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Abstract: Power generators are one of the critical assets of power grids. The early detection of faults
in power generators is essential to prevent cutoffs of the electrical supply in the power grid. This work
presents a comparative analysis of machine learning (ML) models for the generator fault diagnosis.
The objective is to show the ability of simple and ensemble ML models to diagnose faults using as
attributes partial discharges and dissipation factor data. For this purpose, a generator fault database
was built, gathering information from operational data curated by power generator experts. The
hyper-parameters of the ML models were selected using a grid search (GS) and cross-validation (CV)
optimization. ML models were evaluated with class imbalance and multi-classification metrics, a
correspondence analysis, and model performance by class (fault type). Furthermore, the selected
ML model was validated by experts through a diagnosis system prototype. The results show that
the gradient boosting model presented the best performance according to the performance metrics
among single and ensemble ML models. Likewise, the model showed a good capacity to detect type
3 and 4 faults, which are the most catastrophic failures for the generator and must be detected in a
timely manner for prompt correction. This work gives an insight into the need and effort required to
check for implement an online diagnostic system that provides information about the power generator health
updates index to help engineers reduce the time taken to find and repair incipient faults and avoid loss of
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1. Introduction

Power generators are the main component for the generation of the electricity that

Academic Editor: Domenico Talia is transmitted on power grids. A power generator is a rotating electrical machine that

Received: 19 August 2024 generates electrical energy through mechanical energy. These assets were designed for
Revised: 10 September 2024 stable and non-oscillating operation. Although power generators are very reliable assets,
Accepted: 17 October 2024 early fault detection is important to avoid power outages on the grid and prevent asset
Published: 25 October 2024 life reduction [1-3]. The economic consequences of a catastrophic failure of an electric

generator are estimated in millions of USD. Three main costs are considered: costs for
the lost generation and transmission of electricity, costs for the repair or substitution
- of the damaged generator, and direct operational costs. The generation loss costs can
rise to USD 6177.600 (since the cost for loss of generation is around 2.6 USD/kWh in
Mexico). The cost for substitution is more than 6 million USD for a 375 MW /17 KV
electric generator, which can vary according to the power level, the topology of the electric
unit, and the technical characteristics of the generator (materials and design). The direct
operational cost is estimated to be around 1,280,000 USD, including a 72 h affectation
window (repair of damaged facilities, remediation operations, reserve generator testing
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and commissioning, and performing the startup operation of all the generation unit and
systems’ prior conditions).

Therefore, it is required to determine the health index of a power generator to ensure
its reliability and operational availability [4-6]. Condition-based maintenance (CBM) is
defined as a maintenance strategy to determine and quantify the condition or health
index of an asset and make the best decision of what maintenance process should be
performed and when [7-9]. Condition monitoring provides real-time data on the health
status of an asset through electrical testing, online and offline diagnostics, and operation
and maintenance parameter monitoring, which can be used to optimize maintenance
planning and scheduling supported by appropriate standards and expert knowledge. The
most effective condition analysis strategy is the assessment by highly skilled experts, but it
is costly and time-consuming. Therefore, the utilities look forward to automated analysis
tools to support experts and reduce their intervention [10].

A CBM requires the identification of faults through a fault detection and diagnosis
system. Generally, the generator failure mainly occurs in the following three areas: the
stator, the rotor, and the bearings. Fault diagnosis in a generator focuses on the generator
stator winding subsystem, whose integrity is completely related to the reliability of the
generator [11]. The stator winding subsystem is exposed to electrical, mechanical, and
thermal stresses. These phenomena are considered normal if they were considered during
the generator’s design; otherwise, they are considered abnormal. Among the abnormal
behaviors are fractures, emergency overloading, arc flashes, transient events, and thermal
faults, to mention a few [12]. Further, stator winding tests can provide important informa-
tion regarding generator degradation and behavior at a very low cost, eliminating the need
to carry out expensive offline testing.

Among the classical methodologies to determine the generator’s health index are the
following: DNV KEMA [13], HAP [14], and INEEL [4]. These methodologies use a linear
or non-linear method to determine the health index of the generator, where weights are
assigned to each variable that is monitored online and offline, the deterioration trends and
the main failure mechanisms of the generator. Each variable is classified into degrees of
deterioration based on international criteria and expert knowledge and is associated with
the generator failure mechanisms. The information is processed using a linear or non-linear
method to obtain the health index of the asset, its criticality, risk level, probability of failure,
and remaining life. The generator is divided into six subsystems, stator winding, rotor
winding, stator core, mechanical components, cooling system, and excitation system, so
it can be determined which subsystem is being affected and which failure type is present.
The objective is the optimization of the operation and maintenance actions of the generator
according to the CBM and the reduction of its technical-economic impact [15].

