$£15% Ho6H q] B I E MNE KA 2025 £ 6 A
Vol.15 No.6 Intelligent Computer and Applications Jun. 2025

MrailH, SEE A, PR BTN R sl RSS2 B 28058 (1], B ReTTBALS N ,2025,15(6) :102-107. DOI;
10. 20169/j. issn. 2095-2163. 25030403

B T &R & BB R sh i R R 12 BT 0 KX 3R

FREFH, BEE®R, Tk
(LiEEITRE EHEZER, LiF 200093)

A

B E: R RUREERS B T B i SEE B OCE R RS 1A BT A A R o7 A A i 48 B 1T B
HBT B — RS B AR BRAE Ty TR A (PR R /MR A S BT A 22 | T 0 S 26 T T BOHS B2 52 BR , T3 803
o ARSCHEH T — Bl TR ZRAR A B AU 22 R R | T Jie iR sl il R i R i2 IR 1) 23 SRS BE ISR, i 5, (TR
SRS BRSO SR AT AR BRI, JF R T R A FRU 28 I 2641 DAy 0T A TR 1/ 70 5 U 28 ) 246 A Dy 2 A R il AR
BB 2 A BORUAT 200 ) OB R B F 0 RE D, RN $ TR RE  SCge 4 SRR W, SRR f) 7 SR R 1K 1) 97. 2%,
SRR 2 HITRZR IR AU AL IS 73 S HER 5L T 2 95. 8% , IRl BRI [ 450 22 0. 9 s, 2RI 2 150 7, B T iR

BORANIIAE
KR RBRIUK,; SRS R BRI R4 R RHIESRIR
HES%ES: C931.6 LIRSS : A XEHS: 2095-2163(2025)06-0102-06

Research on fault diagnosis and classification of rolling bearings
based on knowledge distillation

CHEN Zhiyang, FAN Chongjun, LIN Ziqgian

(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract ; Fault diagnosis of rolling bearing is very important to the reliability of industrial equipment. Traditional methods focus on
complex fault modes in time domain/frequency domain feature extraction, fixed threshold judgment, single data mode processing,
etc. , but its linear model, poor adaptability of small samples, working condition sensitivity and other problems lead to limited
accuracy and low computational efficiency. In this paper, a convolutional neural network model based on knowledge distillation is
proposed to improve the classification accuracy and computational efficiency of rolling bearing fault diagnosis. Firstly, the rolling
bearing fault data set is used for feature extraction, and a deep convolutional neural network is constructed as a teacher model and a
small convolutional neural network as a student model. Through knowledge distillation technology, the student model can effectively
learn the discriminant ability of the teacher model and improve the reasoning speed. The experimental results show that the
classification accuracy of the teacher model reaches 97.2% , and the classification accuracy of the student model increases to 95. 8%
after knowledge distillation optimization. Meanwhile, the reasoning time is shortened to 0.9 seconds and the number of parameters
is reduced to 1.5 million, which significantly improves the computing efficiency and real-time performance.
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Fig. 1 Teacher model
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Table 2 Parameters of the student model
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Table 3 Comparison of model performance
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Table 4 Performance comparison with high signal-to—noise ratio
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