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Abstract— This paper investigates the diagnosis of Inter-Turn 
Short-Circuit (ITSC) faults in Permanent Magnet Synchronous 
Machines (PMSM) under controlled experimental conditions. The 
study is based on stator current signals acquired for different 
speeds, load levels, and fault severities. Since time-domain 
waveforms under variable speed drive do not clearly reveal the 
fault, Shannon entropy is used to capture variations in signal 
complexity and extract a discriminative feature. This feature is 
then used as input to a Multi-Layer Perceptron (MLP) classifier. 
The experimental results show that the proposed approach can 
effectively distinguish healthy and faulty conditions, achieving 
mean values of 92.8% accuracy, 94% precision, 96.6% recall, and 
95.2% F1-score. These results demonstrate the potential of 
Shannon entropy combined with MLP for reliable ITSC fault 
diagnosis in PMSMs. 

I. INTRODUCTION 

Synchronous machines, particularly Permanent Magnet 
Synchronous Machines (PMSMs), play a crucial role in modern 
industrial applications due to their high efficiency, power density, 
and reliability [1]. They are widely used in electric vehicles, 
renewable energy systems, and industrial drives [2]. However, 
their continuous operation under varying load and environmental 
conditions makes them vulnerable to different types of faults, 
among which stator winding Inter-Turn Short-Circuit (ITSC) 
faults are considered one of the most critical. These faults can 
lead to severe performance degradation, excessive heating, and, 
if not detected at an early stage, catastrophic machine failure [3]. 

ITSC faults are particularly challenging to detect in their early 
stages under PWM control due to their subtle signatures and the 
nonlinear behavior they introduce into the system. As highlighted 
in recent studies, stator winding faults account for a significant 
proportion of electrical machine failures, and their early detection 
remains an active area of research [4]–[7]. Traditional fault 
diagnosis techniques rely mainly on signal processing 
approaches such as motor current signature analysis, in which 
frequency-domain features are extracted using the Fast Fourier 
Transform (FFT). Although FFT-based methods are effective at 
identifying characteristic fault-related harmonics, they often 
suffer from limitations when dealing with non-stationary signals, 
noise, and low-severity faults [8]–[10]. 

To overcome these limitations, advanced data-driven 
approaches based on Artificial Intelligence (AI) have been 
increasingly adopted [11]. Machine learning techniques, 
including artificial neural networks, support vector machines, 
and deep learning models, have demonstrated strong capabilities 
in fault detection and classification tasks by learning complex 
nonlinear relationships from data [12]–[14]. 

A key challenge in AI-based fault diagnosis lies on selecting 
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informative features. While FFT provides frequency-domain 
information, alternative feature extraction methods based on 
information theory, such as Shannon entropy, have gained 
attention for their ability to quantify signal complexity and 
disorder. Entropy-based features are particularly suitable for 
detecting subtle changes in signal patterns and are known to be 
more robust under noisy and non-stationary conditions [15]–[19]. 
These characteristics make them promising candidates for 
improving fault diagnosis performance in electrical machines. 

In this context, this paper investigates a feature extraction 
approach for ITSC fault diagnosis in synchronous machines 
based on Shannon entropy. The extracted entropy-based feature 
is then used to train a Multi-Layer Perceptron (MLP) classifier, 
whose performance is evaluated in terms of accuracy, robustness, 
and fault discrimination capability. The main contribution of this 
work is to demonstrate the effectiveness of Shannon entropy as a 
discriminative feature for enhancing AI-based diagnosis of ITSC 
faults in synchronous machines. 

The remainder of this paper is organized as follows. Section 
II presents the experimental setup and the data acquisition 
process. Section III introduces the Shannon entropy-based 
analysis and highlights its discriminative capability for ITSC 
fault diagnosis. Section IV describes the MLP-based 
classification approach. Finally, Section V concludes the paper. 

