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Abstract

This paper presents a novel approach for detecting and classifying the severity of Inter-Turn Short
Circuit (ITSC) faults in a Permanent Magnet Synchronous Machine (PMSM) using a combination of
Dempster-Shafer (DS), Support Vector Machine (SVM), Projection Recurrent Neural Network (PRNN),
and Bayesian Neural Network (BNN). The dataset comprises three-phase current signals gathered
under healthy and faulty conditions at six severity levels. Feature extraction is performed using Discrete
Wavelet Transform (DWT) and Power Spectral Density (PSD), followed by Kernel Principal Component
Analysis (KPCA) for dimensionality reduction. For ITSC fault detection, an optimized classifier is
developed by integrating DS, SVM, and PRNN to ensure high convergence speed and robust decision-
making under uncertainty. For fault severity classification, a BNN is employed to provide probabilistic
predictions and enhance reliability in distinguishing fault severity levels. The proposed method achieves
98.10% accuracy in fault detection and demonstrates a strong correlation between classification
performance and increasing fault severity. The BNN model outperforms LSTM by achieving 97.33%
accuracy at the highest severity level and ensures high precision, recall, and F1-score across all
severity levels. The results confirm that the proposed approach provides a reliable and interpretable
solution for ITSC fault detection and severity estimation in PMSMs.

Keywords: Inter-turn short circuit, Permanent magnet synchronous machine, Support vector machine,
Dempster-Shafer theory, Bayesian neural network.

. Introduction
PMSMs are widely used in various
applications due to their high efficiency,

optimize  performance, and implement
preventive measures to extend motor lifespan

durability, and reliability. However, faults in their
drive systems, such as problems with inverters,
stator windings, or sensors, can lead to
performance degradation and inefficiency.
These faults can cause problems such as
insulation breakdown, torque irregularities,
overcurrent conditions, and, in severe cases,
complete system failure [1]. The critical role of
PMSMs, particularly in safety-critical
applications such as electric vehicles,
underlines the importance of early fault
detection. Timely fault detection is essential to
ensure safety, maintain system reliability,

[2].

ITSC faults are a significant concern in
PMSMs, being the most common electrical
fault. These faults occur when the insulation
between adjacent turns in the stator winding
deteriorates, causing a short circuit. ITSC faults
can result in mechanical stress damage to the
shaft and winding ends due to transient impulse
currents and may also cause irreversible
demagnetization of the permanent magnet [3].
Adverse effects include increased -current,
localized heating, distortion of the magnetic
field, and torque ripples. Designing the motor
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with high inductance to limit short-circuit current
is crucial [4]. Accurate detection, diagnosis, and
mitigation strategies are essential to maintain
the reliability and longevity of PMSMs.

An effective approach to assessing PMSM's
ITSC faults involves structural analysis using
the dynamic model of the system. A fault model
incorporating PWM voltages was presented in
[5], which showed that PWM harmonics can
exceed 50% of the fundamental component in
fault currents. The impact of back EMFs and
PWM voltages on fault currents across speed
ranges was also analyzed. A method for the
detection of early-stage ITSC faults in PMSMs
used in elevators is presented in [6]. It
employed a nonlinear unknown input observer
combined with least squares estimation to
enhance fault detection sensitivity. A physics-
based method using an open-loop back EMF
estimator was introduced in [7], which
demonstrated high sensitivity to varying speeds
and harmonic loads. It was validated by
experiments and Finite Element Analysis (FEA)
to offer greater accuracy in modeling ITSC
faults. An FEA-based equivalent circuit model
for analyzing short-circuit currents by deriving
inductance matrices and back-EMF s
presented in [8], where faults were simulated by
disconnecting specific turns and current
sources.

Unlike model-based approaches, deep
learning algorithms are increasingly used for
detecting ITSC faults in PMSMs, relying on
measured data for fault diagnosis. A fault
diagnosis method using a conditional
generative adversarial net and an optimized
sparse autoencoder was proposed in [9]. An
improved deep Q-network framework is
introduced in [10] enhancing feature extraction
and achieving high diagnostic accuracy. A
Convolutional Neural Network (CNN) for
diagnosing permanent magnet damage under
various operational conditions is presented in
[11]. ASiamese CNN for diagnosing ITSC faults
is introduced in [12]. This method uses
advanced data processing techniques to
enhance diagnosis accuracy. A multiscale
convolutional  residual  neural network
incorporating  attention = mechanisms s
presented in [13], achieving high accuracy in
early diagnosis of ITSC faults. A mathematical
model for PMSMs under ITSC conditions is
developed in [14], which employed SVM and
CNN for feature selection and diagnosis
accuracy comparison.

BNNs offer a significant advantage over
traditional deep neural networks (DNNs) in fault
detection applications due to their ability to
quantify uncertainty. Unlike DNNs that provide

deterministic outputs, BNNs produce probability
distributions over predictions, allowing for
reliable estimation of uncertainty in fault
detection scenarios [15]. A method combining
experimental setups with deep learning
algorithms for automatic feature extraction from
stator current signals was presented in [16]. A
fault diagnosis method combining multiscale
residual dilated CNN with a bidirectional LSTM
network is proposed in [17]. A deep learning
algorithm  optimized  through  Bayesian
optimization is introduced in [18]. It
outperformed other methods such as LSTM
and CNN variants for PMSM fault detection.
Besides BNNs, Dempster—Shafer (DS) theory
also provides an effective approach for
uncertainty estimation in data-driven methods.
A technique combining interval-valued belief
entropies with Shannon entropy is proposed in
[19] to improve decision-making under
incomplete or uncertain information.

