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Table 2 Diesel engine valve clearance

S B/ mm

1EH A B/ mm

= - - - - BB
AT HERTT ERTT HERD

7 0.3 0.5 0.9 0.5 #HAE

8 0.3 0.5 0.3 1.1 HAT ™ E

AR E
PR
HEA TR

HE/HESTTHIER

9 0.3 0.5 0.9 1.1
10 0.3 0.5 0.6 0.5
11 0.3 0.5 0.3 0.8
12 0.3 0.5 0.6 0.8
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Table 3  Different working conditions of the diesel engine

3/ (romin~") fi#k/ (N-m)
1500 700,1000,1300
1800 700,1000,1300,1600
2100 700,1000,1300,1600,2200
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Table 7 Optimal parameters of the AlexNet neural network
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A fault diagnosis method for diesel engine valve clearance
abnormality based on a complex Morlet transform and
an improved AlexNet neural network

ZHAO ZhiJian' MAO ZhiWei' ZHANG JinJie’* JIANG ZhiNong’

(1. Beijing Key Laboratory of High-end Mechanical Equipment Health Monitoring and Self-recovery;
2. Key Lab of Engine Health Monitoring-Control and Networking of Ministry of Education,
Beijing University of Chemical Technology, Beijing 100029, China)

Abstract; In the light of the non-linear and non-stationary characteristics of diesel engine cylinder head vibration
signals, as well as the shortcomings of time-consuming and laborious traditional fault diagnosis methods that require
prior knowledge and feature extraction, a diesel engine valve clearance abnormal fault diagnosis method based on a
complex Morlet transform and an improved AlexNet neural network is proposed. Firstly, the diesel engine cylinder
head vibration signal is converted into a time-frequency map by a complex Morlet wavelet. This transformation con-
tains the time-frequency domain information of the signal, which is more suitable for analyzing the non-stationary
signal of diesel engine cylinder head vibration than a single time-domain or frequency-domain signal. Secondly, the
time-frequency graph is input into the AlexNet neural network for automatic feature extraction, and a fault diagnosis
model is established, which solves the problems of traditional manual feature extraction that is time-consuming and
laborious as well as requiring expert experience. Thirdly, the network structure is improved through Batch Normali-
zation and Dropout technology, and the neural network is optimized using hyperparameters to improve the accuracy
and computational efficiency of the model. Finally, it is shown that the diagnosis accuracy of the method proposed
in this paper is higher than the traditional fault diagnosis method, which verifies its advantages.

Key words: diesel engine; fault diagnosis; complex Morlet transform; AlexNet neural network
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