II. EXPERIMENTAL SETUP AND DATA ACQUISITION 

All the results presented in this work are obtained from an 
experimental test bench specifically designed for the analysis and 
diagnosis of ITSC faults in synchronous machine.  

A. Experimental Test Bench 
The test bench consists of a 4.4 kW PMSM mechanically 

coupled to a 7 kW Permanent Magnet Synchronous Generator 
(PMSG). The generator is connected to an 8 kW resistive load 
bank, which is used to emulate the mechanical load applied to the 
PMSM. The experimental test bench is shown in Fig. 1.  

 
Figure 1.  Machine test bench. 
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To study ITSC faults under controlled conditions, the stator 
winding of the PMSM was rewound to allow the intentional 
introduction of ITSC faults at different severity levels. This 
modification enables the generation of reproducible fault 
scenarios while maintaining the overall structure of the machine. 

The PMSM is driven by a vector control strategy based on 
Field-Oriented Control (FOC). The control system is 
implemented using a DC bus, which supplies a three-phase 
voltage inverter, and a real-time digital signal processing 
platform (dSPACE MicroLabBox). This setup allows accurate 
control of the machine currents, speed, and torque, as well as real-
time data acquisition for diagnostic purposes. 

All relevant parameters of the experimental test bench are 
summarized in the Appendix. 

B. Data Acquisition and Dataset Description 
In this paper, the fault diagnosis is based on the analysis of 

stator phase currents. Each phase is equipped with a high-
precision current sensor (HIOKI CT6873), which is used both for 
the control of the machine and for data acquisition purposes. 
These sensors provide accurate current measurements that are 
essential for capturing fault-related signatures under various 
operating conditions. 

The current signals are acquired using a four-channel digital 
oscilloscope (Tektronix MDO3034). A high sampling frequency 
of 250 kHz is employed in order to accurately capture the fast 
dynamics and switching harmonics introduced by the PWM 
inverter, which are critical for reliable fault diagnosis. 

The acquired data are used to build both training and testing 
datasets for the proposed diagnostic approach. In total, 132 
samples are collected, with each sample corresponding to a time 
duration of 0.4 s. The experiments are conducted at multiple 
operating speeds, namely 400, 600, 800, 1000, 1300, and 1500 
rpm, to capture a wide range of dynamic conditions. 

For each speed, several load levels are considered: 20%, 40%, 
60%, 80% and 100% of the nominal load. Under each operating 
condition, the machine's health states are evaluated, including a 
healthy condition and three levels of ITSC faults, corresponding 
to 1/3 and 2/3 of the elementary coil and the entire elementary 
coil being affected by the fault. This allows the creation of a 
dataset that reflects varying fault severities. 

In addition, experiments at low speed (200 rpm) are 
conducted for selected load levels of 40%, 60%, and 80% of the 
nominal load, to further assess the robustness of the proposed 
diagnostic approach under low-speed operating conditions. This 
comprehensive dataset ensures representative coverage of 
operating regimes, fault severities, and load variations for the 
evaluation of the classification models. A database diagram is 
presented in Fig. 2. 

III. SHANNON ENTROPY-BASED ANALYSIS  

Shannon entropy, originally introduced in information theory 
[20], is a widely used measure for quantifying the uncertainty or 
complexity of a signal. In the context of fault diagnosis, it 
provides valuable information about the distribution and 
variability of measured signals, making it particularly suitable for 
detecting subtle changes caused by incipient faults [21]–[23]. 

 
Figure 2.  database diagram. 

A. Theoretical Background of Shannon Entropy 
For a given time series {𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛}, the Shannon entropy 

𝐻𝐻(𝑥𝑥) is defined as follows: 

𝐻𝐻(𝑥𝑥) = −�𝑝𝑝(𝑥𝑥𝑖𝑖) log2�𝑝𝑝(𝑥𝑥𝑖𝑖)�
𝑛𝑛

𝑖𝑖=1

 (1) 

where 𝑝𝑝 denotes the probability associated with the time series 
value (𝑥𝑥𝑖𝑖). The term log2�𝑝𝑝(𝑥𝑥𝑖𝑖)� represents the length of its 
binary encoding. Accordingly, it quantifies the information 
content of (𝑥𝑥𝑖𝑖) with the unit expressed in bits [24]. The entropy 
𝐻𝐻(𝑥𝑥) represents the average amount of information contained in 
the signal. 

