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Abstract: This article presents a new approach to intelligent and efficient fault diagnosis for bearings, which are important mechanical
components that are widely used in modern industry. They are are among the most common causes of induction motor failure. Traditional
approaches that exploit vibration signals, have several shortcomings, such as the number of intrusive vibration sensors, complex calculations,
and limited learning capability. Motor current signature analysis uses a non-intrusive sensor to easily collect stator current signals from a
power source. To rapidly process rotating machine failures and automatically provide an accurate diagnosis in the face of increasing condition
data, conventional deep neural network models present limitations and inaccurate fault diagnosis results. To overcome this problem, a new
intelligent deep learning architecture was proposed. To enhance the predictive capability of our deep neural network model (DNN), we set
out to associate specific coefficients to each level and variation, and the results obtained were compared with other models such as support
vector machines, k-nearest neighbors, decision tree, long short-term memory (LSTM), and convolutional neural network (CNN). Experimental
tests for the early detection of bearing faults under different loads verify the effectiveness of the proposed approach, providing a fast and
reliable diagnosis capable of achieving a high diagnostic accuracy that is superior to existing methods.
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1. INTRODUCTION

The induction motor (IM) is present in all industrial environ-
ments, and is the most commonly used type of motor, due to its
robustness and reliability, but it is becoming increasingly complex
and technical, which sometimes makes it difficult to perform opti-
mally [1]. It is important to understand that the causes of motor and
driving problems are not limited to a single field of expertise. Both
mechanical and electrical problems can lead to motor failure.
Therefore it is important to arm oneself with good maintenance
strategies and tools to avoid costly periods of indisponibility and im-
prove the availability of resources [2]. Bearing health is important
for all machines and equipment. Several studies have shown that
bearing faults account for 41% of the IM faults. When a bearing
failure occurs, it has a cascading effect that significantly increases
the risk of motor failure. 13% of motor failures are due to bearing
failure, and over 60% of mechanical failures on a site are attributa-
ble to bearing wear [3]. Consequently, it is important to learn how
to identify the signs before failure.

Accurate real-time fault diagnosis is an important means of en-
suring that systems run smoothly [4]. Several failure detection tech-
niques are used in the industrial world [5], the best known being
vibration analysis which is a powerful method for diagnosing me-
chanical defects on rotating machines [6]. It has shown its limits
when it comes to defects inducing variations in torque or defects
almost imperceptible just at birth. To accurately extract the infor-
mation related to these failures, the research was particularly di-
rected towards the analysis of the stator currents of the induction
motor using motor current signature analysis (MCSA) [7], [8], [9].

In intelligent machine fault diagnosis, the deep learning ap-
proach, which is an effective tool for extracting features, has

attracted considerable attention from researchers [10]; however tra-
ditional artificial intelligence techniques cannot effectively discrimi-
nate complex information from raw data [11]. The shallow architec-
tures of artificial neural networks (ANN) limit their ability to learn
complex non-linear relationships hidden in measured data [12]. In-
volved in the data, various deep learning models have been used
in fault diagnosis, such as the deep belief network (DBN) [13], [14],
long short-term memory (LSTM) [15], the convolutional neural net-
work (CNN) [16], [17] and the deep neural network (DNN) [18], [19],
[20].

A multilayer neural network (MLP) is a common type of artificial
neural network. It consists of several layers of neurons and is gen-
erally organized into three parts: an input layer, several hidden lay-
ers, and an output layer [21]. Figure 1 shows an example of a neural
network with two hidden layers.
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Fig. 1. Two hidden layers neural network
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The following equations describe the operation of a neural net-
work with L hidden layers, where L + 1 represents the output layer
[22].

(h©@0) = x)

a®(x) = b® + WRORK=D(X)  with k>0
h®O(x) = g(a®(x)) with ke{l,..,L}

R (x) = 0(@a™*V(x)) = f(x) with k=L+1

(1)

where: h(®) (X) —represents the activation of the input layer, which
is equal to input vector X . This corresponds to the input layer, which
makes no transformations to the input  data.
a® (x) - is the pre-activation vector of the hidden layer k, b® is
the bias term for the hidden layer k, W ®) — is the weight matrix
associated with the connections between hidden layer k and hid-
den layer (k — 1), h® (x) - represents the activation of the hid-
den layer k, g(-) and o(-) represent the activation functions ap-
plied to the weighted sums of inputs in the hidden layer and output
layer respectively, f (x) — represents the final output of the neural
network.

