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Identification method of valve internal leakage acoustic
emission signal based on FCN
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Abstract: Aiming at internal leakage failures of gas transmission pipeline valves in petrochemical industry, this paper proposes an
identification method of acoustic emission signal of valve internal leakage based on full convolutional neural network ( FCN) by
combining acoustic emission detection technology with deep learning technology. The method uses acoustic emission technology to collect
acoustic emission signal of valve internal leakage and builds a valve internal leakage classification and diagnosis model based on FCN,
which fully exploits the superiority of acoustic emission technology in the field of valve internal leakage detection and the high
performance of FCN in time series classification tasks. Compared with traditional identification methods, this method does not require any
feature extraction or complex preprocessing of the original collected data. Instead, the task of feature extraction is also handed over to the
neural network model to learn and complete, which can realize end-to-end classification and identification of valve internal leakage
acoustic emission signal. The data sets of valve internal leakage acoustic emission signal are collected and produced through the
experimental platform of valve internal leakage detection, and the binary classification model of valve internal leakage acoustic emission
signal based on FCN is established as well. The experimental results show that the accuracy of classification and recognition of the model
can reach 98.72%. Compared with other advanced classification models, the model shows more superior recognition performance on the
data sets and has higher training efficiency, which also has good anti-interference performance against environmental noise at the same
time.
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Fig.7 Training logs of four models
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Table 5 Comparison of performance of four models

B fERR/%  BEPR ORI L YIZRITE s

FCN 98.72  0.9933 0.9691 0.9811 172633

MLP 97.17  0.9200 0.9840 0.9510  1784.38
AlexNet ~ 98.22  0.9783 0.9686 0.9735  2495.71
ResNet ~ 98.17  0.9933 0.9536 0.9731 3039.41

H & 5 AT, FEVERG R 4845 b, FCN BIRL iz &, 18 5
T 98.72% , AlexNet Fl ResNet #5571 I B ik T+ FCN #57
A B T 98.22% F1 98. 17% , MLP & %l e fik, H A
97.17% ; 7€ 3 0] R $5 k5 |, FCN #&% % Fll ResNet 5 5 fz
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Table 6 Performance comparison of

four models on Test_0

B MR/ %e  RER LLES F1 54
FCN 100. 00 1.000 0 1.000 0 1.000 0
MLP 95.72 0.898 9 1.000 0 0.946 8
AlexNet 99.89 0.997 8 1..000 0 0.998 9
ResNet 99.83 1.000 0 0.996 7 0.998 3

KT 4 EEBIA Test_1 _FRYMEBEXTLE

Table 7 Performance comparison of four models on Test_1

A HEWE/ % PERC e KR F1 44
FCN 100. 00 1..000 0 1.000 0 1..000 0
MLP 97.22 0.921 1 1.000 0 0.958 9
AlexNet 99.89 0.997 8 1..000 0 0.998 9
ResNet 99. 89 1.000 0 0.997 8 0.998 9

R 8 4 LEAIL Test 2 FHIMEBEXTEL

Table 8 Performance comparison of four models on Test_2

BRI/ H/EDE Kt F14r8
FCN 99. 94 10000  0.9989 0.999 4
MLP 94.28 0.8956  0.964 1 0.928 6
AlexNet 99. 00 0.9944  0.9857 0.990 0
ResNet 99.94 1.0000  0.9989 0.999 4
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