A critical issue in fault detection is efficiently
classifying fault severity. Accurate detection of
the severity of faults in PMSMs is crucial for
preventing catastrophic failures and minimizing
downtime. Early detection allows for optimized
maintenance schedules, reducing unnecessary
inspections and maximizing the motor’s
lifespan. Furthermore, understanding fault
severity provides insights into underlying
degradation causes, enabling proactive
measures [20]. A method for estimating the
number of shorted turns using low AC voltage
excitation is proposed in [21]. An effective
method for monitoring fault severity using a
proportional-integral observer is presented in
[22]. A control strategy named maximum torque
per circulating current is introduced in [23],
which retained output torque while keeping the
circulating current within safe limits. An
approach for estimating the number of shorted
turns using low sinusoidal voltage excitation is
proposed in [24]. This method simplifies failure
characterization and enhances mitigation
strategies.

Despite significant advances in ITSC fault
detection in PMSMs, several challenges
remain. Model-based approaches are
computationally intensive and may not fully
capture the complex dynamics of faults under
varying conditions. Deep learning methods,
although accurate, require extensive training
data and can struggle with limited or noisy
datasets. These approaches often produce
deterministic outputs and cannot quantify the
uncertainty of fault severity.

In this paper, a new combination of SVM,
DS, and PRNN is proposed to detect ITSC
faults in a PMSM. Unlike previous methods, the
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proposed approach ensures a simple structure
and guaranteed convergence. DS theory
provides a mechanism for combining
hypotheses under uncertain and incomplete
information. DS theory has been used in
electric motor fault classification, including
broken rotor bars, bearing faults, and rotor
imbalance [25], bearing fault detection with
ensemble approaches [26], and fusion with
deep neural networks [27].

A challenge in DS theory is handling
conflicting evidence during fusion. An improved
probability adjustment method for combining
multiple single-label classifiers is proposed in
[28], which adjusts scores based on ranks, and
demonstrating superior performance across
datasets. The DS output function, described in
a linear regression form, is reformulated as a
constrained classification problem in the SVM.
The SVM’s immunity to local errors, ability to
classify high-dimensional data, and low noise
sensitivity are exploited.

To solve the constrained optimization
problem, a PRNN is used as a numerical
optimizer [29]. The dynamic equations of
PRNNs are based on the theory of variational
inequalities to solve general optimization
problems [30]. PRNNs offer simple structure,
high  convergence speed, and easy
implementation. They have been developed for
solving linear programming [31], quadratic
programming [32], nonlinear programming [33],
and optimal control [34].

This paper also proposes an approach that
combines feature extraction and feature
selection with BNN for robust and accurate
severity detection of ITSC faults in PMSMs.
Specifically, the proposed method introduces a
pre-processing stage where the DWT, and PSD
are applied to the time-domain data. A feature
extraction process is then employed to capture
critical statistical measures indicative of fault
conditions, while a KPCA feature selection
method is utilized to prioritize the most
significant features affecting fault severity. A
BNN is trained to classify the ITSC fault
severity. The integration of a BNN further
improves the system's reliability by not only
classifying fault severity but also providing
confidence levels in its predictions, and
addressing uncertainty in fault diagnosis. The
key contributions of this paper are

e A pre-processing stage using DWT, and
PSD on the time-domain data.

o Feature extraction which includes statistical
measures.

o KPCA feature selection to prioritize the
most significant features impacting fault
severity.

e A new fault detection approach using a
combination of DS, SVM and PRNN.
e Simple structure and fast convergence of
the optimiser.
e Address uncertainty in the fault severity
prediction using the BNN.
The structure of the paper is as follows: Section
Il introduces the methodology developed for
assessing the severity of ITSC faults in
PMSMs. Section lll includes the data pre-
processing, which highlights the DWT and PSD
results. Sections IV and V describe the feature
extraction and feature selection stages. Fault
detection using the combination of DS, SVM
and PRNN is presented in section VI. Section
VIl includes the BNN architecture along with the
simulation  results for  fault  severity
classification. Finally, Section VIII concludes
the paper.

Il Proposed fault
detection algorithm

Fault severity detection, particularly the
identification of low-level fault severity, remains
a complex and challenging problem in the field
of fault detection. This paper proposes a
probability-based, data-driven approach to the
detection of ITSC fault severity in PMSMs. The
approach is outlined in Fig. 1, which shows the
main components and interrelationships of the
proposed method. The process initiates with
the preprocessing of raw datasets, which
include three-phase stator current signals
captured under various operating conditions. In
this stage, advanced frequency domain
techniques, such as DWT and PSD analysis,
are applied to the stator current signals.

This stage is crucial to get insights into the
characteristics of ITSC fault severity by
capturing transient and oscillatory behaviours.
Feature extraction includes a series of
statistical measures such as mean, standard
deviation, skewness, kurtosis and crest factor.
These measures are applied to both time and
frequency domain data.

To further refine the feature space and
eliminate redundant features, a KPCA algorithm
is employed as a nonlinear feature selection
method. To detect the ITSC faults in the PMSM,
a combination of DS, SVM and PRNN is
introduced. The proposed classifier combines a
straightforward structure with fast convergence,
strong tolerance to local errors. A BNN as the
predictive mode is finally trained to classify the
ITST severities in a PMSM. A dataset of stator
currents with six levels of severities are used.
The proposed algorithm provides a reliable
framework for uncertainty quantification in the
fault severity predictions in a PMSM.

severity
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L. Preprocessing stage

Electric machine components often operate
under extreme and dynamic conditions, where
the monitored signals are typically nonlinear,
nonstationary, and heavily affected by noise,
leading to high uncertainty and unpredictability.
These challenges necessitate effective
preprocessing, where methods like DWT and
PSD analysis help eliminate noise and highlight
critical features, ultimately enhancing the
reliability of fault detection systems [35].

DWT is particularly advantageous due to its
capability to decompose signals into various
frequency components, which facilitates the
identification of anomalies. PSD is valuable for
analysing the power distribution across different
frequencies, which is crucial for detecting subtle
changes associated with ITSC faults. By
integrating these techniques, the performance
of predictive maintenance systems is
significantly enhanced, leading to timely and
accurate fault diagnosis.

