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ABSTRACT 

This study uses vibration signal analysis to assess and contrast several machine learning models for 

identifying defects in induction motors. A comprehensive dataset obtained from TDMS-format sensor 

recordings included seven inter-turn short circuit fault conditions and one normal state. Three 

experimental settings were investigated: (i) multiclass classification with basic time-domain features, (ii) 

binary classification using enhanced time and Fast Fourier Transform (FFT) frequency-domain features, 

and (iii) optimal binary classification using hyperparameter tuning and advanced boosting models. KNN, 

Random Forest (RF), and ensemble models (XGBoost, LightGBM, CatBoost) were trained and evaluated 

using accuracy, MSE, RMSE, and R2. The results reveal that while raw time-domain features performed 

poorly in multiclass tasks (accuracy ~20%), significant gains were obtained utilizing FFT features and 

binary classification (accuracy up to 80%). Using hyperparameter tuning and gradient boosting 

techniques, additional enhancements drove the accuracy to 87%, with CatBoost and LightGBM excelling 

among others. These results highlight the importance of frequency-domain characteristics and model 

optimization in increasing fault detection dependability. In conclusion, this study helps to encourage the 

inclusion of intelligent monitoring systems into predictive maintenance pipelines, therefore prolonging the 

lifetime of industrial equipment and reducing operational downtime. 

Keywords-predictive maintenance; vibration signal processing; frequency-domain analysis; ensemble learning 

algorithms; feature engineering 



Engineering, Technology & Applied Science Research Vol. 15, No. 6, 2025, 28584-28590 28585  
 

www.etasr.com Bhosinak et al.: Optimized Machine Learning for Induction Motor Fault Diagnosis Using Vibration and … 

 

I. INTRODUCTION  

Condition-based maintenance techniques have been widely 
adopted in industrial systems to enhance operational reliability 
and energy efficiency [1]. Induction motors are commonly used 
in industrial processes due to their durability, simplicity, and 
cost-effectiveness [2]. Although they have benefits, they are 
nonetheless prone to several flaws, such as bearing wear, rotor 
bar problems, and electrical imbalances, which, if left 
unnoticed, can cause catastrophic failures and unscheduled 
downtime [3]. Maintaining system integrity and operational 
continuity thus depends on early discovery and precise 
characterization of such defects [4]. 

Using high-frequency vibration data to consistently identify 
motor failures using intelligent algorithms, this work aimed to 
resolve a fundamental difficulty in industrial diagnostics. 
Conventional approaches, such as thresholding methods or 
rule-based monitoring, sometimes struggle to adapt to varying 
fault types and complex signal patterns [5]. Machine Learning 
(ML) has become a potent instrument for analyzing such 
challenging data in recent years [6]. For fault detection 
activities, several researchers have investigated the application 
of ML models, such as K-Nearest Neighbors (KNN) [7], 
Random Forest (RF) [8], Decision Trees [9], and ensemble 
approaches such as GradientBoosting (GB) [10], Adaptive 
Boosting (AdaBoost) [11], Extreme Gradient Boosting 
(XGBoost) [12], Light Gradient Boosting Machine (LGBM) 
[13], and Categorical Boosting (CatBoost) [14]). In controlled 
situations, models incorporating time-domain statistical 
characteristics have shown poor performance [15]. However, 
many current methods either ignore frequency-domain 
properties or neglect model adjustment, therefore restricting 
their generalizability and accuracy in practical uses [16]. 

The main goal of this work is to investigate the use of both 
time- and frequency-domain features extracted from vibration 
signals to improve the relative performance of ML classifiers in 
diagnosing induction motor defects. Three experimental 
situations were methodically investigated: (i) Simple statistical 
feature-based baseline multiclass categorization; (ii) Binary 
classification with expanded Fast Fourier Transform (FFT)-
based features; (iii) GridSearchCV [17] optimization of 
advanced gradient boosting models such as LGBM and 
Catboost. One of the main limitations of previous works is the 
insufficient use of the frequency spectrum of vibration signals 
and the ignoring of the parameter adjustment to achieve higher 
classifier performance [18]. 

This work presents a novel approach to developing a robust 
and scalable fault diagnosis system by combining 
hyperparameter-optimized classifiers with time-frequency 
feature engineering. Starting with real-world data acquisition in 
TDMS form from a National Instruments DAQ system [19], 
the proposed pipeline proceeds with signal processing [20], 
feature extraction [21], class balancing through the Synthetic 
Minority Oversampling Technique (SMOTE) [22], and 
thorough evaluation of many classifiers using comprehensive 
metrics [23]. These devices are prone to several faults, 
particularly inter-turn short circuit defects of varying severity, 
as investigated in this study.  