However, the problem with these methodologies is that they tend to hide some failure
modes in a generator, a fact derived from the large number of tests used for diagnosis.
Therefore, they are methodologies focused on certain types of failures. The criteria for
determining the health index are established based on the impact of the failure that they
seek to identify, and in many cases, many tests (data) are required to adjust the expected
result. As the amount of information grows, it is difficult to analyze and determine the
correlations between variables and types of failure by an expert; in this case, an intelligent
system could be useful.

Owing to the machine learning (ML) algorithms with robust capacity in feature
extraction and classification, several artificial intelligence (Al) methods have been proposed
for electrical asset condition assessment and fault diagnosis. ML algorithms provide high
flexibility: they are able to handle linear and non-linear relations, are robust to noise, and
provide high fault diagnosis performance [16].

Several ML algorithms have been used for the transformer fault detection and diag-
nosis [17], such as artificial neural networks (ANN) [18-20], decision tree (DT) [21], Bayes
network [22], extreme learning machine (ELM) [23], K-nearest neighbors (KNN) [24,25],
logical analysis of data (LDA) [26], logistic regression (LR) [27], support vector machine
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(SVM) [25,28,29], boosting and bagging [30], eXtreme Gradient Boosting (XGBoost) [31],
stacking ensemble [32], and even state-of-the-art algorithms such as few-shot learning with
belief functions [14].

For the power generator fault detection and diagnosis, ML applications are limited,
as they are generally focused on the diagnosis of faults in ship or aircraft generators
and rotating machines, such as: prediction of shutdown of generating machines using
data mining [33], ship diesel generator diagnosis using fuzzy logic [34], bearing fault
diagnosis using KNN [35], generator fault diagnosis and open switch fault diagnosis using
SVM [36,37], synchronous generator fault diagnosis using ANN [38—40], fault detector for
closed-ring power generators using random forest [41], and diesel generator diagnosis and
fault detection in wind turbines using deep learning [42,43]. Therefore, the application of
ML models for fault detection and diagnosis in power generators of power plants is novel
and has not been reported at the time of this publication.

This work presents the application of ML algorithms (simple and ensemble classifiers)
to the detection and diagnosis of faults in a power generator (GFDD). The objective is to
compare the performance of the ML algorithms for the GFDD problem under equivalent
experimental configurations. For this purpose, a database of partial discharges of 196
generators associated with faults is used. We analyze simple and ensemble ML algorithms
to solve the GFDD multiclass classification problem and develop a prototype system for
GFDD, the results of which are validated by power generator experts. The analysis will
allow us to understand whether ML algorithms will be able to solve the real-world problem
of generator fault detection and diagnosis and how much effort we can expect to apply an
intelligent diagnostic system, mainly when different faults are considered.

The remainder of this paper is organized as follows: Section 2 presents a detailed
definition of the materials and methods used for the comparative analysis of ML algorithms,
Section 3 presents and discusses the results obtained from the application of individual
and ensemble ML algorithms to power generator fault diagnosis, and, finally, the main
conclusions are presented in Section 4.

2. Materials and Methods

The machine learning (ML) methodology proposed for the multi-class diagnosis
problem in this paper is shown in Figure 1. The ML methodology is composed of six main
stages: problem analysis, data collection, data analysis, pre-processing, ML training, model
selection, and system implementation.

1.  Problem analysis: In this stage, the focus is on understanding the work domain,
motivations, and objectives, defining the problem, finding possible solutions, and
generating a solution proposal. This task should be performed in conjunction with
domain experts.

2. Data collection: This step consists of the definition and obtention of the raw process
data used for fault diagnosis. The data obtained from the tests carried out to determine
their state of health are used to diagnose faults in generators, specifically the partial
discharge and the dissipation factor data in the stator winding. An electrical expert
verifies all the data and associates generator failures with them.

3. Data analysis: This step consists of the analysis of the data to obtain as much in-
formation as possible. This is achieved through attribute analysis, the application
of statistics, data visualization, and the identification of possible transformations
and relationships.

