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Improved one-dimensional convolutional neural network
for aero-engine fault diagnosis

Wu Jigang Wen Gang Yang Kang
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Science and Technology, Xiangtan 411201, China)

Abstract: To address the problems that the existing 1DCNN method for aero-engine fault diagnosis lacks the multi-scale feature
extraction capability of fault frequency and the insufficient extraction of time-domain features of the original vibration signal, improved
IDCNN aero-engine fault diagnosis method is proposed by fusing embedded multiscale layers to dual-channel 1IDCNN. The method of
amplitude change rate is proposed for the time domain feature enhancement of vibration signals, and the amplitude change channel is
added as the second channel on the basis of single-channel 1DCNN to build a dual-channel 1DCNN to strengthen the time domain feature
extraction capability of 1DCNN, then the multi-scale module is improved to an embedded multi-scale layer and applied to the first
channel of 1DCNN to extract multi-scale features of aero-engine fault frequency. Finally, the improved 1DCNN is applied to the
diagnosis of aero-engine transient static rubbing, blade fracture and other faults, and the superiority, noise resistance, generalization of
the improved 1DCNN detection and the feasibility of the improvement points are proved through comparative experiments.
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Fig. 2  Scatter plot of the original vibration signal
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Fig. 3  Scatter plot of vibration signal amplitude variation
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Fig. 5 Structure of embedded multi-scale convolutional layer
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Table 1 Specific parameters of the convolution layer

for the amplitude variation channel

B B e A TR S 15 5 I U A 44 5 A B AR
PRI S IR IEAR AL i Bl , PR AT 7 11 ol B0 1 i B
I RAE R LA B RN R 2 048 AN REE S LB
256 AN SRAE R IR FRS BSOS r E BLIN SR A B UESE
WA, BRI 2 Frw , b e TAE I & i 5k
PEECH 5 EEH P 172,

R R

——

p—— | R

e
7 fias K shBL s &

Fig.7  Aero-engine fault test bench
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Table 2 Experimental data sets of aero-engine fault
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