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Fault degree evaluation of circuit breaker based on continuous
wavelet transform and MTL-SEResNet
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(1. State Key Lab Reliability and Intelligence of Electrical Equipment, Hebei University of Technology, Tianjin 300130, China;
2. School of Artificial Intelligence, Hebei University of Technology, Tianjin 300130, China)

Abstract: The mechanical fault of the contact system for a conventional circuit breaker is a process from slight to severe. The accurate
identification of its operating state can greatly improve the reliability of the circuit breaker. In this article, a single signal input and
multi-task output MTL-SEResNet model is proposed for fault diagnosis and degree evaluation. Firstly, the raw vibration signals of the
contact system are analyzed using a continuous wavelet transform. And the corresponding two-dimensional time-frequency images are
obtained. Secondly, the improved ResNet18 network is combined with the SENet structure, and the multi-task learning sharing
mechanism is used to formulate the MTL-SEResNet model. The model is optimized by adjusting the weight ratio of the two task loss
functions for fault classification and degree evaluation. Finally, the proposed method is verified by experiments with simulated fault data
of the contact system. The results show that the proposed model has better performance with 99. 78% and 99. 36% accuracy in type and
degree, respectively, which can effectively evaluate the fault degree of the conventional circuit breaker.

Keywords : conventional circuit breaker; contact system; fault degree evaluation; continuous wavelet transform; multi-task learning
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Table 1 MTL-SEResNet model parameters
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(a) SERes_a residual block
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(b) ResBlock_b residual block
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Fig.2 Network of residual block
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Table 2 Fault simulation mode
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Fig.4 Time-domain waveform
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(b) Continuous wavelet transform
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Fig. 5 Time-frequency image of vibration signal
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Fig. 8 Experimental results
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Table 7 Comparison results of hierarchical model %

TR SPEg i

R 8
NA NB NC FC 10 %

A3 99.78 100 100 100 97.64 100 99. 57
CNN 96.38 97.05 96.19 96.75 96.01 96.54 96.49
DBN  94.04 94.42 95.01 94.89 93.67 94.53 94.43
SVM  90.84 91.23 90.75 90.14 91.83 92.69 91.25

H126 7 WA, 3 RN 45 2540 v TR B 45 1) SVM
TEMERG 2R FBOR IR BE 2% > J7 1 i) CNN \DBN fA7E 20,
(EHARR R F = B CNN TR 2450, B #0
IR IR 1A TR BETEA , R ASBE 4 11 S WL b 5%
A FRRASAR B, EAS MERA RN T A SOREARY A ST Y
MTL-SEResNet i ixf 27 2] — 2 i 45 (5145 1R HEAE, LA S A Bl
T o 2 SEA AT AR R IR B 2 1] () 5 B RS e
AR HR B AR H A 3 Fh 2153 T A R TT

2) H52AE 552 I BRIXT L

R T UEZAT 55 Hard ALHI T A SCRAL A 3 i &
HCNN' ARAE™ FD DI MTL-SEResNet Ti 7 % 2% 4%
¥y, 2 FD S MTL-SEResNet (1 # [&12 Wr ( 25 43 32 4%
¥4, DI & MTL-SEResNet (472 5 PEA 73 S 4548, A7 5
ARG PR 3 (5 5 K Bl 5 000, — 4k i 4 & K/
128x128, X EbZERAMNZE 8 FiR,

x8 ZEFZFIHAXMILER

Table 8 Comparison results of multi-task learning model
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