The form for updating weights w; ; and biases b;, and therefore
the DNN “Stochastic Gradient Descent (SGD)” Iearnmg formulas,
is as follows [23]:

Wi_]' — Wi,j + aaiA[j]

with:
A[/ (Z] (1 - (Z])) Zk W]kA[k] (3)

Where: « - is the learning rate and a; = g(z;) - is the output
of neuron i after applying the activation function to the weighted
sum of neuron z; with g(.) — representing the sigmoid activation
function.

The most commonly used method for data normalization is the
Z-score method [24]. We then used this method to transform the
data such that they had a mean of zero and a unit standard devia-
tion. This causes the data distribution to be centered around zero,
with a variance of 1. The standardization formula is as follows:
Xog == (4)
where: X — is the initial value, u — is the mean of the variable, and
o - is the standard deviation of the variable.
In this paper the main contribution to fault diagnosis is the proposal
of a new DNN structure designed to process online data of the cur-
rent signal during load variations which is detected as a fault in clas-
sical methods and this by adding to the neural network a specific
coefficient for each load, the proposed DNN model is a state of the
art choice in this context, it clearly outperforms classical methods
and can obtain a more accurate diagnosis with less complex com-
putations.

2. METHODOLOGIE

In this experimental work, we perform diagnostics on an asyn-
chronous motor to detect possible failures. Our approach focuses
on the analysis of the single-phase current of the motor to build our
dataset, which will later be used to train our deep neural network
(DNN) model. Fig. 2 provides an overview of the adopted method-

ology.
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Fig. 2. Schematic of the experimental setup and laboratory
implementation

To acquire accurate and representative data on electric motor
operation under a wide range of conditions, real-time measure-
ments of the electric current in one phase of the motor were col-
lected. Electrical signals were recorded for different operating
states of the motor, including a healthy condition and several faulty
conditions with deliberately induced bearing defects. The dataset
consists of five classes, as illustrated in Table 1, corresponding to
current signals acquired from a single phase of an induction motor.
Each signal was sampled at 12 kHz and segmented into fixed-
length sequences of 4000 samples. These segments represent five
bearing conditions: healthy state, ball defect, inner race defect,
outer race defect, and cage defect. The data were collected under
various load conditions, including no load, 100 W, 200 W, and 300
W, as shown in Fig. 3, Fig. 4, Fig. 5, and Fig. 6, respectively.
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These raw data were subsequently preprocessed and subdi-
vided into 400 segments for each class, as illustrated in Tab. 1.

Tab. 1. Dataset Structure

Load Noload | 100 Watts | 200 Watts | 300 Watts

Condition

Classe 1 Healthy Healthy Healthy Healthy

Classe 2 Inne_r Ring Inne_r Ring Inne_r Ring Inne_r Ring
Failure Failure Failure Failure

Classe 3 Oute.r Ring Outgr Ring Outgr Ring Outgr Ring
Failure Failure Failure Failure
Cage Cage Cage Cage

Classe 4 Failure Failure Failure Failure

Classe 5 Ball Ball Ball Ball
Failure Failure Failure Failure

The “Deep Network Designer” The Deep Network Designer ap-
plication in MATLAB R2020b was used to design and implement
the proposed DNN architecture. The network configuration was de-
fined after extensive empirical tuning of its hyper parameters. Spe-
cifically, the number of neurons in the hidden layers was set to 70,
the learning rate to 0.001, the number of epochs to 300, and the
batch size to 256.

The selection of these hyper parameters was based on a sys-
tematic trial-and-error procedure, where multiple combinations
were evaluated and compared in terms of classification accuracy
and generalization performance on validation data. The final con-
figuration was selected as it consistently achieved the best compro-
mise between high accuracy and stable convergence, while avoid-
ing overfitting.

acta mechanica et automatica, vol. 20 no. 2 (2026)

The input data for the DNN model consist of ten time-domain
features extracted from the segments using the Diagnostic Feature
Designer application, including the mean, root mean square (RMS),
shape factor, kurtosis, skewness, peak value, impulse factor, crest
factor, clearance factor, and standard deviation (Std).

To improve interpretability, boxplots of three representative fea-
tures of RMS, standard deviation (Std), and mean are presented in
Fig. 7. These features were selected as illustrative examples from
the complete set of extracted features.

As observed, the RMS and Std features exhibit a clear separa-
tion between healthy and faulty conditions, indicating their strong
discriminative capability. In contrast, the mean feature shows a
moderate shift between classes.

(a) (b)

(c)

Fig. 7. Distributions of (a) mean, (b) , and (c) RMS standard deviation
features for healthy and faulty conditions.

