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Abstract: Aiming at the problems of low contrast and fuzzy edges of infrared images of leaking gas, this
paper proposed a segmentation algorithm for infrared images of gas leakage based on edge enhancement
and channel reconstruction. It was optimized on the AP-UNet architecture. Firstly, spatial and channel
reconstruction convolution (SCConv) was used as a lightweight strategy to replace the standard convolu-
tion operation, which reduced the computational redundancy and improved the detection real-time perfor-

mance. Secondly, an edge guidance module (EGM) was designed and integrated to accurately capture the
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edge details of the leaking gas, which ensured that the tiny boundaries of the leaking gas could be accu-

rately recognized and segmented under complex environments and low contrast conditions, thus improved

the accuracy and robustness of the detection. In addition, the model used spatial convolution to obtain the

inter-frame features of the video, and learned the gas motion law to improve the detection accuracy. The

experimental results on the GasVid dataset show that the Dice coefficient, recall rate, and F1 score of the
algorithm in this paper reach 77.8%, 94.1%, and 90.8%, respectively, which are 1.4, 3.4, and 0.8

percentage points higher than those of the baseline network. The inference speed reaches 25. 2 frames per

second, meeting the requirements of real-time detection. The method in this paper can realize high-

precision leakage detection, which is better than the detection accuracy of most models, and can be better

applied to gas leakage scenarios in complex environments.

Key words: gas leakage detection; lightweight strategy; edge enhancement; inter-frame features; object

segmentation
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Tab.1 Comparison on detection index of different models

R /% PJ% RJ/%  Fl/% Tﬁg@fﬁ /
(i-s—")
Att-UNet 71.3 89.4 86.2 88.3 22.6
Deeplabv3- 73.8 90.3 90.8 89.9 16.7
SegNeXt-T 74.5 92.8 89.0 86.4 28.5
AP-UNet 76.4 93.5 90.7 90.0 24.8
AR SR AL 77.8 92.5 94.1 90.8 25.2

RS A SRR 5 AP-UNet 48 Fe A /N 2588
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Tab.2 Comparison of ablation parameters

BB /% PJ% RJ% Fly TRRE
(s 1)
SCConv+UNet  74.3  90.1 89.8  83.2 26.3
EGM+UNet 769 914 942  90.3 21.4
AR 778 925 941 90.8 25.2
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