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[Abstract]

Electric motors are critical components of production facilities across various industries. To ensure the high reliability of
electric motors, real-time monitoring and diagnostic methods are required to prevent unexpected equipment failure. Recent fault
diagnostic techniques that adopt artificial intelligence can provide accurate diagnoses. However, their high computational demands
necessitate the use of high-performance hardware, such as GPUs and accelerators, which limits their application in embedded
systems that are commonly used in industrial environments. This study proposes a feature fusion model for motor fault diagnosis.
Vibration and acoustic signals collected from accelerometers and microphones are converted into spectrograms using feature
extraction techniques such as STFT, Mel, Log-Mel, and MFCC. These spectrograms are then processed by a lightweight
MobileNet V3-Small-based CNN to extract feature vectors from each signal, which are subsequently applied to diagnose motor
faults. Compared with recent motor fault diagnostic models, the proposed method achieved a high diagnostic accuracy of

approximately 93% with significantly fewer parameters and lower computational requirements.
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Table 1. Types of motor faults and occurrence distribution
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Fig. 1. Spectrogram examples using four feature
extraction techniques
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m = 259510g10(1 +Wf0) (2)

3) Log-Mel Spectrogram
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Table 2. Experimental environments

Components Specifications

Python : 3.10.9
Pytorch : 2.5.1
librosa : 0.10.2

Software version

CPU : Intel i7-13620H
(10 Core/16 Thread, 2.1GHz Base, 4.9GHz
Boost)
GPU : Nvidia RTX4060(Mobile)
RAM : 64GB

Device 1

CPU : Intel Celeron N3060
(2 Core, 1.6GHz Base, 2.48GHz Boost)
RAM : 4GB

CPU : Broadcom BCM2837 (4 Core, 1.2 GHz)
RAM : 1GB

Device 2

Device 3
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Table 3. Feature extraction parameter values

Parameter Parameter Value
FFT Window size 1,000
Hop Length 25
Mel Filter 50
Cepstral Coefficient 10
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Table 5. Diagnosis accuracy using vibration signals

Max (%) Average (%)
STFT 83.56 79.91
Log—Mel 86.38 83.59
Mel 81.88 79.87
MFCC 72.28 70.44

3 5E XE AsE 9 B4 = 7IHE B3 ~HE
213 olu|x| 2 W3}ksle] MobileNet V3-Small 0.25 22
& A}gEte] A& 2y 1 JY A3y A3E Log-Melo]
°F 83% %= 7P w2 e Fees Blvk STFTSF Mel>
oF 79%2] Ak Fgw, MFCCE ¢F 70%2] g G
Bl

E 6. 23 A5 Ao Mals

PSRt
Table 4. Number and ratio of files in dataset split Table 6. Diagnosis accuracy using acoustic signals
Dataset Number of Files Ratio Max (%) Average (%)
Train 8,064 6 STFT 60.23 43.47
Validation 2,688 2 Log—Mel 85.57 84.38
Test 2,688 2 Mel 67.89 66.03
MFCC 74.29 71.94
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Table 7. Diagnosis accuracy using proposed model

Vibration/Acoustic Signal Max (%) Average (%)
STFT / MFCC 89.40 87.24
STFT / Log—Mel 92.56 92.04
Log-Mel / MFCC 90.18 89.00
Log-Mel / Log—Mel 94.01 93.05
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Fig. 6. Confusion matrix of feature fusion model
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Table 8. Comparison of inference time
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Fig. 5. Training/validation loss
feature fusion model
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Device Model Inference Time (ms)
MobileNet V3—Small 8.868
Device 1
Proposed Model 4.833
MobileNet V3-Small 63.851
Device 2
Proposed Model 31.909
MobileNet V3—Small 212.904
Device 3
Proposed Model 106.890
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