In this paper, Welch’s method is used to for
estimating the PSD of the signal. It works by
dividing the signal into overlapping segments,
applying a window function to each segment to
minimize spectral leakage, and then computing
the Discrete Fourier transform for each
windowed segment. The resulting
periodograms are squared and averaged
across all segments to produce the final PSD
estimate.

The dataset used in this paper contains
three-phase stator current measurements
collected from an experimental setup under
healthy and faulty operating conditions of a 3
kW PMSM, as reported in [36]. The data
acquisition setup includes a Hioki CT6700
current sensor on each phase (U, V, and W),
with the signals recorded through an NI-9775
module. All current measurements are sampled
at 100 kHz over a 120-second operating period.
The tests are performed at a constant speed of
3000 rpm and a load torque equal to 15% of the
rated limit.

The PMSM used in this study is part of a
wider experimental dataset that includes three
motors rated at 1.0 kW, 1.5 kW, and 3.0 kW, all
sharing similar characteristics such as three-
phase configuration, four-pole structure, and
identical loading and speed conditions. The
fault type considered in this work is an ITSC,
applied to the PMSM at six discrete severities:
1.78%, 2.13%, 2.65%, 3.5%, 9.81%, and
17.68%. These severity levels represent the
percentage of the affected turns within one
phase. They are selected to provide a balance
between capturing meaningful variations in fault
progression and maintaining manageable
complexity in data analysis.

Fig. 2 presents the three-phase stator
current signals for the healthy condition and the
9.81% severity ITSC fault, highlighting the
variations introduced by the fault.
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Fig 3. a) PSD of three-phase currents for different
fault severities using the Welch method. The inset
highlights spectral differences in the 520-600 Hz
range, where fault-induced frequency shifts become
more evident. b) DWT detail coefficients over a
selected sample range, showing the increasing
fluctuations with fault severity.

The inset zooms into the 520-600 Hz range,
highlighting the spectral differences across
severities. Notably, the most severe fault
(17.86%) exhibits a broader frequency spread
and higher power levels, which indicates
increased distortion in the current signal. Figure
3 (b) depicts the wavelet detail coefficients for
different  severities, indicating localized
variations in the current signal. The healthy
condition exhibits a relatively uniform
distribution, whereas faulty cases show sharp
fluctuations, especially at specific sample
points. The most severe faults (9.81% and
17.86%) present the most pronounced
deviations, which confirms the presence of
high-frequency distortions.

IV. Feature extraction

Effective feature extraction is essential for
detecting and diagnosing ITSC faults in
PMSMs. These faults are among the most
prevalent and damaging in PMSMs, potentially
causing severe operational disruptions if not
detected early. There are a variety of statistical
measures to create a feature set. In this paper,
mean as the average value of a signal over
time, standard deviation as the signal's
dispersion in terms of variance around the
mean, kurtosis as a measure of distribution
peakedness, skewness as a measure of
distribution asymmetry, crest factor as the peak-
to-average ratio of a signal, and clearance
factor as a measure of the alignment of motor
components are chosen [37].

To create the feature space, first both
healthy and faulty current signals are

segmented to small packages with size of 5000
samples. Then, DWT and PSD of each
segment are derived. Finally, the statistical
features are obtained by applying equations in
(6) on the segmented data. Finally, 24 features
are calculated with 1400 samples
corresponding to each feature.

Figure 4 presents a t-distributed Stochastic
Neighbour Embedding (t-SNE) projection,
which reduces the feature space into two
dimensions while preserving the  high-
dimensional structure. Each point represents a
segment, and results correspond to different
severity levels, from healthy (dark blue) to the
most severe fault (dark red). Clustering
behaviour can be observed, which indicates
that healthy data is well-separated from the
faulty cases, and different severities also form
distinct groups.
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(b)
Fig 4. t-SNE projection of extracted features, which
shows the separability of healthy and faulty data in a
two-dimensional space.

V. Feature selection using KPCA
Kernel Principal Component Analysis (KPCA) is
an advanced feature selection technique that is
particularly useful when dealing with data that
has non-linear relationships. This higher
dimensional transformation allows KPCA to
reveal complex patterns in the data, making it
more effective for both feature extraction and
dimensionality reduction [38]. By focusing on
the features associated with the largest
eigenvalues in this transformed space, KPCA
improves the identification of the most relevant
features. Fig. 5 shows the ranked features
using KPCA algorithm. The three most
important features are clearance factor of DWT
approximation and detail coefficients, and
stator currents. The heatmap in the most
important features are used to train the fault
detection algorithm.
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VL. DS fusion rule as a regression
form
The Dempster-Shafer method offers the
flexibility of classifying data without mapping a
function for each element in a set, which is
useful to model uncertainties. In a fault
detection system, a detection framework is a
set of n classes in the pattern space. Despite its
many advantages, DS theory lacks adaptability
and can be challenging for data classification in
high-dimensional spaces. In addition, the
paradox problem between propositions is a
fundamental challenge in this area. In this
paper, we adopt a new strategy in which the DS
fusion rule is suitably described based on SVM
in order to exploit the advantages of this method
in data classification tasks. SVM offers
relatively simple training, does not suffer from
local minima, excels in high-dimensional data
classification, and is less sensitive to noise. The
basic assignment function for the first stage is
described as follows:
m] = (plwl (1)
where

m' =|:m1:} o =5 =exp{ "X B "} { j|
m, a,

where X' and o, represent the center and width

of the mass function (1). We define the
activation vector as

[u A]=[m m]-e'w
(2)
The first and second components of the DS
fusion rule can be expressed as follows:
{uf = i + g +
1 = o+ pom; + i,
The components of the basic assignment
function for the second stage are given below:

@)

The activation vector for the second stage is
=W b’ (5)
where

2 1 1
7 _ W+ u 0
p2:|: 12:|, (p2:|: 1 3 1 li|q)2’
Hy 0 My + iy

v < 4| (-1

Hy1y
For the nth step, we can write:
W=9'W b 6)
where

n n—1 n—1
PV R VY 0 "
n =|: 1n:|’ ¢ =|: 1 ’ n—1 n1:|(p >
H, 0 o T

n=1_n n
b" = |:IUI n:|, m; =H(1—Si)
Hy i=1
Remark: At step i, w'' is used as a known
information. It means that the dimensions of ¢

and the w' will always remain constant.