Unlike prior studies that often rely solely on time-domain 
features or overlook parameter tuning, this work addresses this 
gap by integrating frequency-domain features with optimized 
ensemble models. The contribution of this study lies in: (i) 
systematically comparing time-, frequency-, and combined-
domain features; (ii) demonstrating the effect of data balancing 
and scaling; (iii) highlighting the role of hyperparameter 
optimization in boosting diagnostic accuracy. Thus, this study 
forms a reproducible framework for predictive maintenance 
applications. 

In brief, the results show that whilst the combination of 
FFT features and binary classification increases the accuracy to 
~80%, models trained just on time-domain features perform 
poorly in multiclassification (accuracy ~20%). With CatBoost 
and LGBM attaining over 87% accuracy and greater R² scores, 
hyperparameter tuning and boosting-based classifiers mark the 
most important development. These results emphasize the need 
for frequency-domain information in predictive maintenance as 
well as the need for proper model selection and adjustment. 
This study suggests an extendable and optimal framework for 
vibration-based defect diagnostics in induction motors. 
Combining signal processing, feature engineering, and ML 
produces a practical, generalizable, and accurate predictive 
maintenance solution. The insights gained can direct future 
studies on industrial IoT applications and smart condition 
monitoring systems.  

II. RESEARCH METHODOLOGY 

This study uses a public dataset comprising vibration 
signals recorded in the z-direction of a 1.0 kW induction motor 
in several short circuit fault scenarios [24]. Each file matched a 
particular fault severity level in data obtained with a National 
Instruments DAQ system and kept in TDMS format. Eight 
conditions are illustrated, with labels ranging from 0 to 7 
(Table I). 

TABLE I.  FAULT CONDITIONS DATASET 

Label File Name Fault Condition 
Severity 

(%) 

0 1000W_2_26.tdms Inter-turn short circuit fault 2.26 

1 1000W_2_70.tdms Inter-turn short circuit fault 2.70 

2 1000W_3_35.tdms Inter-turn short circuit fault 3.35 

3 1000W_4_41.tdms Inter-turn short circuit fault 4.41 

4 1000W_6_48.tdms Inter-turn short circuit fault 6.48 

5 1000W_12_17.tdms Inter-turn short circuit fault 12.17 

6 1000W_21_69.tdms Inter-turn short circuit fault 21.69 

7 1000W_0_00.tdms Normal (Healthy) 0.00 

 
Label 7 refers to the healthy state, including vibration data 

for the motor running fault-free. This provides the standard for 
comparison. Labels 0 through 6 indicate different degrees of 
inter-turn short circuit failures, increasing in severity. Label 0 
specifically captures 2.26% severity early-stage malfunction 
behavior. At 2.70%, label 1 exhibits a somewhat more 
developed fault. Label 2 rises to 3.35%. Label 3 at 4.41% and 
label 4 at 6.48% stand for mid-level fault conditions. Label 5 
with a 12.17% degree and label 6 with the greatest degree of 
21.69% reflect more severe circumstances. 
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Both binary and multiclass categorization are made possible 
by these labels. All eight labels in the multiclass system help to 
categorize fault severities. Under the Fault category (class 0), 
labels 0 through 6 are classified in the binary classification 
scenarios, and label 7 is handled as the Normal class (class 1). 
This enables the development of more pragmatic fault/no-fault 
detectors fit for real-time industrial deployment as well as 
thorough diagnostic models. 

Figure 1 shows, spanning Label 0 to Label 7, a plot of 
vibration signals arranged by fault severity labels. Under the 
given circumstances of inter-turn short circuit defects, each 
colored segment shows vibration data gathered from an 
induction motor with increasing intensity from left to right. The 
y-axis shows the vibration amplitude in the z-direction, and the 
x-axis indicates the sample index, illustrating the evolution of 
recorded data points over time. This graph shows the slow 
change of fault properties. Labels 0 to 2 show lower severity 
circumstances, with somewhat steady and low-amplitude 
vibration patterns. Signal amplitude and variability clearly 
climb as fault severity increases (Labels 3 through 6), 
suggesting increasingly severe mechanical or electrical 
disturbances inside the motor windings. Reflecting constant 
motor running, the last section, Label 7 (gray), corresponds to 
the healthy condition and displays a notable decrease in 
vibration magnitude and noise. 