In practical applications, the probability distribution is 
estimated from the amplitude histogram of the measured signal 
using the Matlab “histocounts function" with an automatic bin 
selection. The influence of fixed bin count was not investigated 
in this study and will be considered in future works. The signal is 
discretized into a finite number of intervals, and the probability 
of each bin is computed as the normalized frequency of 
occurrence. This approach transforms the time-domain signal 
into a statistical representation suitable for entropy computation. 

A signal characterized by a uniform amplitude distribution 
yields a high entropy value, reflecting a high level of randomness. 
In contrast, a signal with a more concentrated distribution 
exhibits lower entropy. Therefore, Shannon entropy serves as an 
effective indicator of changes in signal complexity induced by 
faults. 

B. Limitations of Time-Domain Analysis under PWM 
Control 

To illustrate the limitations of time-domain analysis, Figs. 3 
and 4 show the stator phase currents under healthy and faulty 
conditions at two different operating speeds (1300 rpm and 400 
rpm). It can be observed that, despite the presence of ITSC fault 
(Fig. 3(b) and Fig. 4(b)), the current waveforms remain very 
similar in both cases. The differences between the healthy and 
faulty states are not clearly distinguishable. This is mainly due to 
the influence of PWM control. As a result, visual inspection of 
the current waveforms does not provide reliable information for 
fault detection, highlighting the need for more advanced signal 
processing techniques. 

In electrical machines operating under PWM control, 
switching harmonics and nonlinear effects significantly modify 
the statistical distribution of current signals. As a result, entropy-



  

based feature is particularly effective for capturing these 
variations, even when they are not clearly observable in the time 
domain. 

 

 
Figure 3.  Stator currents at 1300 rpm with 60% load : (a) at healthy state and 
(b) with 2/3 of the turns in serie-connected coil of phase b are short-circuited. 

 

 
Figure 4.  Stator currents at 400 rpm with 100% load : (a) at healthy state and 
(b) with 3/3 of the turns in serie-connected coil of phase b are short-circuited. 

C. Entropy-Based Feature Extraction and Analysis 
To overcome the limitations of time-domain analysis, 

Shannon entropy is used as a feature for fault diagnosis. The 
entropy is computed from the amplitude distribution of the stator 
current signals. 

For each operating condition, including different speeds and 
load levels, the entropy values are calculated and analyzed. Fig. 
5 shows the distribution of entropy values for various operating 
conditions at 1500 rpm and 800 rpm, including healthy and faulty 
states. 

A detailed analysis of Fig. 5 and 3D entropy surfaces plotted 
in Fig. 6, provides several important insights into the behavior of 
the proposed feature. First, it is observed that the entropy values 
corresponding to faulty conditions are generally higher than those 
of the healthy state across most operating conditions. However, 
in some cases, at 100% load, this trend becomes less pronounced, 
which can be attributed to magnetic saturation effects that alter 
the signal distribution. 

Regarding the separability of the different states, no overlap 
is observed between the entropy values of healthy and faulty 
conditions, indicating a clear distinction between classes. This 
highlights the strong discriminative capability of Shannon 
entropy for ITSC fault diagnosis. 

The influence of the load level on entropy values is non-
monotonic. While entropy increases from 20% to 40% load, it 

decreases at 60% load and then increases again at higher loads 
(80% and 100%). This behavior reflects the complex interaction 
between load conditions and the statistical properties of the 
current signals. 

 

 
Figure 5.  Entropy under different loads with healthy and faulty states: (a) at 

1500 rpm and (b) at 800 rpm. 
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Figure 6.  3D representation of Shannon entropy as a function of speed and 

load for different machine conditions. 