The final dimension of the activation vector
in each stage is equal to 3, while the dimension
of the target vector, i.e., the class labels
considering binary classification, is equal to 2.
Therefore, the output vectors for each class are
defined as follows:

P = p +vi
B, = +vily
where 0 < v < 1. Choosing values of 0, 1 and
0.5 for v represents credibility, reasonableness
and probability of error in the diagnostic
statements of the faults, respectively. Using (6),
the regressmn form of (7) is:
o'W +b', i=1,2,...n (8)

_ | P _ i -
P! =|: vi,l:|_bl =|:pi:|, b’ = |:lu3:| v, i=1,2,.--,n
Rv,z P Hs

Between the two parameterized
components in (8), the one with the higher
probability assigns the data to the first class.
For the binary classification space in the SVM,
the separating boundary is

o . i: i-1 + i-1 Si
=¢M+m{% (w7 467)
b = v

i=12,..n @)

(9)
1. DS fusion output to a SVM problem

Consider I'= {(x], 2).(%.2,), . (x,.2,)} @s

n>“n

a dataset. The aim is to find the hyperplane
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(w]",b{') by maximizing the following
optimization problem:

max iai —%[Zn:ziai(p{ (x' )j[zn:zjaj(o{ (xj )j
i=1 i=1 J=1

n
s.t. 22'0{' =0, a'>20,i=12,.,n
i=l1

(10)

where ga{(xi) represents the non-linear

mapping function. «' is the Lagrange multiplier.
For the separable training dataset I, and
assuming that o is the optimal solution of (10),
we can define the following dual optimization
problem [39].

The optimal weight vector w! is given by
W =) Za"g (xi ) where  the  maximum
i=1

boundary hyperplane is l/|wl"*|. The optimal

value of the offset 4~ can be determined as
follows:

bl,.* :_{513)1(((p; (x')wf*);‘r?l?<(p1, (xi)wli*) (11)

Consequently, the function

sign((p{ (x")wi" +b{'*) is the binary classifier.

VII. PRNN to solve SVM problem
The main reasons to extend the PRNN to
obtain the optimal solution of the nonlinear
optimization problem (10) is because the PRNN
has a high convergence rate, simple structure,
ease of practical implementation, a guarantee
of solution convergence, and the ability to be
extended to different optimization problems.
Consider the dual of the nonlinear optimization
problem in (10) below:

min f(a):%(iz"a"(o{(x")j —Zai
st. g(a)=-a<0 , h(a)=Z"a=0
(11)

Based on optimality conditions for a Lagrange
function with multiplayers (11, p) [33]:

B ap+1+n+Zp =0,
-1<0,120,Z"a=0,0"0=0

(12)
where
Z:|:z1 z2 .. Z”JT, (l=|:05l a? 0!":|T,
p=[z'gl 2t -~ o]

The projection operator Pr,(.) is defined as

follows:
Pr, (a) =max {0, a} (13)

The PRNN dynamics to satisfy conditions in

(13) and obtain the optimal solution a’is given
below:

a B ap+1+n+Zp
o n|=¢| —N+Pr,(n-a) (14)
P YA

where £ >0 is the learning rate of PRNN. The
dataset to evaluate the proposed fault detection
algorithm is divided into a training set (70%) and
a testing set (30%).

Two most salient features are used as the
inputs of the predictor model. Several key
metrics including accuracy, precision, recall,
specificity and F1 score are used to
characterise the performance of the fault
detection algorithm. Based on feature selection
method, we assessed the proposed method
with different number of features. The best
results are obtained using mean and crest
factor of DWT approximation coefficients. The
classification boundaries learned by the
proposed method is shown in Fig. 6.

It provides clear decision regions for the two
classes with faulty conditions represented in
blue and healthy conditions in red. The training
phase decision boundary in Figure 6 (a) shows
a well-separated distribution of the faulty and
healthy samples, indicating that the model
effectively learned the classification pattern.
Similarly, in the testing phase decision
boundary in Figure 6 (b), the model
successfully generalizes its learned decision
boundary to unseen data, showing minimal
misclassification.
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Fig 6. a) ITSC Fault classification using the
proposed method in training phase using mean and
crest factor of DWT approximation coefficients. b)
ITSC Fault classification using the proposed method
in testing phase using mean and crest factor of DWT
approximation coefficients.
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According to the confusion matrices in
Figure 7, in the training phase, the model
correctly classified 835 faulty samples and 125
healthy samples, with only 6 healthy
misclassified as faulty and 14 faulty
misclassified as healthy. This suggests that the
model has a strong learning capability with
minimal misclassification errors. For the testing
phase, the SVM model correctly identified 357
faulty samples and 55 healthy samples, with
only 2 false positives and 6 false negatives.

Training Phase ) Testing Phase

Faulty 6 Faulty 387 2

True Class
True Class

Healthy 14 125 Healthy 6 55

Faulty Healthy Faulty Healthy
Predicted Class Predicted Class

Fig 7. Confusion matrices for training and testing
phases.

A summary of key metrics to evaluate the
performance of the proposed fault detection
algorithm is given in Table 1. The high accuracy
values, with 97.96% in training and 98.10% in
testing, indicate that the model correctly
classifies most samples in both phases.
Precision is 99.29% for training and 99.44% for

10

testing, showing that when the model predicts a
sample as faulty, it is highly likely to be correct.