4. Pre-processing: At this stage, we preprocess the information from the process’s raw
data using available methods found in the literature: data cleaning, zero measurement
replacement, selection and scaling of attributes (natural logarithm and normalization),
and feature engineering (process relationships). The purpose of this step is to extract
knowledge and improve our understanding of the data, generating a consolidated
learning database.
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5. ML Training and model selection: This step consists of the training and evaluation of
the single and ensemble ML models. First, the ML models are optimized using grid
search (GS) and cross-validation (CV) procedures. Second, the performance of the
ML models is evaluated using multi-class performance measures: k score, balanced
accuracy, and the micro and macro F1-measure. Finally, the most appropriate and
reliable algorithm for the GFDD problem is selected.

6.  System implementation: The last stage consists of implementing the selected intelli-
gent model in a system capable of interacting with domain experts and users, allowing
its application in a system or prototype in a relevant environment. Implementing the
intelligent ML model in a computer application (system or web service) is essential to
validate its application and retune it in an environment with high uncertainty.

Problem analysis Data recollection Data analysis
o
Define the problem domain - Determine necessary data Analyze attributes
Search for previous solutions Capture or obtain data Apply statistics
Determine the type of problem Create the workspace Visualization
Pre-processing ML training and Implementation

model selection

Information [N Ky owledge —_— o —_—

Clean data Test different algorithms Evaluate predictions
Feature engineering Analyze evaluation metrics Develop graphical user interface
Feature selection Select the best algorithm Compare the system

Figure 1. ML methodology proposed for multi-class diagnosis of faults of a power generator.

2.1. Fault Data of the Power Generator

The raw process data for generator fault diagnosis was 196 samples obtained from
databases of national utilities and test laboratories [44]. The generator fault database
(GFDB) consists of a test of the dissipation fact (DF) and partial electric discharges (PD)
of the generator and their corresponding diagnostic. A generator expert validated each
sample. The data shows partial discharge activity in the stator windings used to determine
the health index of the power generator. The class distribution for the GFDB is shown in
Table 1. From the data analysis, the imbalance between the classes stands out, in which the
most pre-dominant classes are class 0 and class 1, while the minority classes include class 2,
class 3, and class 4. The least severe failures are classes 0 and 1 and occur most frequently.
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Table 1. Power generator fault class distribution.

Fault Class Freq. %

Class 0. Normal condition 43 22

Class 1. End-winding corona discharges 52 26

Class 2. Surface tracking and phase-to-phase discharges. 33 17
Class 3. Partial discharges 31 16

Class 4. Slot discharges 37 19

2.2. Pre-Processing of Fault Data of the Power Generator

Although experts have curated the GFDB, the database must be initially pre-processed
before any fault diagnosis can be carried out with the standard ML framework. The pre-
processing stage is composed of two steps: (i) the normalization of values to fit the features
to a standard scale and (ii) the removal of any bias in the data to ensure consistency in
the learning database. This work’s initial GFDB consisted of 18 features and 196 samples,
with a label called Diagnostics, which indicates the type of fault. However, not all of these
attributes are relevant to the diagnostic task, as they lack relevant information. Therefore,
4 features related to the generator’s technical data, such as the name of the plant, unit, test
date, and visual observations, were discarded. The final GFDB contains 196 samples and
only 14 features, with normalized values and categorical features, effectively converted
into numerical representations ready to be used in the training process of the classification
algorithms. Table 2 presents the 14 selected characteristics and their definition in terms of
nominal voltage (Vn) and phase angle (). The objective of the data pre-processing stage is
to improve the performance of standard ML frameworks for the fault diagnostic problem.

Table 2. Attributes of the generator: dissipation fact (DF) and partial electric discharges (PD).