Interestingly and as is seen in Fig. 7(a), the fault becomes 
more distinguishable at lower load levels (20% and 40%), where 
the difference between healthy and faulty states is more 
significant. This is confirmed by the observed entropy deviations 
between each fault level and the healthy condition, which are 
larger at low loads than at high loads. 

In Fig. 7(b), delta entropy remains positive across the entire 
speed range for all fault levels, confirming that faulty states 
consistently exhibit higher entropy values than the healthy 
condition. Regarding the influence of speed, the entropy 
difference remains relatively stable across the entire speed range, 
with only minor variations observed. This indicates that the 
operating speed has a limited impact on the entropy-based 
feature. 

 

 
Figure 7.  Average evolution of ∆ entropy: (a) as a function of load and (b) as 

function of speed. 

Finally, the effect of fault severity is clearly reflected in the 
entropy values. Across all load conditions, entropy follows a 
consistent increasing trend with fault severity: the 3/3 faulty 
condition exhibits the highest entropy, followed by the 2/3 and 
1/3 fault levels, while the healthy condition consistently shows 
the lowest entropy. This behavior confirms that Shannon entropy 
is sensitive not only to the presence of a fault but also to its 
severity. 

These results demonstrate that Shannon entropy provides a 
highly discriminative feature for ITSC fault diagnosis, enabling 

reliable separation between fault conditions across a wide range 
of operating scenarios. These properties make it particularly 
well-suited for integration into machine learning-based 
diagnostic frameworks. 

IV. MLP APPROACH 
MLP is a type of neural network used in machine learning to 

solve problems like classification or prediction. 

It is organized in layers: an input layer that receives the data, 
one or more hidden layers that process it, and an output layer that 
produces the result. Each unit (or neuron) in a layer is connected 
to the next one, and these connections have weights that adjust as 
the model learns. 

An MLP with one hidden layer using a sigmoid activation 
function was employed. The hidden layer contains n neurons, 
while the linear output layer, composed of a single neuron. 

When data passes through the network, each neuron applies a 
simple calculation followed by an activation function, enabling 
the model to capture more complex, nonlinear patterns. 

The MLP learns by comparing its predictions to the correct 
answers and then gradually correcting its weights using a method 
called backpropagation. This process is repeated many times 
until the model becomes more accurate. 

In practice, MLPs are widely used because they are relatively 
simple but still powerful enough to handle a variety of real-world 
tasks [25], [26]. 

In this work, the MLP is used to detect ITSC faults, as shown 
in the following figure, at different severity levels. 

In the following part we use the MLP approach with Shannon 
entropy feature in the input.  

A. Training an AI Model using Entropy Feature 
In this step, the main objective was to evaluate whether 

Shannon entropy can be used to detect faults in a motor. The idea 
was to rely solely on raw signals measured from three sensors 
(CH1, CH2, and CH3), without extensive preprocessing. 

From these signals, entropy values were extracted and used 
as input features to train an MLP classifier model. Finally, the 
dataset was divided into two parts: 80% was used for training the 
model, and the remaining 20% was kept for testing its 
performance. 

For this approach, a Python script was developed. The 
following steps were carried out: 

• Automatic loading of CSV files,  
• Filtering of CH1, CH2, and CH3 signals using a 

Butterworth low-pass filter to remove high-frequency 
noise,  

• Feature extraction,  
• Data scaling (standardization),  
• Splitting the dataset into training and testing sets (80% / 

20%),  
• Training an MLP model,  
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• Evaluation using standard metrics (accuracy, recall, F1-
score, confusion matrix). 

The extracted feature is based on Shannon entropy, computed 
for each sensor.  

In this experiment, we used an MLP classifier by splitting the 
data according to different load levels (20%, 40%, 60%, 80% and 
100%). 