Table 1: Summary of metrics used to evaluate the
model in the training and testing phases.

. Trainin Testin
Metric Phaseg Phascfl
Accuracy 97.96% 98.1%
Precision 99.29% 99.44%
Recall 98.35% 98.35%
F1 Score 98.82% 98.89%
VIIL. Fault severity classification
using BNN

By integrating Bayesian inference into
neural network architectures, BNNs offer
probabilistic predictions that quantify
uncertainty. The capacity of BNNs to handle
uncertainty and offer probabilistic outputs
represents a significant advancement over
traditional neural networks in the domain of fault
classification and diagnostic reliability. Unlike
traditional networks, the weights and biases in
a BNN are treated as random variables, each
associated with a probability distribution.

According to Figure 8, the BNN architecture
comprises an input layer, two fully connected
Bayesian layers, a dropout Ilayer for
regularization, a SoftMax layer for probability
estimation, and an output layer for the final
classification decision. Architecture of the BNN
used in the paper, consisting of an input layer,
two fully connected layers, two activation
layers, a dropout layer and an output layer.

For class fault condition, the BNN
demonstrated a precision of 85.19%, a recall of
87.34%, and an F1 score of 86.25%. The higher
recall value indicates that the model is
particularly adept at identifying actual faults. On
the testing dataset, the BNN maintained an
accuracy of 86.00%, which is slightly higher
than the training accuracy. This means that the
model generalizes well to new, unseen data
and is not overfitting to the training set. One of
the main benefits of using BNN is fault
classification is its ability to describe the
predicted outputs in terms of probability
distributions. Figure 12 shows the 2D and 3D
views of distribution of the predicted outputs for
test phase.



Accepted manuscript (author version)

Fully Connected Layer

AN

Input Layer

: Feature 1

: Feawre 2 -~
: .
L

 Feature m [l

181 dropout;

Activation Layer Fully Connected Layer

o)

Fig 8. Architecture of the BNN used in the paper, consisting of an input layer, two fully connected layers, two

activation layers, a dropout layer and an output layer.

To distinguish the fault severity, six BNNs
are developed where each BNN detects one of
the fault severities against the heathy data. We
first demonstrate the performance of BNN for
the first fault severity which is 1.78% fault level.
According to confusion matrix results, 59 true
positives and 10 false negatives for non-fault
conditions, along with 69 true positives and 12
false positives for fault conditions have been
obtained. The distribution of these values
shows that the BNN is well-calibrated to detect
faults accurately while maintaining a
reasonable balance between false positives
and false negatives. During training, the BNN
achieved an accuracy of 85.33%. The metrics
for healthy condition show a precision of
85.51%, a recall of 83.10%, and an F1 score of
84.29%.

To further asses the BNN in terms of the
prediction uncertainty, we discuss the
distribution of predicted labels for healthy and
faulty classes of the first test sample. According
to Figure 9, the two distributions including
healthy and faulty are well-separated. It
indicates that the BNN has effectively learned
to distinguish between these classes. The
healthy class distribution is centered around a
lower predicted output value x, while the faulty

class is centered around a higher value ;. The

narrow spread of the distributions around their
respective means, marked by low standard
deviations, reflects high confidence in the
model's predictions and low uncertainty. Figure
10 shows the presence of minimal overlap
between the two distributions further
underscores the model's robustness in
differentiating between healthy and faulty
conditions.
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(a)
Test Phase: 1.7% fault severity
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o
o
®

02 04 08 a8 1 12 14
Predicted Output

(b)
Fig. 9. Distribution of predicted outputs during the
test phase for detecting ITSC with a fault severity of
1.78%.

If the predicted output for this sample aligns
closely with the faulty class mean x, and falls

within the range of one standard deviation
U, o, it would indicate a high-confidence
correct classification. The clear separation and
narrow distribution width prove that the BNN is
highly reliable in fault detection. The fault
severity classification results using the BNN
(Table 1) show a clear trend of increasing
accuracy as fault severity rises. At lower
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severity levels, the model achieves 85.33%
accuracy in both training and testing, with all
other metrics remaining constant. As severity
increases, the model's performance improves
significantly.

At 2.13% severity, accuracy rises to 88.67%
(train) and 88.00% (test), with Class 0 (healthy)
reaching 93.55% precision and 81.69% recall,
while Class 1 (faulty) achieves 94.94% recall.
This trend continues at 2.65% severity, where
accuracy improves to 89.33% (train) and
90.00% (test), demonstrating better
generalization.

0.09

0.08 Ak R
Healthy class ] .
output (1) kIl N

£ . Faulty class
r e output () |
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0.01 h_'
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Fig. 10. Distribution of predicted outputs in the test
phase for classifying the first sample.

Precision and recall values indicate that the
model effectively distinguishes between healthy
and faulty conditions as severity increases. At
3.5% severity, accuracy further improves to
91.33% (train) and 92.00% (test), with Class 0
achieving 93.94% precision and 87.32% recall,
while Class 1 reaches 94.94% recall. The most
significant improvement is observed at 9.81%
severity, where accuracy reaches 94.00%, with
consistently high precision and recall across
both classes. Finally, at 17.68% severity, the
model attains 97.33% accuracy in both training
and testing, with all classification metrics also
reaching 97.33%, indicating near-perfect
performance. These results demonstrate that
the BNN model is highly effective at detecting
severe faults.

Table 2: The performance of BNN models in classifying fault severities based on several metrics.