 

 

Fig. 1.  Vibration dataset distributions. 

 

Figure 2 shows a histogram of vibration levels taken from 
the complete induction motor dataset under several running 
situations. Raw vibration amplitudes are crucially important for 
feature extraction and model training in fault diagnosis 
activities. The y-axis denotes the frequency, that is, the number 
of occurrences of every vibration amplitude in the dataset. The 
x-axis represents the range of vibration values. The histogram 
shows that, centered on zero, the vibration data follow a 
somewhat Gaussian (normal) distribution. With a high peak at 
0, most vibration readings are low in magnitude as expected 
during normal operation or low-severity fault conditions, and 
most of the data falls between roughly -1.5 and +1.5. However, 
especially toward negative values, the distribution shows some 
asymmetry and long tails, which imply the possibility of 
sporadic strong-amplitude oscillations. These anomalies might 
match periods when the motor suffered transitory mechanical 
fluctuations or severe defects. This fluctuation justifies rolling 
statistical features (such as mean, standard deviation, peak, and 
min) and FFT analysis to identify these deviations. 

 

 

Fig. 2.  Dataset distribution histogram. 

In ML environments, this histogram justifies the application 
of SMOTE, since the imbalance in signal characteristics could 
lead to skewed learning if not addressed, and confirms the 
decision to apply feature scaling (e.g., StandardScaler). The 
normal form of the distribution also helps to reassure one that 
the dataset does not show significant bias or irregular sampling 
errors. Three experimental setups were used (Table II) to 
methodically assess the effects of feature complexity, 
classification method, and model optimization on the accuracy 
of induction motor failure diagnosis. 

TABLE II.  RESEARCH OVERVIEW  

Aspect Setup 1 Setup 2 Setup 3 

Task type Multiclass classification (7 labels) Binary classification (Fault vs Normal) Binary classification (Fault vs Normal) 

Feature engineering 
Time-domain features: Vibration, 

Vibration_Mean, Vibration_Std 

Time-domain + Frequency-domain: 

Vibration_Peak, Vibration_Min, FFT_Power, 

FFT_Dominant_Freq 

Time-domain + Frequency-domain: 

Vibration_Peak, Vibration_Min, FFT_Power, 

FFT_Dominant_Freq 

FFT features No Yes Yes 

Sampling strategy Downsampled to 0.05% 

Imbalance handling SMOTE applied 

Models used KNN, RandomForest, GradientBoosting, AdaBoost, XGBoost, LightGBM, CatBoost 

Hyperparameter tuning No tuning No tuning GridSearchCV  

Output Metrics Accuracy, MSE, RMSE, R² 

 
Each motor condition, seven fault severities and one 

healthy, was treated as a distinct label. Setup 1 focused on 
multiclassification. Here, feature engineering depended only on 
fundamental time-domain characteristics, such as raw vibration 
signals and rolling statistics, mean, and standard deviation, 

without using frequency-domain data. The goal was to provide 
a baseline performance without further changes, using basic, 
simply extractable characteristics. Despite its simplicity, this 
configuration helped show the limits of time-domain-only 
methods in differentiating complicated failure behaviors. 
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By grouping labels 0 through 6 (fault cases) into a single 
Fault class and label 7 in Normal (healthy condition), Setup 2 
reformed the task into a binary classification. This more 
pragmatic approach captures actual maintenance requirements, 
that is, how to tell bad from good machinery. More 
importantly, by merging time- and frequency-domain features, 
Setup 2 brought a richer feature set. Using a rolling window 
approach, additional features were calculated, such as peak 
vibration, minimum vibration, FFT-derived total power, and 
dominant frequency [25]. The peak vibration value was 
calculated using (1), where ��  is the instantaneous vibration 
signal. The total spectral power was obtained using (2), where 
�� is the Fourier transform magnitude at frequency bin �. This 
feature quantifies the overall energy content of the vibration 
signal in the frequency domain. The dominant frequency, 
which represents the most prominent spectral component, was 
defined as in (3), where ���	  identifies the frequency 
corresponding to the maximum spectral amplitude, indicating 
the most fault-sensitive frequency in the signal. FFT 
characteristics let models detect fault-related frequency 
signatures sometimes missed in raw time-domain signals [26]. 
However, just as in Setup 1, no hyperparameter adjustment was 
performed, therefore restricting the potential of some models. 