Feature Type Definition
F1 Categorical Generator cooling system
F2 Categorical Generator type
F3 Numerical Dissipation factor (0.2Vn) @ phase A
F4 Numerical Dissipation factor (0.2Vn) & phase B
F5 Numerical Dissipation factor (0.2Vn) & phase C
Fé6 Numerical Dissipation factor (0.6Vn-0.2Vn)) & phase A
F7 Numerical Dissipation factor (0.6Vn-0.2Vn)) & phase B
F8 Numerical Dissipation factor (0.6Vn-0.2Vn)) @ phase C
F9 Numerical Partial discharges (nC) Vn//3 & phase A semicycle (+)
F10 Numerical Partial discharges (nC) Vn/+/3 @ phase A semicycle (—)
F11 Numerical Partial discharges (nC) Vn/,/3 @ phase B semicycle (+)
F12 Numerical Partial discharges (nC) Vn//3 & phase B semicycle (—)
F13 Numerical Partial discharges (nC) Vn/+/3 & phase C semicycle (+)
F14 Numerical Partial discharges (nC) Vn/+/3 @ phase C semicycle (—)

2.3. ML Training for Fault Diagnosis of the Power Generator

For training the ML models and selecting the model with the best overall and by-
class performance, the GFDB was divided into two databases: training (80% of the data)
and test (20% of the data). The proportion of the classes was considered, ensuring that
each type of fault kept the same class distribution ratios as in the full DB. The classic
methodology used for training and selecting ML models consists of: (i) data pre-processing,
(ii) optimization of ML model parameters, (iii) performance evaluation of the ML model,
and (iv) selection of the ML model. Ten ML models were selected taking into account the
characteristics of the fault diagnosis problem in electrical assets (multi-class classification
with unbalanced database) [45] and considering previous work carried out on diagnosis
in power transformers [17]: single algorithms (support vector machine (SVM) [46], naive
Bayes (NB) [47], linear discriminant analysis (LDA) [48], quadratic discriminant analysis
(QDA) [49], decision tree (DT) [50], K-nearest neighbors (KNN) [51], and artificial neural
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network (ANN) [52]), and ensemble algorithms (random forest (RF) [53], gradient boosting
(GBosst) [54], and extreme gradient boosting (XGBoost) [55]). While single classifiers
produce a robust model with good generalization, ensemble classifiers combine multiple
machine learning models to produce superior predictive performance compared to a single
model, since errors can cancel out when models are combined and robustness is improved
because it avoids overfitting noise in the training data. The optimized parameters of the
ten ML classification models used are shown in Table 3. A grid search cross-validation
procedure with k = 5 folds was used.

Table 3. Optimized parameters for the ML classification models.

Model Parameters
Support vector machines SVC (probability = True)
Naive Bayes GaussianNB ()
Linear discriminant analysis Linear Discriminant Analysis ()
Quadratic discriminant analysis Quadratic Discriminant Analysis ()

Decision tree

Random forest

Decision Tree Classifier (random_state = 42, max_depth =5,
min_samples_split = 2)
Random Forest Classifier (random_state = 42, max_depth =5,
n_estimators = 50, min_samples_split = 2)
Gradient Boosting Classifier (random_state = 42, max_depth =5,

Gradient boosting n_estimators = 50, min_samples_split = 2)
XGBoost XGB Classifier (random_state = 42, max_depth = 5, n_estimators = 50)
K-nearest neighbors KNeighbors Classifier ()
Artificial neural network MLP Classifier (alpha = 1, max_iter = 1000)

2.4. Classification Performance Metrics

For the generator fault diagnosis problem, the performance of ML models should be
measured using metrics that are sensitive to class imbalance and suitable for analyzing a
multi-classification problem [56]. Therefore, the performance metrics used in this work
were: a confusion matrix (CM), the balanced accuracy (BA), the F1-score (F1), Cohen’s
kappa (k) metric, the Jaccard index (IJ), and Matthews’ correlation coefficient (MCC).

MCC, IJ, and « are metrics robust for assessing the expected performance of classifiers
in the presence of class imbalance [57]. CM is a general tool that shows the errors of
classifiers in binary, multiclass, and even multilabel scenarios. F1-score is very important
for fault generator diagnosis or other electrical assets because a false positive can be crucial
for detecting catastrophic failures in these assets [58].

2.5. ML Training and Evaluation Platform

A work environment was used based on Python as a programming language, Jupyter
Notebook as a notebook, and Anaconda as a package and framework for the development
and evaluation of ML models. For pre-processing, standard Python packages such as
numpy [59] and pandas [60] were used. The sklearn [61] package was used for training
most ML models, including single and ensemble algorithms. For the case of XGB, the
XGBoost [62] package was used.

