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Gas leak detection for variable conditions based on deep transfer learning
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Abstract: Pressure vessel gas leakage intelligent detection and identification techniques are susceptible to interference from a variety of
factors, and intelligent detection models require a large amount of monitoring data training. In the actual industrial environment,
available data, especially data labels, are very scarce. To address the problems such as interference from multiple working conditions
and lack of labeling information of data, this article proposes an unsupervised variable working condition intelligent detection technique
by using transfer learning. Firstly, samples of multiple leaks are collected in laboratory environment and select three different pressure
working conditions to divide the data into labeled source domain and unlabeled target domain. Secondly, a convolutional feature extractor
is designed to propose an improved joint distribution adaptation mechanism for the edge distribution and conditional distribution of the two
domains, and further improve the distribution difference metric to enhance the neighborhood confusion. Experimental results on six
transfer learning tasks validate the effectiveness of the method, with higher accuracy than the classical domain adaptive algorithm.
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Table 2 Sensor parameters

RYE +3 dB A
K=
/(mV-Pa™") A5 / Ha /dB
CRY343 4 4~90 000 25~164

I SRR T EREPE S
Fig.5 Analog leak signal collection
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Table 3 Variable condition data set

FFK s FLAE/ mm ik % 1/ MPa FEAKL

0.2
0.4

A 0.6 0.4 5980
0.8

1.0

0.2
0.4
B 0.6 0.5 5 980
0.8
1.0

0.2
0.4
C 0.6 0.6 5980
0.8
1.0
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AR SCEL X 4 2T 45 4 AP BE VR AR 35 AR A UHE B R
(accuracy) FEHIR (precision) . A B3R (recall ) F1F# F
S (F1_score) , LA .

TP + TN
TP + TN + FP + FN

o
TP + FP
TP

TP + FN

accuracy =

precision =
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2 X precision X recall
F1_score = — =
precision + recall

ST Y ()
A TP RRKG IEREA TNy 1E A% FP 3R ¥
FEA TR Sy TESAE FN R 5 IEAEAS B0 Ay 673 A
B, TN Fm B REA TN A 2 28480, L F1_score
SELRE TR R A R TSR T R AT A
RS 45 A 28 B 1 P BE , F1_score i W 452 Y i
A=

AR R ZH 18 FIE RS 7 ] R B2 W F 2 4
SR SR S 15 5, AR SOk 7 2745 o h T
FRVRRRRTE , (IS 5. T T A A SR Y 6 A
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Fig.6 A and C data time-domain and frequency-domain
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Fig.7 Test accuracy with different inputs
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Table 4 Experimental results of different models %
. MK-MMD CORAL JMMD CDAN DANN AR
RS R/ F1 3481 AR5/ F1 4 W/ F1 53451 TN/ F1 24 HER R/ F1 535K HER R/ F1 5350
A—B 99.16/99. 1 78.85/78. 36 99.33/99. 13 73.83/73.55 98.49/98. 45 99. 85/99. 85
A—C 51.51/51.1 35.54/34. 10 50.25/50. 22 51.22/51. 04 66.25/65.77 93.73/93. 65
B—C 90.22/90. 13 65.89/64. 96 97.66/97. 64 69.57/69. 19 97.16/97. 06 99.30/99. 30
B—A 99.50/99. 46 95.32/95. 11 99.92/99. 92 99.92/99. 89 99.50/99. 46 99.92/99. 92
C—A 39. 80/38. 65 39.21/39. 06 58.70/58. 10 43.23/42. 11 61.54/61. 44 97.26/97. 16
C—B 92.31/92.28 69. 90/69. 88 98.50/98. 50 93.65/93.52 97.07/96. 84 99.11/99. 11
AVG 78.75/78. 45 64.12/63.57 84.04/83.92 71.90/71.55 86.67/86. 50 98.20/98. 17
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Fig. 10 Diagram of ablation experiments results
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