�
��� = max�������, … , ��� , ���� =  

min �������, … , ���   (1) 

� = ∑ |��|"�
�#�     (2) 

���	 = $%& 	$'
�  |��|    (3) 

Retaining the same binary classification job and feature set, 
Setup 3 extended the previous setup using GridSearchCV [27] 
to optimize hyperparameters, improving the parameters of 
algorithms such as KNN, Random Forest [28], Gradient 
Boosting, AdaBoost, LightGBM, and Catboost [29]. Adapting 
every model better to the properties of the extracted features, 
tuning greatly improved performance [30]. By integrating 
advanced ensemble learners, including XGBoost, LightGBM, 
and Catboost, well-regarded for their predictive strength and 
efficiency on structured data, Setup 3 assessed a larger model 
pool. 

To reduce computational strain and maintain data 
variability across all configurations, the dataset was 
downsampled to 0.05% of its original size. For the common 
problem of class imbalance, particularly in binary 
classification, SMOTE [31] was used on the training set in 
every case. Accuracy, Mean Squared Error (MSE), Mean 
Absolute Percentage Error (MAPE), Root Mean Squared Error 
(RMSE), and R² were among the whole set of measures used 
consistently to evaluate model performance [32]. These 
measures revealed information on both the generalizing 
capacity of the models across different operational situations 
and classification accuracy [33].  

In MSE (4), (�  and ()� are the actual and predicted values, 
and * is the number of samples. MSE measures the average 
squared difference between predictions and ground truth. 
MAPE (5) evaluates the relative size of prediction errors as a 
percentage of the actual values. RMSE (6) provides an 
interpretable error magnitude in the same unit as the target 

variable. Finally, in the Coefficient of Determination (R2) (7), () 
is the mean of the actual values. R2 quantifies the proportion of 
variance in the dataset explained by the model, with values 
closer to 1 indicating better predictive performance. 

MSE = �
� ∑ �(� − ()��"�

�#�    (4) 

MAPE = �11
� ∑ 234�3)4

34
2�

�#�    (5) 

RMSE = √MSE    (6) 

7" = ∑�34�3)4�8

∑�34�39�8     (7) 

III. RESULTS AND DISCUSSION 

Using GridSearchCV, the outcomes of the hyperparameter 
tuning process expose insights into the performance potential 
of several ML classifiers when optimized for fault diagnostics 
in induction motors (Table III). Each model was cross-
validated to find the optimal parameter configuration and 
associated accuracy. Using the Manhattan distance metric, with 
three neighbors and distance-based weighting, the KNN 
classifier achieved a cross-validation accuracy of 81.13%. This 
result implies that for differentiating between defective and 
healthy motor states, local proximity patterns in the vibration 
feature space are rather helpful. When the data distribution is 
well-mannered and suitably sampled, KNN's simplicity and 
non-parametric character help it to be efficient. 

TABLE III.  GRIDSEARCHCV RESULTS  

Model Best parameters 

Best cross-

validation 

accuracy 

KNN 
{'metric': 'manhattan', 'n_neighbors': 3,  

'weights': 'distance'} 
0.8113 

RF 
{'max_depth': 20, 'min_samples_split': 2, 

'n_estimators': 100} 
0.7918 

GB 
{'learning_rate': 0.2, 'max_depth': 7, 

 'n_estimators': 200} 
0.8422 

AdaBoost {'learning_rate': 1.0, 'n_estimators': 200} 0.6264 

LGBM 
{'learning_rate': 0.2, 'max_depth': 10,  

'n_estimators': 500} 
0.8492 

CatBoost {'depth': 8, 'iterations': 500, 'learning_rate': 0.2} 0.8537 

 
In Setup 1 (Table IV), all classifiers were assessed on the 

raw imbalanced dataset without standardization or class 
balancing. The performance of all models was clearly 
inadequate. For most models, accuracy remained below 21%, 
with KNN scoring just 19.49% and CatBoost plummeting to 
10.90%, signifying a significant bias towards the majority 
class. Furthermore, indicating notable prediction errors, RMSE 
fluctuated between 30 and 42, while MSE ranged from 91.118 
to 178.417. A similar situation was noticed for LGBM and 
Catboost. Most remarkably, the R2 scores were strongly 
negative for every model, with CatBoost yielding a disastrous  
-248.85, meaning that all models performed worse than a 
horizontal mean forecast. This setup clearly shows that, 
particularly in fault detection situations where class imbalance 
is evident, raw vibration data without normalization and class 
balancing does not offer sufficient signal quality or distribution 
for meaningful learning. 
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TABLE IV.  SETUP 1 EXPERIMENTAL RESULTS 