2.6. System Implementation

Once the ML algorithm has been selected and optimized, the next step is its implemen-
tation in a computer system. This is important because the system allows generator experts
and users to interact with the system and validate the diagnosis and recommendations ob-
tained. For this purpose, a web service was developed to contain the selected ML algorithm.
Web, mobile, and desktop applications can use this web service. This module receives
the technical and test data from the generator. It returns the fault diagnosis in text form
(according to Table 1), which is interpreted by the interface and shows the diagnosis on the
screen and the recommendations according to the diagnosis. Validation in an operation
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environment with high uncertainty and noise allows the ML algorithm to be effectively
validated, allowing its re-learning process with actual operation conditions.

3. Results

The results of the ML models for the generator fault diagnostic problem are presented
in this section. A quantitative comparative analysis was performed to determine the
best algorithm, using the performance metrics for class imbalance and multi-classification
described in the previous section.

For a more detailed analysis of the performance of the ML models, a comparison of
correspondence analyses, the model performance by class (fault type), and an evaluation by
the users and experts of the power generator were performed. These evaluations provide a
comprehensive view of the ML models’ performance in a relevant environment close to the
real environment.

3.1. Overall ML Model Performance

Table 4 shows the performance evaluation for ML models using the six performance
metrics proposed for the multi-classification problem and class imbalance. The best-
performing ML model for each performance metric is highlighted in bold. In general, the
best-performing ML model is the gradient boosting model for the six performance metrics.
This model outperformed the rest of the ML models, both simple and ensemble. It can be
seen that GB presents a slightly better performance than XGB despite the fact that XGB is
an improved form of GB. This may occur in multi-classification problems in unbalanced
conventional databases, where GB can have a better performance, according to the boosting
methods experiments carried out by Jafar Tanha et al. [63], particularly for the MCC, IJ, and
k metrics used for assessing the expected performance of classifiers in the presence of class
imbalance, and the F1-macro score metric used for assessing the number of false negatives
and false positives in a multiclass classification problem. These results show the ability
of the gradient boosting model to handle an imbalanced GFDB. Therefore, the gradient
boosting model appears as the model with the best overall performance for fault diagnosis
of a power generator.

Table 4. Overall ML classifiers’ performance for generator fault detection.

Model BA ACC F1-Score K I MCC
SVM 0.58 0.62 0.57 0.52 0.45 0.56
NB 0.78 0.78 0.78 0.72 0.63 0.73
LDA 0.83 0.82 0.83 0.78 0.70 0.78
QDA 0.78 0.78 0.78 0.72 0.63 0.72
DT 0.81 0.80 0.80 0.75 0.66 0.77
KNN 0.62 0.66 0.62 0.53 0.45 0.55
ANN 0.68 0.65 0.65 0.59 0.61 0.60
RF 0.85 0.85 0.85 0.81 0.74 0.81
GB 0.88 0.88 0.88 0.84 0.78 0.84
XGB 0.86 0.85 0.85 0.81 0.74 0.81

Figure 2a represents the receiver operating characteristic curve (ROC) of the macro
averages of the models, and Figure 2b presents the precision-recall curve (PR) of the micro
averages of the models. The ROC curve examines the relationship between the sensitivity
and specificity of the model. The ROC curve of gradient boosting (0.92) is the curve with
the highest performance. The nature of the analysis is crucial for the choice between the
ROC curve and the PR Curve. The ROC curve is better when the analysis of false negatives
is more relevant than that of false positives, while the PR curve is more appropriate when
the analysis of false positives is more relevant. In the case of generator fault diagnosis, the
ROC curve was selected because it is necessary to have a high value of true positive rate
for good detection of relevant faults.
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Figure 2. ROC (a) and PR (b) curves for generator fault detection models.

3.2. Correspondence Analysis

The results in Table 4 show that the gradient boosting model has the best performance
for identifying faults from the GFDB. However, a comparative analysis of the performance
of the other ML models is required. To carry out this comparison, a correspondence
analysis is proposed, which is a visualization technique used in data science to compare
the relationship of categories, in this case, the performance of ML models [64]. First, the
performance metrics to be compared are defined. For this work, the BA and Fl-score
metrics were used to carry out the analysis because they are the metrics that provide the
most outstanding value to the generator fault diagnosis problem. Second, the results of the
performance metrics of each ML model are transformed, taking the result of the decision
tree model as a baseline, as shown below:

M; (Decision Tree)
M;(A)

Ni(A) =1- 1
where Mi(A) is the result of performance metric i for ML model A, Mi is the result of
performance metric i for decision tree model, and Ni(A) is the baseline transformed value
for the result of performance metric i and ML model A. For instance, for BA and gradient
boosting model, the baseline transformed value BA™(GB) is obtained, such as:

BA(Decision Tree)
BA(GB)

BA~(GB) =1— 2)
A transformed value Ni(A) > 0 is interpreted as the performance of model A being better
than the decision tree model. In contrast, a value Ni(A) < 0 is interpreted as the performance
of model A being worse than the decision tree model. Figure 3 shows the correspondence
analysis with the transformed values of the BA and Fl-score metrics with the decision tree
model as a baseline.