The data were divided into three sets: 70% for training, 15% for
validation, and 15% for testing. The DNN model was designed with
five outputs to identify bearing conditions. The structure of the
model and chosen parameters are listed in Tab. 2.

Tab. 2. Structure of the Deep Neural Network (DNN)

Name Type Activation Parameters
Input Feature Input 10
Fully Poids 70 x 10,
FC_1 Connected 70 Biais 70 x 1
Batch Offset 70 x 1,
Batchnorm_1 Normalization 70 Scale 70 x 1
ReLu_1 Rectifieq linear 70
unit
Fully Poids 70 x 70,
FC_2 Connected 70 Biais 70 x 1
Batch Offset 70 x 1,
L Normalization 70 Scale 70 x 1
ReLu. 2 Rectifieq linear 70
unit
Fully Poids 5 x 70,
FC3 Connected 5 Biais 5 x 1
Softmax Softmax 5
Classification
Classoutput Output -
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Fig. 8 illustrates all the steps described above, showing how
data are divided, pre-processed and then fed into our DNN model

for training.
DNN Prediction
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Fig. 8. Rolling bearing fault diagnosis system

To assess the actual performance of our model, we predicted
the test data and obtained an accuracy of 96.1%. Fig. 9 shows the
confusion matrix, which confirms the robustness of our model for
bearing failure classification. We also used our dataset to train other
models such as k-nearest neighbors (KNN), vector machines
(SVM), decision trees (DT), Convolutional Neural Network (CNN)
and Long Short-Term Memory (LSTM) with the aim of comparing
them with the DNN model.

The KNN, SVM, and DT models were evaluated using the same
test dataset to assess the predictive performance of the DNN
model. In contrast, for the CNN and LSTM models, each signal was
partitioned into 160 segments per class.

In parallel, the one-dimensional (1D) signal segments were
transformed into two-dimensional (2D) scalogram representations
using the Continuous Wavelet Transform (CWT) with the Morse
wavelet, following the method proposed by [16]. These representa-
tions were subsequently used as inputs to the CNN model. Finally,
the raw signal segments were directly fed into the LSTM network to
capture the temporal dependencies inherent in the data.

Fig. 10, 11, 12, 13, and 14 illustrate the confusion matrices cor-
responding to the predictions of the KNN, SVM, DT, CNN, and
LSTM models, respectively. The quantitative results are summa-
rized in Tab. 3.
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Tab. 3. In-depth comparison of the different methods

Method | Accuracy Precision Recall F1 score
(%) (%) (%) (%)

DNN 96,12 96,37 96,20 96,13
KNN 93,20 93,82 92,94 92,62
SVM 91,59 91,66 91,34 91,29

DT 89,32 88,94 89,01 88,95
CNN 93,75 95,24 93,75 93,59
LSTM 94,38 95,61 94,38 94,26

Evidence from this comparative study demonstrates that the
DNN architecture is more adept at capturing complex bearing
health patterns, resulting in enhanced diagnostic precision.

3. DNN-BASED INTELLIGENT DIAGNOSIS PROPOSED
METHOD

When faults occur in the motor, a common manifestation is an
increase in the phase current amplitude. However, similar
variations may result from normal load changes, making the
maximum current feature potentially misleading for fault
identification.

To improve the robustness of the DNN model, a coefficient-
based normalization is introduced to account for steady-state load
levels. Coefficients C+, Cz, Cs, and C4 are assigned to no-load, 100
W, 200 W, and 300 W conditions, respectively, enabling the model
to distinguish fault-related patterns from load-induced variations.

Assuming a monotonic relationship between load and
maximum current under healthy conditions, a Min-Max
normalization is applied [25] to define the coefficients as:

Ci — 1 + (k—l) Imax,i_lmin (5)

Imax—Imin

where: Imin and Imax — are the minimum and maximum current values
under fault free conditions. This formulation constrains the
coefficients within [1,k] and ensures consistent scaling across load
levels.

The parameter k controls the model sensitivity: small values
reduce the effect of normalization, while larger values enhance load
separation but may amplify noise. A sensitivity analysis shows that
moderate values of k provide the best trade-off.

acta mechanica et automatica, vol. 20 no. 2 (2026)

An ablation study further confirms the effectiveness of the
proposed approach, demonstrating improved classification
performance when the coefficients are included. Fig. 15 illustrates
the overall methodology.