Model Accuracy MSE RMSE R2 

KNN 0.1949 108.805 32.986 -10.632 

RF 0.2038 116.350 34.110 -12.062 

GB 0.1941 105.351 32.458 -0.9977 

AdaBoost 0.1877 137.722 37.111 -16.115 

LGBM 0.1977 91.118 30.185 -0.7815 

CatBoost 0.1090 178.417 42.239 -248.85 

 
By standardizing the features and tackling class imbalance 

with SMOTE, Setup 2 (Table V) yielded performance 
improvements. KNN displayed amazing improvement, with 
79.98% accuracy and a far reduced MSE of 0.2002. Likewise, 
LGBM and CatBoost achieved accuracies of 68.52% and 
74.25% respectively. Reflecting substantial learning, RMSE 
declined greatly to about 0.5, and 7" values were close to zero. 
These results show that equalizing the class distribution and 
standardizing the input features greatly improve the 
generalizing and defect-detecting capacity of the model. Still, 
certain gradient boosting models suffered from overfitting or 
unstable computations, most likely because of outlier 
sensitivity in the resampled data. 

TABLE V.  SETUP 2 EXPERIMENTAL RESULTS 

Model Accuracy MSE RMSE R2 

KNN 0.7998 0.2002 0.4474 0.1992 

RF 0.6787 0.3213 0.5669 -0.2854 

GB 0.7042 0.2958 0.5439 -0.1834 

AdaBoost 0.6174 0.3826 0.6185 -0.5305 

LGBM 0.6852 0.3147 0.5610 -0.2591 

CatBoost 0.7425 0.2574 0.5074 -0.0299 

 
Further preprocessing improvements in Setup 3 (Table VI), 

along with incorporating well-tuned feature engineering such 
as FFT power and peak detection, produced the best overall 
model performance. Although all models improved, gradient 
boosting-based classifiers outperformed others. Closely 
followed by LGBM at 87.16%, CatBoost obtained the greatest 
accuracy of 87.28%, with GB at 86.60%. With values as low as 
0.1272 and 0.3567, respectively, these models exhibited the 
lowest MSE and RMSE. Most notably, R2 scores turned 
positive and high up to 0.4911 for CatBoost, indicating a great 
correlation between expected and actual labels. These results 
verify that, particularly for binary fault classification using 
vibration signals, a combination of feature extraction, scaling, 
data balancing, and hyperparameter tuning significantly 
improves predictive power.  

TABLE VI.  SETUP 3 EXPERIMENTAL RESULTS 

Model Accuracy MSE MAPE RMSE R2 

KNN 0.8492 0.1508 4.99e+14 0.3884 0.3966 

RF 0.8101 0.1899 6.55e+14 0.4358 0.2404 

GB 0.8660 0.1340 2.73e+14 0.3661 0.4640 

AdaBoost 0.6211 0.3789 1.43e+15 0.6155 -0.5155 

LGBM 0.8716 0.1284 2.80e+14 0.3583 0.4864 

CatBoost 0.8728 0.1272 2.63e+14 0.3567 0.4911 

 
With 100 trees, a maximum depth of 20, and a minimum 

sample split of 2, the RF model achieved a rather lower 
accuracy of 79.18%, with hyperparameter optimization. This 
suggests that although the model's performance is limited by 

bootstrapped tree diversity, deeper trees help it to capture 
intricate connections between time-frequency characteristics. 
Using 200 estimators, a max depth of 7, and a learning rate of 
0.2, the GB model achieved 84.22% accuracy. Especially in 
fault detection situations with complex signal patterns, this 
shows how well boosting techniques successively correct weak 
learners to produce a stronger ensemble. In comparison, 
AdaBoost underperformed compared to other boosting models, 
obtaining only 62.64% accuracy at its highest with 200 
estimators and a learning rate of 1.0. One explanation may be 
that its sensitivity to noise and its less flexible boosting 
structure are often surpassed by GB methods in complicated 
datasets. With an accuracy of 84.92%, tuned with 500 
estimators, max depth of 10, and a learning rate of 0.2, LGBM 
really shone, showing that its quick training and leaf-wise tree 
growth approach is well-suited for large-scale high-
dimensional data, making it a great choice for real-time 
diagnostics. With 500 iterations, a depth of 8, and a learning 
rate of 0.2, the CatBoost model finally ranked highest among 
all models with an accuracy of 85.37%. Although not utilized 
here, CatBoost's exceptional handling of categorical data, built-
in regularization, and robustness to overfitting help to explain 
its great performance and prove its applicability for industrial 
fault classification tasks. 