In Figure 3, the models with better performance than the decision tree model are
shown in the upper right quadrant, with blue color, and the worst performing models are
shown in the lower left quadrant, with black color. The origin (0, 0) corresponds to the
decision tree model. The models that performed better than the decision tree model are GB,
XGB, RF, and LDA, with improvements for the BA metric of 3%, 3%, and —10%, respectively,
and with improvements for the F1-score metric of 3%, 2%, and 4.5%, respectively. The
remaining ML models performed worse than the decision tree model. For instance, the
KNN and ANN models performed considerably lower than the decision tree model, with
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percentages of transformed values of the BA metric 17% and 14% lower, respectively, and
percentages of transformed values of the F1-score metric 5% and 14% lower, respectively.

Scatter Plot for BA vs Fl-score

L1 @ Algorithms with better performance than DT ®
RF GB
™ XGB
LDA
18 QDA b
w L ] L ]
=] NBE
o
i
i
a —0.1
£
i
=
0
o
g -0z
§ .
e ANN
I~
a
-0.3 San
-0.4 ®
SVM
-0.4 0.3 -0.2 -0.1 0.0

Decision Tree-baseline BA

Figure 3. Correspondence analysis using decision tree as a baseline.

3.3. Models Performance by Class (Fault Type)

Based on the analysis of overall performance metrics, the best-performing ML model
for generator fault diagnosis is the gradient boosting (GB) algorithm. However, for the
generator fault diagnosis problem, it is necessary to know how well it performed for each
class (fault type) and analyze how its performance compares to other models, for example,
to the best-performing individual model, the DT model. The confusion matrix for the
gradient boosting model is presented in Figure 4a,b presents the confusion matrix for the
decision tree model. In general, the confusion matrix shows that most fault types were
identified with good (>80%) to very good (>90%) accuracy for both models. In contrast,
the DT model presents a precision of 55% for type 1 faults and a precision of 67% for
type 3 faults. To analyze the performance of an ML model using multiclass CM, it is useful
to remember that the rows indicate false negatives (FN) and the columns indicate false
positives (FP). Analyzing false negatives (FN), the gradient boosting model shows that 18%
of the time, class 1 faults were misclassified as class 2 faults, and 14% of the time, class 2
faults were misclassified as class 1 faults. For the decision tree model, the false negative
(FN) analysis shows a higher percentage of misclassification for class 1 faults: 27% of the
time as class 2 faults and 18% of the time as class 4 faults; for class 3, it misclassifies them
33% of the time as class 4 faults; and for class 4, it misclassifies them 14% of the time as
class 2 fault.

The misclassification of both algorithms may be because the boundaries defined in
the feature space for each class require further definition. The feature boundaries can be
improved by increasing the sample size of the database, mainly of the imbalanced classes.
It is worth noting that the GB model classified with 100% accuracy class 0, 4, and 5 faults.
Class 0 (normal condition) and classes 4 and 5 are the most relevant classes (fault types) for
the generator diagnosis problem.

Another essential analysis in the generator fault diagnosis is to determine the per-
formance of the algorithms for each class. Table 5 shows the performance of the models
for the five classes, using the following as quality parameters: precision, recall, F1-score,
and specificity. It can be seen that each algorithm’s performance metrics vary by class; for
example, an algorithm has a value of 1 for precision and recall for one class and values
below 0.8 for other classes. The results show that the GB model does not show the best
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performance for all five classes. The relevance of this analysis is in the definition of the most
important classes for the diagnosis problem. In this case, the generator experts consider
that class 3 and 4 failures are the most important because they are the most catastrophic
failures and must be detected promptly. Based on this, the algorithm with the best precision,
recall, and specificity performance for classes 3 and 4 is GB. Likewise, for the Fl-score, the
GB algorithm performs better for classes 3 and 4. The previous analysis is necessary for the
generator fault diagnosis and other electrical assets due to the relevance of each type of
failure; therefore, not only the global performance of the algorithms must be analyzed.