For each CSV file, we calculated the Shannon entropy of the 
three sensor signals. These values were then used as input 
features for the MLP model. 

To keep things clear and consistent, the code was slightly 
modified to group the data by load level, train a separate model 
for each group, and then evaluate the performance of each model. 
The metrics of evaluation are given in the following section. 

B. Metrics 
Each machine learning task requires performance measures 

to assess the fit between the model and the data. They are used to 
monitor and measure the performance of a model during and after 
training [27]. 

1) Accuracy  
Classification accuracy is one of the simplest metrics in 

machine learning and is defined as the percentage of the number 
of correct predictions divided by the total number of predictions. 

2) Precision 
There are many situations where classification accuracy is not 

a reliable indicator of the model’s performance. One of these 
scenarios is when a class distribution is imbalanced (one class is 
more common than the others). In this case, even if the model 
predicts all samples to be the most frequent class, it can still 
achieve a high accuracy, which is misleading. 

3) Recall  
Recall shows how effectively the model identifies positive 

cases. In other words, it indicates the proportion of actual positive 
samples that are correctly identified by the model. 

4) F1-score 
The F1-score combines precision and recall into a single 

value. It is particularly useful when a balanced measure is 
needed, as it accounts for both missed detections and false 
alarms. 

C. Results and Discussions  
The obtained results indicate these metrics for different load 

levels in the following Table: 

TABLE I.  VALUES OF DIFFERENT METRICS WITH MLP CLASSIFIER 
APPLIED FOR ITSC DIAGNOSIS  

Load  Accuracy Precision Recall F1-score 
20% 100% 100% 100% 100% 
40% 100% 100% 100% 100% 
60% 100% 100% 100% 100% 
80% 89% 87% 100% 93% 
100% 75% 83% 83% 83% 
Mean 92.8% 94% 96.6% 95.2% 

The results obtained show at low loads (20%, 40%, and 60%), 
that the model achieves perfect performance (100% for 

Accuracy, Precision, Recall, and F1-score). This means that 
under these conditions, the model fully separates healthy and 
faulty states without any errors. All faults are correctly detected, 
and no false alarms are produced. 

When the load increases to 80%, a slight drop in performance 
is observed. Accuracy decreases to 89% and the precision to 
87%, indicating the presence of some false alarms (false 
positives). However, recall remains at 100%, meaning that the 
model still detects all faults without missing any. In other words, 
the model becomes more conservative preferring to flag potential 
faults even if it occasionally produces false alarms. 

At full load (100%), the performance decreases further. The 
accuracy drops to 75%, and both precision and recall fall to 83%. 
This shows that under high stress conditions, the model struggles 
more to distinguish between healthy and faulty states, leading to 
false negative. 

This approach performs very well at low and medium load 
levels. However, its performance decreases under full-load 
conditions. This degradation is mainly attributed to the limited 
DC-bus voltage, which was insufficient to maintain the rated 
machine voltage at 100% load. Consequently, the machine draws 
higher currents, leading to increased magnetic saturation and 
reduced separability between healthy and faulty conditions. 

Overall, the classifier achieves high average performance, 
with mean values of 92.8% for accuracy, 94% for precision, 
96.6% for recall, and 95.2% for F1-score. These results confirm 
the effectiveness of the proposed entropy-based feature 
extraction combined with the MLP classifier for ITSC fault 
diagnosis. Furthermore, the consistently high recall across all 
load conditions highlights the reliability of the approach in 
detecting faults, which is a critical requirement for practical 
diagnostic systems. 

In fact, this strategy produced the best results of our study, 
especially when using entropy-based feature, demonstrating its 
effectiveness and strong potential for future industrial 
applications. 

To make this system usable in practice, a possible solution 
would be to combine these models into a hybrid architecture: a 
first model would automatically detect the motor load, and then 
a corresponding load-specific model would be used to determine 
whether an ITSC fault is present. 

