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Abstract

The transportation mode of oil and natural gas in our country mainly relies on pipelines for
transportation. According to the bathtub curve, the existing transportation pipelines in our coun-
try are in the period of high occurrence of accidents. In recent years, oil and gas pipeline leakage
accidents occur frequently across the country. In recent years, how to detect oil and gas pipeline
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leakage in real time and efficiently has become a research hotspot. In this paper, we explore an
improved lightweight model detection algorithm based on the SqueezeNet neural network, by re-
placing the extension layer in the Fire module in the SqueezeNet network with Ghost module, and
then introducing the SE attention mechanism to form a G-S-SqueezeNet network. In the experi-
ment, the audio data set of pipeline leakage is preprocessed and transformed into MEL cepstrum
for training and verification. The results show that when the model is reduced, its robustness and
accuracy are significantly improved, the accuracy is increased by 1.58%, the model size is reduced
by 4 MB, and the detection speed is increased by 1.1 seconds compared with the unimproved net-
work.
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Figure 1. Structure of the fire module
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Figure 3. G-S-SqueezeNet network
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Figure 5. Ghost module
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Figure 6. SE attention mechanism
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Table 1. Accuracy and model size comparison
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HERf % B K /NMB
SqueezeNet 97.13% 16
G-S-SqueezeNet (1 x 1) 98.61% 12
G-S-SqueezeNet (3 x 3) 97.45% 21
VGG-16 87.63% 541
ResNet 91.34% 207
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Table 2. Response speed comparison
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SqueezeNet 24 98.51%
G-S-SqueezeNet (1 x 1) 1.3 99.34%
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Figure 8. Accuracy curve

8. MERBERENL

IREGHATIOAE, R il 47 10 I T s P 5 e N BEAT RN, L R 1A 9 o

Figure 9. Leakage detection
9. JtmARM

5. B4

AR SCHTE B TAE £ R E X TAE S SqueezeNet 45 it — S8 AS i 2 Abfif 7 ekidt, 3228 T ARG 1 ok
1. 1§ GhostNet %% (%) Ghost 1t %5 SqueezeNet /2% i B2 (1) Fire By B2 . 183 7 b
B HEIH . 2. 18 Fire BG4 T SE FEE VLGS, MHREE . SLRBIUF, WS T4
IR, BUR S G-S-SqueezeNet MIZSTERE ALK /N FA T 4608, [RIRTZEMASE b 1= IR AR T AR 2kt

HERI R4
EETiE

HREH KRR A IE, THS “YKICX2220405”
&E ik

[1] 257, FOGRIR. R T e 4 0 S M T I 0], BRI % 4, 2023(9): 35-37.
[2] Zhang, J. (2018) Statistical Leak Detection in Gas and Liquid Pipelines. Pipes and Pipelines International, 38, 26-29.

[3] Zhang, J. (2021) Designing a Cost-Effective and Reliable Pipeline Leak Detection System. Pipes and Pipelines Inter-
national, 42, 20-26.

[4] TEETF. BEEERNEAAESAEEEME W RTU B R9RH[D]: (At 220608 3], dbat: dbmib Tk, 2011,
[5]1 VKT, FTFHE KA & E IR 728 7 [3]. B felsini, 2023, 9(6): 15-17.
[6] ZEL. 3Tt R R IR S E R A I B AR 7 5 R [D]: [t A s0]. B BEHEIT R, 2023.

DOI: 10.12677/jisp.2024.133023 279 K1G 5155 43


https://doi.org/10.12677/jisp.2024.133023

T &%

[7]
(8]
(9]
[10]

[11]

[12]

[13]
[14]

ERER. ) IEMHR RIS R U R GTA[D]: [t 22 A ], il BilEd JRe, 2023
XY, T IDCNN YRR TE MR ALAR SE R A [D]: [ 22 i 3C]. KPR ZRAbA il K5, 2023
WoifEdR. TR B A 2 W 2% K36 R o U0 [D]: (22008 3], Sl 2Tk, 2021

landola, F.N., Han, S., Moskewicz, M.W., et al. (2016) SqueezeNet: AlexNet-Level Accuracy with 50x Fewer Para-
meters and < 0.5 MB Model Size.

Han, K., Wang, Y., Tian, Q., et al. (2020) GhostNet: More Features from Cheap Operations. Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, Seattle, 14-19 June 2020, 1580-1588.
https://doi.org/10.1109/CVPR42600.2020.00165

Hu, J., Shen, L., Albanie, S., et al. (2017) Squeeze-and-Excitation Networks. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 32, 1-4.

R, e, TR IS TR ZE W2 1 KR IR B[], THENUR, 2023(8): 84-88.
P VK. RIS SR IR S R A FE[D]: [ 6038 30]. 220 22 MEE Tk, 2023,

DOI: 10.12677/jisp.2024.133023 280 & 555 Ak #


https://doi.org/10.12677/jisp.2024.133023
https://doi.org/10.1109/CVPR42600.2020.00165

	基于改进SqueezeNet的油气管道泄漏检测算法
	摘  要
	关键词
	Oil and Gas Pipeline Leak Detection Technology Based on Improved SqueezeNet
	Abstract
	Keywords
	1. 引言
	2. SqueezeNet神经网络
	3. 改进的SqueezeNet神经网络
	3.1. Ghost模块
	3.2. SE注意力机制
	3.3. G-S-Fire模块

	4. 实验过程以及结果分析
	5. 总结
	基金项目
	参考文献