10 10
0 | 0 0 0
0.8 0.8
14 0
. 0.6 T 06
) g
r&d - P
= -0.4 = -0.4
314 0
0.2 0.2
4 0
) — 00 —-0.0
0 0 1 2 3 4
Predicted label Predicted label
(a) (b)
Figure 4. Confusion matrix for (a) gradient boosting and (b) decision tree models.
Table 5. Models’ performance by class for generator fault diagnosis.
Model/ Precision Recall F1-score Specificity
Classes 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4
SVM 090 067 0.00 1.00 0.38 1.00 0.73 0.00 033 086 095 0.70 0.00 050 052 1.00 0.73 0.00 0.33 0.86
NB 1.00 0.75 0.78 050 1.0 067 055 1.00 0.83 1.00 0.80 0.63 0.88 0.62 1.00 0.66 054 1.00 0.84 1.00
LDA 1.00 0.73 0.71 0.83 0.88 0.89 0.73 071 0.83 1.00 094 0.73 071 0.83 093 0.88 0.73 0.71 0.84 1.00
QDA 0.89 064 071 0.67 1.00 0.89 0.64 071 067 1.00 0.89 0.64 0.71 067 1.00 088 0.73 0.71 0.84 1.00
DT 1.00 1.00 0.64 1.00 0.60 1.00 055 1.00 0.67 0.86 1.00 055 1.00 0.67 0.86 1.00 054 1.00 0.66 0.86
KNN 1.00 0.57 042 0.67 060 0.78 036 0.71 1.00 043 0.88 044 053 080 050 0.78 036 071 1.00 0.43
ANN 1.00 0.55 050 0.80 054 1.00 055 0.14 0.67 1.00 1.00 055 022 073 0.70 1.00 054 0.14 0.66 1.00
RF 090 080 0.71 1.00 0.88 1.00 073 0.71 0.83 1.00 095 076 0.71 091 093 1.00 0.72 071 0.84 1.00
GB 1.00 0.82 062 1.00 1.00 1.00 0.82 071 1.00 0.86 1.00 0.82 086 1.00 1.00 1.00 0.82 0.71 1.00 1.00
XGB 1.00 0.80 0.62 1.00 0.86 1.00 0.73 0.71 1.00 0.86 1.00 0.76 0.67 1.00 0.86 1.00 0.72 0.71 1.00 0.86

3.4. Model Evaluation by Generator Experts

Finally, the performance of the selected ML model was evaluated by users and experts
of power generators. The ML model was implemented in a prototype system (web ser-
vice) capable of capturing data, processing data, determining the fault type, and giving
recommendations based on the diagnosis. Users and generator experts used the system to
validate the fault diagnosis and its recommendations. Figure 5a shows the data capture
interface, and Figure 5b shows the resulting interface: determination of the fault and the
suggested recommendation.
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Sistema Inteligente para el Diagnostico de Fallas en Generadores de Potencia (SIDG)

Inicio  Usu

Enfriamiento FD_tand_A DP_VnCrt_Ap
Enfriamiento_AIRE FORZADO — L Diagnostico 4
 VnCrtAn

Enfriamiento_HIDROGENO

Enfriamiento_HIDROGENO hidrégeno a una presién de 1.2 kg/cm2

Enfriamiento_AIRE FORZADO

——— Yoo —e———wP_VnCrt_Bp

Descargas a la ranura (descargas
Tipo de Falla entre la laminacion del niicleo y la
superficie de bastones

FD_Dtand_A DP_VnCrt_Bn Recomendaciones (1) Reemplazo de devanado del estator
FD_Dtand_B DP_VnCrt_Cp (2) Rehabilitar devanado
FD_Dtand_C DP_VnCrt_Cn

{Sumeder

(a) (b)

Figure 5. System interface (a) data capture and (b) diagnosis.