V. CONCLUSION 

This paper presented an experimental study on the diagnosis 
of ITSC faults in PMSM based on Shannon entropy and an MLP 
classifier. The analysis showed that time-domain current signals 
under variable speed operation do not clearly reveal fault 
signatures, highlighting the need for more advanced feature 
extraction techniques. 

Shannon entropy was used to characterize the statistical 
properties of the stator current signals. The results demonstrated 
that entropy values provide clear separation between healthy and 
faulty conditions and are sensitive to fault severity across 
different operating regimes. In particular, the entropy-based 
analysis remained effective under varying speeds and load levels, 
although reduced separability was observed at high load due to 
saturation effects. 



  

The MLP classifier trained on entropy features achieved high 
performance, especially at low and medium load levels, with an 
overall accuracy of 92.8%, a recall of 96.6%, and a F1-score of 
95.2%. The proposed approach shows strong potential for 
industrial PMSM monitoring and predictive maintenance, 
enabling reliable ITSC fault detection using only stator current 
measurements under varying operating conditions. Compared 
with conventional spectral methods, the proposed entropy-based 
approach provides a compact and efficient representation of 
signal complexity under PWM control.   

APPENDIX 
Pn [kW] 4.4 Ωn [rpm] 1500 fsampling [kHz] 250 
Un [V] 400 pole pairs 2 Nslot 36 
In [A] 10 fswitching [kHz] 10 Nturns/slot 36 

ACKNOWLEDGMENT 
This work was supported by the GDR SEEDS within the 

framework of its internal projects. 

REFERENCES 
[1] Y. Yu, F. Chai, and C. H. T. Lee, “A Review of High Torque Density 

Permanent Magnet Machines for Distributed Electric Propulsion,” IEEE 
Trans. Ind. Appl., pp. 1–19, 2026, doi: 10.1109/TIA.2026.3655659. 

[2] A. Sergakis, M. Salinas, N. Gkiolekas, and K. N. Gyftakis, “A Review of 
Condition Monitoring of Permanent Magnet Synchronous Machines: 
Techniques, Challenges and Future Directions,” Energies, vol. 18, no. 5, 
p. 1177, Feb. 2025, doi: 10.3390/en18051177. 

[3] H. Li, Z.-Q. Zhu, Z. Azar, R. Clark, and Z. Wu, “Fault Detection of 
Permanent Magnet Synchronous Machines: An Overview,” Energies, vol. 
18, no. 3, p. 534, Jan. 2025, doi: 10.3390/en18030534. 

[4] M. Houili, M. Sahraoui, K. Laadjal, A. J. M. Cardoso, and A. Alloui, “A 
Novel Indicator for Robust On-Line Inter-Turn Fault Detection in 
Induction Machines Considering Winding Connections, Voltage 
Unbalance, Load Variation, and Variable Frequency Supply,” IEEE 
Trans. Transp. Electrif., vol. 12, no. 2, pp. 2162–2170, Apr. 2026, doi: 
10.1109/TTE.2025.3635709. 

[5] X. Zheng and G. Ren, “Study on the Influence of Inter-Turn Short-Circuit 
Fault on Short-Circuit Current in Permanent Magnet Synchronous 
Motors,” in 2025 12th International Forum on Electrical Engineering and 
Automation (IFEEA), IEEE, Nov. 2025, pp. 566–569. doi: 
10.1109/IFEEA66847.2025.11388384. 

[6] Chengning Zhang, Fang Wang, Zhifu Wang, and Jingzhe Yang, “Analysis 
of stator winding inter-turn short circuit fault of PMSM for electric 
vehicle based on finite element simulation,” in 2014 IEEE Conference 
and Expo Transportation Electrification Asia-Pacific (ITEC Asia-
Pacific), IEEE, Aug. 2014, pp. 1–6. doi: 10.1109/ITEC-
AP.2014.6940913. 