These findings highlight the need for feature richness and 
hyperparameter optimization to achieve high diagnostic 
accuracy. They also underscore the relative benefits of modern 
ensemble models such as LGBM and Catboost in vibration-
based predictive maintenance applications. Future work should 
further compare models trained with and without 
hyperparameter optimization, and advanced search methods, 
such as Bayesian optimization, are recommended to confirm 
these findings. 

In addition to conventional evaluation criteria, such as 
accuracy and error rates, this study evaluated every classifier 
based on inference time and model size, two important 
considerations for practical application in industrial settings 
[34]. Measured in seconds, inference time is the process by 
which a trained model generates predictions on fresh, 
unaccustomed input [35]. Faster decision-making implied by 
shorter inference time is especially important in time-sensitive 
applications, including early failure detection and real-time 
motor monitoring [36]. GB showed the fastest inference among 
the models, at about 0.0088 s, with CatBoost and LightGBM 
following. Conversely, KNN's lazy learning style, which 
depends on complete dataset comparisons during prediction, 
had the longest inference time (0.0623 s). 

Reported in kilobytes (KB), the model size tells the trained 
model's storage footprint. Systems with limited resources, such 
as embedded devices or edge computing units, often employed 
in predictive maintenance systems, depend on this measure. 
Reflecting the overhead related to storing several decision 
trees, RF had the largest model size at 2910.63 KB, while 
AdaBoost had the shortest model size at just 63.91 KB. With 
rather small model sizes (337.19 KB and 116.82 KB, 
respectively), LightGBM and Catboost presented a good trade-
off between performance and comparatively compact sizes 
(Table VII). 
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TABLE VII.  SETUP 3 EXPERIMENTAL RESULTS 

Model Inference time (s) Model size (KB) 

KNN 0.0623 1716.44 

RF 0.0425 2910.63 

GB 0.0088 462.85 

AdaBoost 0.0549 63.91 

LGBM 0.0461 337.19 

CatBoost 0.0230 116.82 

 
Together, inference time and model size offer useful 

insights that complement accuracy, therefore guiding engineers 
and system designers in choosing models not only for precision 
but also for efficiency and deployability in limited settings. 

IV. CONCLUSION 

This work marks significant progress in the field of 
induction motor failure diagnostics by combining 
hyperparameter-optimized ML models with frequency-domain 
characteristics into a single predictive maintenance system. 
Unlike previous techniques that may depend on basic statistical 
analysis or untuned models, this study developed a more 
rigorous and scalable approach capable of diagnosing both 
mild and severe inter-turn short circuit problems using real-
world vibration data. The fundamental scientific contribution is 
in verifying that time-frequency feature fusion, especially the 
inclusion of FFT power and dominant frequency, allows a 
more robust description of motor behavior under fault 
conditions. The results showed that not only feature richness, 
but also model architecture and parameter adjustment, assess 
model performance over three experimental scenarios. After 
applying GridSearchCV, the better results from LGBM and 
Catboost highlight the need for adaptive learning frameworks 
to handle challenging high-dimensional sensor data. 

In addition, this study provides a reproducible template for 
academics and practitioners wishing to use smart diagnostic 
systems in industrial situations, which includes preprocessing 
of TDMS-format vibration data, SMOTE for class balance, and 
stringent assessment metrics. With possible uses in more 
general Industry 4.0 systems, these results promote a change 
from reactive maintenance to condition-based monitoring. 
Extending this technology to online, real-time defect detection 
systems, including more sensor axes and combining domain 
adaptation techniques to generalize models across various 
motor types and operational loads, will be the main focus of 
future study. Using deep learning architectures, such as 1D 
CNNs and transformer-based time-series models, to automate 
feature extraction and further increase scalability is another 
exciting area. This work significantly helps shape intelligent 
industrial automation by providing the foundation for more 
precise, interpretable, and responsive motor health monitoring 
systems. 
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