Fault Accuracy  Accuracy Precision Recall
severity  (train) (test) (Class 0)  (Class 0)

F1 Score Precision Recall F1 Score
(Class0) (Class1) (Class1) (Class 1)

1.78 %  85.33% 85.33% 85.33% 85.33%

85.33% 85.33% 85.33% 85.33%

2.13% 88.67% 88.00% 93.55% 81.69%

87.22% 85.23% 94.94% 89.82%

2.65% 89.33% 90.00% 92.31% 84.51%

88.24% 87.06% 93.67% 90.24%

3.5% 91.33% 92.00% 93.94% 87.32%

90.51% 89.29% 94.94% 92.02%

9.81%  94.00% 94.00% 96.97% 90.14%

93.43% 91.67% 97.47% 94.48%

17.68%  97.33% 97.33% 97.33% 97.33%

97.33% 97.33% 97.33% 97.33%

In the following, the multiscale convolutional
neural network with adaptive feature weighting
presented in [46] was implemented directly on
the motor current signals, and its performance
was evaluated. This assessment aimed to
establish a fair comparison between a deep
learning framework and the feature-based
classification strategy proposed in this
dissertation, regarding the balance between
fault sensitivity and healthy-state specificity. As
illustrated in Figure 11, the method in [46]
achieves reasonably high levels of accuracy,
precision, recall, and F1-score in the binary
healthy—faulty classification task. However, the
confusion matrix in Figure 12 reveals a
substantial imbalance in decision outcomes:
while 98.9% of faulty samples are correctly
detected, only 26.7% of healthy samples are
classified correctly, with 73.3% of healthy
instances incorrectly flagged as faulty. This
indicates a conservative decision bias toward
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fault declaration, whereby natural variations in
healthy current signals are occasionally
misinterpreted as fault-related patterns.
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Fig. 11. Performance evaluation of the multiscale
convolutional neural network with adaptive feature
weighting in binary healthy—faulty classification

based on various statistical metrics [46].



Accepted manuscript (author version)

32

Healthy - (26.7%)
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Healthy Faulty
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Fig. 12. Confusion matrix for binary healthy—faulty
classification based on motor current signals,
illustrating the algorithm’s performance in detecting
faulty conditions and the corresponding false-alarm
rate for healthy samples [46].

The predicted probability distributions
presented in Figure 13 further support this
finding. Faulty samples cluster predominantly in
high-probability regions, demonstrating strong
confidence in fault detection, whereas healthy
samples show significant overlap with the
decision boundary and, in several cases, fall
within the faulty prediction domain. In contrast,
the proposed approach achieves a more stable
balance between detecting faulty conditions
and correctly identifying healthy states.
Moreover, the reduced overlap between
classes in the feature space demonstrates
improved separability relative to the method in
[46].

[ Healthy Samples
[0Faulty Samples

g
A S S S S N O
I

01 02 03 04 0.5 0.6 o7 08 0.9 1 1.1
Predicted Probability (Faulty Class)

Fig. 13. Predicted probability distribution of the faulty
class for healthy and faulty samples, along with the
decision boundary of the algorithm in binary
classification based on motor current signals [46].

For the 1.78% fault severity level representing
incipient and 1.78% faults the multiscale CNN
with  adaptive feature  weighting [46]
demonstrates acceptable overall accuracy but
limited effectiveness in reliably distinguishing
early-stage faults. As shown in Figure 14,
although the accuracy remains relatively high,
the recall and F1-score drop noticeably,
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indicating that a non-negligible portion of faulty
samples is misclassified as healthy.
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Fig. 14. Performance evaluation of the multiscale
convolutional neural network with adaptive feature
weighting [178] in classifying healthy data and 1.78%
fault severity based on accuracy, precision, recall,

specificity, and F1-score.

This limitation becomes clearer in the confusion
matrix of Figure 15, where the model correctly
identifies approximately 94% of healthy
samples but detects only 76% of faulty samples
at 1.78% severity. The resulting 24% false-
negative rate is critical, as it reflects the model’s
difficulty in capturing weak fault signatures.
The predicted probability distribution in Figure
16 further confirms substantial overlap between
healthy and faulty samples near the decision
boundary, highlighting the model’s sensitivity to
threshold selection and its instability in
borderline cases. Figure 15 illustrates the two-
dimensional t-SNE projection of the features
learned by the multiscale CNN [178]. Although
healthy and 1.78% faulty samples form several
clusters, noticeable overlap appears in the
boundary regions. This indicates that the
network does not achieve fully stable feature
separation for low-severity faults.

Healthy

True Class

147

Faulty 1.78% - (24.0%)

Healthy Faulty 1.78%
Predicted Class

Fig. 15. Confusion matrix of the multiscale
convolutional neural network [178] for classifying
healthy data and short-circuit fault data with 1.78%
severity.
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Fig. 16. Predicted probability distribution of the faulty
class for healthy data and 1.78% fault severity using
the multiscale convolutional neural network.
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Fig. 17. Two-dimensional visualization of the learned
features using t-SNE for separating healthy data and
1.78% fault severity, obtained from the multiscale
convolutional neural network [46].

The proposed method's performance is also
compared with the Long Short-Term Memory
(LSTM) network from [17] for fault severity
classification. Figure 11 illustrates the accuracy
of both methods against various severity levels,
showing that the proposed model consistently
outperforms LSTM. At 1.78% severity, the
proposed method achieves 86.00% accuracy,
surpassing LSTM’s 74.00% by 16.2%. This
trend continues at 2.13% severity, where the
proposed model reaches 88.00% accuracy,
10.2% higher than LSTM'’s 78.00%. As severity
increases, the performance gap becomes more
pronounced. At 9.81% severity, the proposed
method achieves 94.00% accuracy, marking a
6.8% improvement over LSTM’'s 88.00%.
Finally, at 17.68% severity, the proposed model
attains 96.00% accuracy, exceeding LSTM’s
92.00% by 4%, demonstrating its superior
classification capability across all severity
levels.