[7] M. Romdhane, M. Naoui, A. Mansouri, B. M. Alshammari, and T. 
Guesmi, “Comparative study of healthy PMSM and an Inter-turn short-
circuited PMSM in Electric vehicles,” in 2025 28th International 
Conference on Electrical Machines and Systems (ICEMS), IEEE, Nov. 
2025, pp. 2509–2514. doi: 10.23919/ICEMS66262.2025.11316928. 

[8] Y. Maanan, “PMSM Inter-Turn Short Circuit Fault Diagnosis using EKF 
Observer and FFT for Sensorless Input-Output Linearization Control,” in 
2023 International Conference on Electrical Engineering and Advanced 
Technology (ICEEAT), IEEE, Nov. 2023, pp. 1–7. doi: 
10.1109/ICEEAT60471.2023.10426148. 

[9] F. Cira, M. Arkan, B. Gumus, and T. Goktas, “Analysis of stator inter-
turn short-circuit fault signatures for inverter-fed permanent magnet 
synchronous motors,” in IECON 2016 - 42nd Annual Conference of the 
IEEE Industrial Electronics Society, IEEE, Oct. 2016, pp. 1453–1457. 
doi: 10.1109/IECON.2016.7793717. 

[10] F. Z. H. Pacha, A. Herizi, N. Fezai, and A. Ben Amor, “FFT Tool for 
Stator Winding Fault Detection: Application to a Permanent Magnet 
Synchronous Motor,” in 2023 IEEE International Conference on 
Advanced Systems and Emergent Technologies (IC_ASET), IEEE, Apr. 
2023, pp. 1–6. doi: 10.1109/IC_ASET58101.2023.10151088. 

[11] O. Salhi, W. Ben Mabrouk, B. Amgha, and C. Ben Njima, “Advanced 
Detection of Inter-Turn Short-Circuit Faults in PMSMs Using FFT and 
AI Methods,” in 2025 International Conference on Control, Automation 
and Diagnosis (ICCAD), IEEE, Jul. 2025, pp. 1–6. doi: 
10.1109/ICCAD64771.2025.11099333. 

[12] M. Talbaoui, Y. Azzoug, S. Ramel, R. Pusca, E. Lefevre, and R. Romary, 
“Machine Learning-Based Detection of Inter-Turn Short-Circuit Faults in 
Synchronous Machines Using Stray Flux Time-Domain Analysis,” in 
2025 IEEE Symposium on Diagnostics for Electric Machines, Power 
Electronics and Drives (SDEMPED), IEEE, Aug. 2025, pp. 1–7. doi: 
10.1109/SDEMPED53223.2025.11154288. 

[13] K.-J. Shih, M.-F. Hsieh, B.-J. Chen, and S.-F. Huang, “Machine Learning 
for Inter-Turn Short-Circuit Fault Diagnosis in Permanent Magnet 
Synchronous Motors,” IEEE Trans. Magn., vol. 58, no. 8, pp. 1–7, Aug. 
2022, doi: 10.1109/TMAG.2022.3169173. 

[14] M. U. Oner, İ. Şahin, and O. Keysan, “Neural Networks Detect Inter-Turn 
Short Circuit Faults Using Inverter Switching Statistics for a Closed-Loop 
Controlled Motor Drive,” IEEE Trans. Energy Convers., vol. 38, no. 4, 
pp. 2387–2395, Dec. 2023, doi: 10.1109/TEC.2023.3274052. 

[15] S. Nalband, A. Prince, and A. Agrawal, “Entropy‐based feature extraction 
and classification of vibroarthographic signal using complete ensemble 
empirical mode decomposition with adaptive noise,” IET Sci. Meas. 
Technol., vol. 12, no. 3, pp. 350–359, May 2018, doi: 10.1049/iet-
smt.2017.0284. 

[16] S. Pan, T. Han, A. C. C. Tan, and T. R. Lin, “Fault Diagnosis System of 
Induction Motors Based on Multiscale Entropy and Support Vector 
Machine with Mutual Information Algorithm,” Shock Vib., vol. 2016, pp. 
1–12, 2016, doi: 10.1155/2016/5836717. 