For validation, new data was collected from the process and was not previously
validated by experts, which could imply the presence of high levels of noise and uncertainty.
A set of 50 samples was used, where a prevalence of data corresponding to fault type 0 and
fault type 1is observed. The 50 new samples were uploaded to the system, and the diagnosis
was obtained in each case. On the other hand, the generator experts took each new case and
made their diagnostic evaluation. The diagnoses of both cases were compared. The results
show a balanced accuracy of 92%, indicating accurate predictions in all categories. Also,
it shows a value of 0.89 for Cohen’s Kappa index, which suggests substantial agreement
between the model predictions and the diagnosis made by generator experts. A Jaccard
index of 0.85 indicates a relatively good similarity between the predictions and the experts’
diagnosis. On the other hand, a value of 0.89 for the Matthews correlation coefficient
shows a close classification between the GB model and the expert diagnosis. Regarding
specificity, the model diagnosis shows a specificity of 0.88 in classes 0 and 1, which indicates
that it can correctly identify 88% of the negative instances in these classes. Classes 2,
3, and 4 have a high specificity with a value of 1, indicating that the model can avoid
misclassifying negative cases as positive. The evaluation of the performance of the generator
fault classification model reveals encouraging and promising results. Table 6 presents the
cases where the model incorrectly classifies faults. It is essential to carefully examine these
instances to understand the discrepancies between the model predictions and the generator
expert diagnosis.

Table 6. Classes misclassified by the diagnostic system.

Samples Diagnosis by Expert Diagnosis by System
24 Class 1 Class 2
25 Class 1 Class 2
30 Class 0 Class 1
37 Class 0 Class 1

The discrepancies between the diagnoses of the system and the experts, specifically in
classifying class 1 as class 2 by the model, are attributed to the similarity in most of their
characteristics. The distinction between these classes is more complex, representing an
additional challenge for the model. Discrepancies in class 0 instances, where the model
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classifies class 0 instances as class 1 instances, reveal the complexity of the diagnosis,
especially when critical features share similarities between these classes. It is worth noting
the capacity of the model to correctly classify the samples of classes 2, 3, and 4 in a similar
way to the experts’ diagnosis. The analyses performed provide a comprehensive view of
the performance of the ML models, taking into account different metrics, and highlighting
their ability to address multiple classes and maintain a balance in prediction accuracy.

4. Conclusions

This paper presents a comparative analysis of ML models, simple and ensemble,
applied to the fault detection and diagnosis of power generators under equivalent experi-
mental configurations. The main objective was to compare the performance of ML models
and to select the ML algorithm with the best performance, considering the features of the
generator fault diagnosis problem. For this purpose, a database of power generator faults
associated with partial discharges and the dissipation factor was built. The GFDB was
curated by power generator experts. The classic ML methodology used for training and
selection of ML models consists of the following steps: (i) data pre-processing, (ii) optimiza-
tion of ML model parameters using a GS-CV optimization, (iii) performance evaluation of
the ML model using the performance metrics for class imbalance and multi-classification,
(iv) selection of the ML model with the best performance including correspondence anal-
ysis and model performance by class (fault type) to have a detailed look into the types
of biases of the models, and (v) validation by power generator experts and users using a
computer system.

The results show that the gradient boosting model presented the best performance
according to the overall metrics for class imbalance and multi-classification among single
and ensemble ML models. In general, single ML models performed worse than ensemble
ML models. CM analysis shows that even though the gradient boosting algorithm achieved
the highest overall performance metric values, it misclassified some class 1 faults as class 2
faults and some class 2 faults as class 1 faults with percentages above 10%. The misclassifi-
cation may be because the boundaries defined in the feature space for each class require
further definition. The feature boundaries can be improved by increasing the sample size of
the database, mainly of the imbalanced classes, and the curing of the samples by the power
generator expert through the use of the diagnostic system. The model performance by class
shows the importance of this quality metric for the generator fault diagnosis problem, as in
the case of the high values in Fl-score and BA for classes 3 and 4, the most catastrophic
failures for the generator and which must be detected in a timely manner for prompt cor-
rection. The development of a prototype system with the ML model selected was essential
to achieve validation by users and experts in power generators. This comparative analysis
is limited to ML models that require few data for their learning process. Deep learning and
other models can be implemented in the future when a larger database of faults is available.
However, this analysis has expanded our understanding of the feasibility of applying ML
models to solve the generator fault diagnosis problem and has provided insight into how
much automation is required to implement an online diagnostic system, especially when it
is possible to determine the severity of the fault. In future work, the selected ML model is
planned to be incorporated into a condition-based maintenance system to assess the health
index of the power generator. The use of an online fault diagnosis system is expected to
help engineers reduce the time taken to find and repair incipient faults to avoid catastrophic
failures and loss of power generation.
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