The confusion matrices of LSTM in Figure
12 illustrate the performance of the
classification model against various fault
severity levels. At lower severities (1.78% and
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2.13%), there is a higher misclassification rate,
particularly for Class 2 (faulty), where some
faulty instances are predicted as healthy. As
severity increases (2.65% to 17.68%), the
classification performance improves, with fewer
misclassifications  and more  accurate
predictions for both classes. At 9.81% and
17.68% severity, the model achieves near-
perfect classification for Class 2, with all faulty
instances correctly identified. This trend
indicates that the model struggles more with
subtle faults but significantly improves as fault
severity increases.

The current study uses data from only one
PMSM and one type of fault, and the operating
conditions are fixed. Some parts of the method,
such as choosing the parameters of the mass
functions and selecting signal features, still
depend on manual decisions. In addition, the
PRNN model has only been tested in a
laboratory environment, and the proposed
framework has not yet been evaluated with
other useful signals like vibration or
temperature. To guide future work, we suggest
testing the model with real industrial data, using
more advanced hybrid learning models,
improving performance when only limited
training data are available, exploring different
types of signal features, reducing
computational cost, using probabilistic tools to
manage uncertainty, and studying how the
model behaves when multiple faults occur
together.

IX. Conclusion
This paper proposed a hybrid fault detection
and severity classification method for ITSC
faults in PMSMs. The approach integrates
Dempster-Shafer theory, SVM, projection
recurrent neural network and BNN to improve
both fault detection accuracy and severity
classification reliability. The fault detection
stage applied DS-SVM-PRNN and achieved
98.10% accuracy in testing, which confirms its
ability to differentiate between healthy and
faulty conditions. The fault severity
classification which was performed using BNN,
demonstrated increasing accuracy as fault
severity levels increases. At 1.78% fault
severity, the BNN achieved 85.33% accuracy,
while at 17.68% severity, it reached 97.33%
accuracy, significantly outperforming the LSTM
network. The BNN model's ability to quantify
uncertainty further enhances decision reliability
in real-world applications. A key finding is that
higher fault severity levels are easier to classify,
whereas lower-severity faults exhibit greater
misclassification due to subtle variations in
stator currents. The proposed approach
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provided a fast, robust, and interpretable
solution for PMSM fault diagnostics.

Test Accuracy Precision (Healthy Class) : Recall (Healthy Class)

——LsTM
—&— Proposed Method

Precision (%)
Recall (%)

¢ s* 8 5 o " o N ¢ ¢ ; s “ @ 5
X K ' oF oF &) A o 3 o8 o8 A 2% " o o
Fault Severity Fault Seventy Fault Severity
100 F1 Score (Healthy Class) . Precisjon (Faulty Class) . 100 F1 Score (Faulty Class)
s
)
85
e T i
3 3 ]
[ 2 @ 75
[ a i
70
o
80,
- ssl
“‘ E E o I = o g e e
A K \ N & & S & e S
Fault Severity Fault Severity Fault Severity

Fig 11. Comparison of the proposed method and LSTM [17] based on various evaluation metrics in the testing
phase.
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Appendix

A. DWT and PSD mathematics

The wavelets are sampled at discrete
intervals, which allows DWT to decompose the
signal into multiple levels of detail. The
technique involves filtering the signal through a
series of high-pass and low-pass filters, which
split the signal into different frequency ranges.
Given an input signal x of length N, two sets of
coefficients are computed as approximation
coefficients ca and detail coefficients cp. This
decomposition is achieved through two parallel
processes. First, the signal s is convolved with
a lowpass filter Lo. The resulting filtered signal
is then down sampled by a factor of 2 to obtain
ca. Second, the signal s is convolved with a high
pass filter Ho. The resulting filtered signal is
then down sampled by a factor of 2 to obtain cp.

The DWT uses a mother wavelet function v (¢)
, Which is scaled and translated to create a

family of wavelets [40]:
1 t—a
t)=—7=y| — 15
val=pv( 54 us)
where a is the scaling parameter and b is the
translation parameter. Alongside the wavelet
function, a scaling function ¢(¢) is used to
approximate the signal at different resolutions.
Mathematically, the approximation coefficients
¢, , and detail coefficients c¢,, are computed
as:

c,=[f(t)p(r)dt,
cp = [f(O)y(r)dt
. The signal x(n) with length N is first divided

into & segments, each of length L with an
overlap D samples between consecutive
samples. Each segment xk(n) is multiplied by

(16)

a window function w(n) of length L. The DFT
of each windowed segment is calculated as [41]

5, (m)= 3 % (n)e

n=0
The periodogram of the kth segment is

'gzmn
/ L

(17)

2

P, (m)=%|xk (m)| (18)

Finally, the estimated PSD is calculated by
averaging the periodograms of all segments:
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P(m)=— 3 (m) (19)

k=0

B. KPCA mathematics

Let x,i=1,2,..,nbe the input data points.
These points are then projected to a new space
using a function y(x,). It's assumed that the

projected features have zero mean [42]:
1 n
= y(x,)=0 (20)
n iz

The covariance matrix CeR™" of the
projected features is defined as:

1 n
C= ;;\y(xi)\yr (x,.)
(21)
Considering v, and 4, as the eigenvector and
eigenvalues of the matrix C, we have:

L W (v = Ay @)

The eigenvectors can be expressed as:
Vo= a.w(x) (23)
i=1

where a,(i = 1, 2, ..., N) are unknown
parameters. Consider the following kernel
function:

c(xx)=w(x)w (x,)  (24)
This allows us to reformulate the problem in
terms of the kernel matrix K, leading to:

K’a, = 4 nKa, (25)

where K, =K<xi,xj>, a, =[a, a, .. a,].
For a feature set F ={f,, f,,...f,},and w as

a spare random vector, a Gaussian kernel
function is used to measure similarity between

data points:
B=5E)) g,
O

K(x,.,xj) =exp| —

To select the most appropriate features, we

rewrite (26) as:

(wa,. —WTXJ. )2

K(x,.,xj):exp - .
(27)