[17] S. Aguayo-Tapia, G. Avalos-Almazan, and J. de J. Rangel-Magdaleno, 
“Entropy-Based Methods for Motor Fault Detection: A Review,” 
Entropy, vol. 26, no. 4, p. 299, Mar. 2024, doi: 10.3390/e26040299. 

[18] I. Palaiologou, G. Falekas, J. A. Antonino-Daviu, and A. Karlis, 
“Enhancing machine learning multi-class fault detection in electric 
motors through entropy-based analysis,” Meas. Sci. Technol., vol. 36, no. 
1, p. 016111, Jan. 2025, doi: 10.1088/1361-6501/ad8471. 

[19] A. Y. Jaen-Cuellar, J. J. Saucedo-Dorantes, D. A. Elvira-Ortiz, and R. de 
J. Romero-Troncoso, “Evaluation of Entropy Analysis as a Fault-Related 
Feature for Detecting Faults in Induction Motors and Their Kinematic 
Chain,” Electronics, vol. 13, no. 8, p. 1524, Apr. 2024, doi: 
10.3390/electronics13081524. 

[20] C. E. Shannon, “A Mathematical Theory of Communication,” Bell Syst. 
Tech. J., vol. 27, no. 3, pp. 379–423, Jul. 1948, doi: 10.1002/j.1538-
7305.1948.tb01338.x. 

[21] H. Tang, J. Chen, and G. Dong, “Signal complexity analysis for fault 
diagnosis of rolling element bearings based on matching pursuit,” J. Vib. 
Control, vol. 18, no. 5, pp. 671–683, Apr. 2012, doi: 
10.1177/1077546311405369. 

[22] Rujiang Hao, Zhipeng Feng, and F. Chu, “Application of support vector 
machine based on pattern spectrum entropy in fault diagnostics of 
bearings,” in 2010 Prognostics and System Health Management 
Conference, IEEE, Jan. 2010, pp. 1–6. doi: 10.1109/PHM.2010.5413481. 

[23] P. Kankar, S. C. Sharma, and S. Harsha, “Rolling element bearing fault 
diagnosis using autocorrelation and continuous wavelet transform,” J. 
Vib. Control, vol. 17, no. 14, pp. 2081–2094, Dec. 2011, doi: 
10.1177/1077546310395970. 

[24] Y. Li, X. Wang, Z. Liu, X. Liang, and S. Si, “The Entropy Algorithm and 
Its Variants in the Fault Diagnosis of Rotating Machinery: A Review,” 
IEEE Access, vol. 6, pp. 66723–66741, 2018, doi: 
10.1109/ACCESS.2018.2873782. 

[25] B. H. Sai, K. Inala, A. S. Saketh, and A. R. Maremolla, “Lung Cancer 
Stage Prediction Using Multi-Layer Perceptron and Deep Learning 
Classifier,” in 2023 5th International Conference on Energy, Power and 
Environment: Towards Flexible Green Energy Technologies (ICEPE), 
IEEE, Jun. 2023, pp. 1–5. doi: 10.1109/ICEPE57949.2023.10201556. 

[26] S. Jena, D. P. Mishra, and S. Mishra, “Detection and Classification of 
Permanent Fault Using Multi-Layer Perceptron Model in a Distribution 
Network,” in 2023 IEEE 3rd International Conference on Smart 
Technologies for Power, Energy and Control (STPEC), IEEE, Dec. 2023, 
pp. 1–6. doi: 10.1109/STPEC59253.2023.10431048. 

[27] A. F. Psaros, X. Meng, Z. Zou, L. Guo, and G. E. Karniadakis, 
“Uncertainty quantification in scientific machine learning: Methods, 
metrics, and comparisons,” J. Comput. Phys., vol. 477, p. 111902, Mar. 
2023, doi: 10.1016/j.jcp.2022.111902. 


