested. The third
stage, known as the Prediction Based Fusion (PBF)
method, is a machine learning and data science technique
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used to combine multiple predictions from MLP and NB
algorithms to improve the overall accuracy and
robustness of predictions. This is achieved by averaging
the predictions of different models. Finally, in stage four,
the proposed model is evaluated. They were combined
through ensemble learning to increase the accuracy of the
model, using the KNIME analytics platform. Figure 3
represents the proposed model structure.

Data collection
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Figure 3. Flowchart of the proposed model
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The KNIME analytics platform environment allows
engineers to develop and implement algorithms in a short
time through a group of interconnected nodes, each of
which performs a specific function and enables the expert
to enter output and modify data [29]. Figure 4 represents
the proposed model and PBF with a simplified
explanation of the steps.

Data pre-processing: The input data is processed by the
Reader node, which scans the input file to ascertain the
quantity and categories of columns present. The
Duplicate Rows node then removes all duplicate rows
within the input table, followed by processing any
instances of missing data.

Model training and testing: First, the data is partitioned
into training and testing segments via the partition node.
Then, the model is trained and evaluated using a node
learner and predictor.

Combined prediction: The predictions are collected first
by the joiner node, which keeps the class and prediction
columns, and the PBF node is collected using the mean
predictions of both NB and MLP algorithms.

Evaluation: The proposed model was evaluated through
accuracy, recall, precision, and F-measure.

Combined prediction Evaluation
Scorer (JavaSeript)
»
L) 3
Naive Bayes
Predictor
.|D|+ Joiner (deprecated) Prediction Fusion Scorer (JavaScript)
g "B »
PR N
MultiLayerPerceptron
Predictor Scorer (JavaScript)
n s B | »
v gt 3

Figure 4. The proposed model using PBF to combine predictions of different classifiers

5.1 Performance evaluation results

When comparing Figure 5 with Table 2, it can be seen
that the PBF of assembling the algorithm of NB with the
algorithm of MLP over both algorithms separately when
the input vectors are ppm, percentages, and logarithmic.
The proposed method of PBF is characterized by its
reliability in fault detection in terms of overall accuracy,
and macro average : precision, recall, and F-measure.

The best results of the proposed method for PBF at input
vector ratio of 97.22% accuracy, 98.33% recall, 97.62%
precision, and F-measure of 97.83% were superior to
both input vector ppm with 91.67% accuracy, 86.08
recall, 92.73% precision, and F-measure. 94.75, as well
as a logarithmic input vector with 95.83% precision,
96.14% recall, 94.72% precision and 95.32% F-measure.
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While for the algorithms separately, the high efficiency
of the MLP algorithm in terms of the input vector was in
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percentages and ppm, and the algorithm of the NB
prevailed when the input vector was logarithmic.

Table 2. Performance results of the proposed model

Input features
Proposed ppm Percentages Logarithmic
classification Acc% | Rec% | Pre% | F-m% | Acc% | Rec% | Pre% | F-m% | Acc% | Rec% | Pre% | F-m%
techniques
NB 77.78 70.94 72.30 81.91 91.67 94.56 90.88 92.45 93.06 94.56 91.81 92.61
MLP 84.72 81.53 86.70 81.6 94.44 96.67 95.83 95.77 88.89 84.97 85.63 84.37

Prediction
Based Fusion of | 91.67 86.08 92.73 94.75 97.22 98.33 97.62 97.84 95.83 96.14 94.72 95.32
NB With MLP
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Figure 5. Performance chart algorithms for different evaluation metric

5.2 Comparisons with previous studies

For the effectiveness of the proposed fusion prediction
model and to make comparisons with previous studies,
the test data set consisting of 72 samples was used to find
out the reliability of the proposed method in predicting
transformer faults. Table 3 shows a comparison of the
results obtained with other techniques, whether
traditional or Intelligent.

The comparison results demonstrated that the proposed
model outperformed both traditional and intelligent
methods in terms of diagnostic accuracy when using
percentage and logarithmic input This
improvement in accuracy can be attributed to the

vectors.

preprocessing of the data, which involved converting the
original ppm data to either percentage or logarithmic

format. The PBF (vector Percentages) achieved an
accuracy rate of 97.22%, while PBF (vector Logarithmic)
achieved an accuracy rate of 95.83%. These rates were
higher than those achieved by traditional methods, such
as the Modified RRM/CEGB method 91.67% and
Modified RRM/IEC method 90.28%, as well as
intelligent methods, such as CSUS ANN 88.89% and
Conditional Probability 93.06%.
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Table 3. Comparison between the proposed method with traditional and Intelligent methods

Number of correct cases Total accuracy
Diagnostic methods PDIDI D2 T T1 1T T2 113 (%)
Traditional Three ratios technique [9] 4 6 1 121 0 8 43.06
methods Modified RRM/CEGB [7] 7 [10[15]20] 6 | 8 91.67
Modified RRM/IEC [7] 6 [ 10| 15|20 6 | 8 90.28
Hyosun Corporation gas ratio method [8] 2 |10 ] 1 8 2 8 43.06
Duval triangle method [10] 4 8 2 | 10| 0 5 43.06
Gouda triangle method [11] 3 10 | 3 9 0 8 45.83
Intelligent methods CSUS ANN [30] 7 10 | 14 | 19| 6 8 88.89
Conditional probability [31] 7 11 [ 16 [ 19| 6 8 93.06
Proposed method Prediction Based Fusion (vector ppm) 7 |16 |16 | 18| 1 8 91.67
Prediction Based Fusion (vector 9 12 | 18 | 17| 5 9 97.22
Percentages)
Prediction Based Fusion (vector 7 16 | 14 [ 20 | 7 5 95.83
Logarithmic)

6. CONCLUSION

This article proposes an efficient fusion method based on
DGA data, utilizing the two best Machine Learning
algorithms, MLP and NB. By using input vectors of ppm,
percentage, and logarithmic data, the proposed fusion
method combines the classifiers and achieves higher
accuracy rates, recall, precision, and F-measure than the
classifiers alone. The performance of the proposed model
was evaluated using a test database and compared to
traditional and intelligent methods. Results showed that
the proposed model outperformed all other methods,
achieving an accuracy rate of 97.22% for the PBF vector
Percentages and 95.83% for PBF vector Logarithmic.
These rates were higher than those achieved by
traditional methods such as the Modified RRM/CEGB
91.67% and Modified RRM/IEC 90.28% methods, as
well as intelligent methods such as CSUS ANN 88.89%
and Conditional Probability 93.06%. Overall, this study
demonstrates that the proposed fusion method is a
promising approach for DGA analysis and can
significantly improve the accuracy of DGA-based
diagnosis.
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