DNN Prediction

‘0ad in progress
Test data Features onfusion Matri

Dataset

NNQ Bujurelp

! 1
16§ 1 I

efficients : S
o1 i ! i
TRARSS | 1
[ ] i

1

1

<
<

Features extraction

v,

Fig. 15. Architecture of proposed method

After training the DNN model offline, we developed a strategy
for online prediction. When new samples are obtained, they are
multiplied by the coefficient corresponding to the current load. Fig.
16 illustrates the steps of the online prediction model.
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Fig. 16. Flowchart of the proposed method for online diagnosis of an
electric motor

4. EXPERIMENTAL RESULTS AND ANALYSIS

The results obtained using the proposed method are
satisfactory. Fig.17 shows the results under the confusion matrix,
confirming the effectiveness of the proposed method, with class
identification now correct. The accuracy of the model increased
from 96.1% to 99.0% using the same training and test data,
ensuring a fair comparison of the performance before and after the
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application of the proposed method. In addition, the learning curve
underwent significant improvement, demonstrating a better
adaptation of the model to the pre-processed training data.

The proposed method was applied to KNN, SVM, DT, CNN,
and LSTM models. The results obtained, compared with
conventional methods, are significantly more satisfactory.

For the KNN method (Fig. 18), the accuracy increased from
93.2% to 98.7%. For the SVM method (Fig. 19), the accuracy
improved from 91.6% to 96.8%. Similarly, for the DT method (Fig.
20), the accuracy rose from 89.3% to 97.7%.

For the CNN method (Fig. 21), the accuracy increased from
93.8% to 98.1%, while for the LSTM method (Fig. 22), it improved
from 94.4% to 98.8%.
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Fig. 19. Confusion Matrix for the SVM Proposed Method
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Fig. 22. Confusion Matrix for the LSTM Proposed Method

Fig. 23 shows a comparison of the different methods before and
after using the proposed approach. Tab. 4 presents a more in-depth
analysis and a detailed comparative performance evaluation.



DOI: 10.65731/ama/2026-0039

100
! ' ! ! I Conventional Malhch

98 | I Proposed Method

96
94
92

90

Accurcy %

88

86

84

82

DNN LSTM CNN KNN SVM DT

Fig. 23. Comparison of proposed and conventional methods

Tab. 4. In-depth comparison of the different methods

Accuracy Precision Recall | F1score
Method | ) (%) %) | (%)
DNN 96,12 96,37 96,20 96,13
DNN 99,03 99,04 99,04 99,03
(Proposed)
k-NN 93,20 93,82 92,94 92,62
kNN 9871 98,65 9869 | 9866
(Proposed)
SVM 91,59 91,66 91,34 91,29
SVM 96,76 96,99 96,64 96,73
(Proposed)
DT 89,32 88,94 89,01 88,95
DT
(Proposed) 97,73 97,67 97,64 97,65
CNN 93,75 95,24 93,75 93,59
CNN
(Proposed) 98,13 98,29 98,13 98,12
LSTM 94,38 95,61 94,38 94,26
LSTM 9875 98,82 9875 | 9875
(Proposed)

5. CONCLUSION

Diagnosis and predictive detection of electric motor faults are
essential, and an automatic, online detection solution is the most
practical way to achieve this. This is possible owing to diagnostics
using artificial intelligence methods. Our work involved the
application of an online intelligent diagnostic method to an
asynchronous motor for the detection of bearing faults. Several
techniques have been employed, including support vector
machines (SVM), k-nearest neighbors (KNN), decision trees (DT),
convolutional neural network (CNN) and long short-term memory
(LSTM) with the aim of comparing them with the deep neural
networks (DNN) model.

The approach consisted of using the current of a phase to
extract the characteristics of this signal and, then using it as input
for our models. The DNN model was then trained to detect and
identify the bearing defects under different loads. A comparison
was then made between the KNN, SVM, DT, CNN, and LSTM
methods.

The proposed method demonstrates significant effectiveness in
mitigating the confusion between load variations and fault
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signatures. To this end, a coefficient-based normalization strategy
was implemented, leading to a substantial improvement in model
performance. In particular, the accuracy of the best-performing
DNN model increased from 96.1% to 99.0%. Substantial gains
were also observed for the other models, with improvements from
93.2% to 98.7% for KNN, from 91.6% to 96.8% for SVM, from
89.3% to 97.7% for DT, from 93.8% to 98.1% for CNN, and from
94.4% to 98.8% for LSTM.

The results confirm the effectiveness of the proposed approach
for fault detection by current analysis, based on a non-intrusive
sensor that enables continuous monitoring without interrupting or
modifying the system. The precise identification of fault classes
enhances the reliability of diagnostics and predictive maintenance.
Future work will focus on validation in a real-world industrial
environment, with an emphasis on optimizing computational costs
and simplifying integration into existing monitoring systems to
ensure robustness and economic viability at scale.
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