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Fault diagnosis method of analog circuits based on temporal CNN

Yang Jing Pan Qiang Pan Hongbing
(Electronic Engineering College, Naval University of Engineering, Wuhan 430033, China)

Abstract; In view of the feature extraction for analog circuit fault diagnosis, this paper introduces the convolutional
neural network into this study field, and presents an analog circuit fault diagnosis method based on deep temporal
convolutional neural network (TCN). Comparison experiments on a 4th-order Butterworth lowpass filter with a group
of TCN with various depth prove that the model of deep TCN is effective in feature extraction of circuit fault.
Moreover, comparison experiments with a group of models including TCN, SAE-SOFTMAX, deep belief network and

long short-term memory network prove that the TCN based fault diagnosis method is more effective to extract features

closed to essence of data, and capable to achieve a better accuracy in analog circuit fault diagnosis.
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%% (deep belief network, DBN)™ | £ 2 g HI #H1 (multilayer
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&l (directed acyclic graph-support vector machine, DAG-
SVM) . H % 15 4 2% 2% (stacked auto-encoder softmax
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B 0 42 M 4% (long short-term memory, LSTM),
B S g Y48 ] 6-47 A8 SUIR IR R AT SE e . | 3 Ah O R E
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SAE-SOFTMAX 95.3 29
DBN 95.8 43
LSTM 93.6 35
TCN 97.5 19

K\M 1 3 5 7
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HE 1 ENESHERE I M = 3,K = 18, %
TR SCORAE B o i) 35 AR ) 26 R0 A0 3k 31 T e v 1) oE 7
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