For each feature in each iteration, a spare

random vector w,is generated and is

converted to w, :

w0 if w,[f]=0 (28)
b 1 else
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Using the kernel function, w,and w, are

used to determine X, and X/ as estimation of
X, respectively. Finally, for each feature f, an
importance measure h, is calculated as
follows:

"y 5k —'5k/
M (29)

i=1 n,

C. Dempster-Shefer fusion rule
Consider the detection framework as

follows:
2
H
@z{w,w,...,wﬂ}{ }
v 75
a0 | s
0w+ |m ] | mm
(30)

where w represents a class in the pattern
space. Suppose that 2° can be expressed as a

set consisting of 2" propositions in the
detection framework:

2°={®,H,,H,,... H,,...{HUH,U...H,1}} {31)

where @ denotes the empty set and every
proposition in a subset of ©. The Basic

Probability Assignment (BPA) in the set 2%is
called the Basic Belief Assignment (BBA) and is

described by the function m: 2° — [0,1]. It must
satisfy the following conditions [43, 44]:

m(®) =0

D m(4) =1

AcO
(32)
where A is a proposition in the set 2 containing
one or more hypotheses. Furthermore, m(A)
represents the prior probability for proposition
A. The belief function and the plausibility
function, abbreviated as Bel and P/, are defined

in the set 2° as follows:
Bel(A)= Y m(4)
AcO®
33
Pli(A)= Y m(B) (33)
BNA4=0
where A and B are propositions in the set 2°.
Bel(A) provides the minimum measure of
uncertainty for proposition A, while Pl provides
the maximum measure of uncertainty for
proposition A. Considering A as the
complement set of proposition A, the
relationship between Bel(A) and PI(A) is
defined as follows:
{Bel(A) < PI(A)

_ (34)
PI(A) =1- Bel(A)
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The interval [Bel(A), PI(A)] defines the
degree of uncertainty or imprecision in DS
theory. Suppose {m,,m,,..,m,} represents n
independent BBA functions from n different
sensors in the same detection framework. The
DS fusion rule is described as follows:

m=m ®m,D..Om,
(35)
The combination in (22) can be defined for any
two arbitrary BBA functions:

m (A== 3 m(4)m,(4) (36)
—Lang,

where K is the general discount factor and
represents the total conflict between the

evidence m,and m,. Suppose Q={c.c,}
denotes healthy and faulty classes. The goal is

to assign patterns x € R” to one of two classes.
A vector x, that is sufficiently close to pattern x

in class ¢; is a BBA as ml.(cj),jzl,z. The

greater the distance between x and Xx,, the

lower the belief that x belongs to class c;.
Therefore, the BPA can be expressed as a
Gaussian function based on the distance d,

between x and X, as follows

mi(wj)za"exp{—(x—/f)J (37)
20

i

where y, is the center and o, is the width of the

Gaussian functions. d'is the correction factor
with a value between zero and one. Therefore,
the equations governing the DS can be

expressed as
1 1

p=m ., g =u"®m" (38)

D. BNN mathematics

The first fully connected layer consists of &
neurons, each with Bayesian weights. These
weights and biases are modelled as Gaussian

distributions. i.e. W(l)LIN(uS),GS)), and

b 0N (4,0).
The allows the network to capture the
uncertainty inherent in the data [15]. The output

of the first layer, denoted by 2", is computed
as:

2" =W x +p" (39)
Following this, Rectified Linear Unit (ReLU)
as a nonlinear activation function ¢() is applied

to z" to produce the activated outputs a'.
Since z" is a random variable due to the
Bayesian nature of the weights, a" also

19

represents a distribution over activations rather
than a fixed value. To prevent overfitting and
enhance the generalization capabilities of the
network, a dropout layer is applied after the first
fully connected layer. During training, the layer
deactivates a randomly selected 50% of the
input units by assigning them zero. This
regularization technique helps in mitigating the
over-reliance on particular neurons.
Mathematically, the dropout operation is
represented as:

a) . =q0 a" (40)

where q is a binary mask vector sampled from
a Bernoulli distribution with probability p=0.5,

and [0 denotes element-wise multiplication.
The second fully connected layer, which also
employs Bayesian weights, consists of two
neurons corresponding to the two output
classes.

The weights W and biases b® are drawn
from Gaussian distributions, ie.,

WU N (i 6), b U N(4? 07 ). The

output of this layer, z"is given below:
LD —W a0 L p®

““dropout

(41)

To convert these logits into a probability

distribution, the SoftMax function is applied.

This function normalizes the logits so that they

sum to one, allowing them to be interpreted as

probabilities. The SoftMax output for each class
c is given by:

~(2)

p(y=cpl)=——g.ce{l.2}

el te”
(42)
where ziz) represents the logit for class c. The

final classification decision is made by selecting

the class with the highest probability,

determined by the argmax operation:
jz:argmaxp(y:c|x, W) (43)

Training the BNN involves optimizing the
model to minimize the negative evidence lower
bound (ELBO) as a common objective function
in variational inference. The ELBO consists the
expected negative log-likelihood of the data
under the approximate posterior and the
Kullback-Leibler (KL) divergence between the

approximate posterior distribution ¢(#) and
the prior distribution p (%) [45]:
L(W) = Eyy [ log p(s]x:1)]

+KL(q(W)llp(W))
(44)
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The first term represents the cross-entropy
loss where E denotes the expectation. The
second term ensures that the learned weight
distributions do not deviate significantly from

the prior. The notation KL(p || ¢) represents the

KL divergence of the probability distribution q
from the probability distribution q. For
optimization, we employ Stochastic Gradient
Descent with Momentum, a variant of gradient
descent that accelerates convergence by
considering the previous gradients. The training
is conducted over a maximum of 500 epochs
with a mini-batch size of 32, which allows for
efficient updates and effective use of
computational resources.
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