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Abstract

With the rapid development of society, privacy and confidentiality issues are increasingly concerned
by people, and the construction field is no exception. The drawing data of the engineering project,
the process of the construction site and the technology itself have a certain degree of confidential-
ity, and some special engineering projects such as the airport are more anti-leak and anti-intrusion
needs. In order to solve this problem, this paper puts forward a design idea of monitoring system
aiming at the leakage behavior of construction personnel and the intrusion prevention of construc-
tion site. In the design, two aspects of network intrusion and site intrusion were respectively used
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to design the system, and a hybrid deep learning model integrating convolutional neural network
and short and long time memory network was used to automate the possible leakage behavior in
the construction site environment. The feasibility of the algorithm was proved through model rec-
ognition training.
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Figure 1. Leaky cable perimeter intrusion system
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Figure 2. New alarm leak cable
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Figure 3. Internal structure diagram of safety accelerator chip
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Figure 4. Basic flow of statistical algorithm
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Figure 5. Network architecture diagram
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Figure 6. LSTM network architecture diagram
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Figure 7. Video footage
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Figure 8. Mixed model accuracy changes
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Figure 9. Video recognition status
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