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Abstract

The compressed air system, as the core component of smart mine energy supply, plays a pivotal role
in underground production efficiency and operational safety. To address the existing challenges of
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poor environmental adaptability and low data utilization in mine air compression system monitor-
ing, this paper proposes an loT-based monitoring theoretical framework. A four-level collaborative
architecture (“Sensing-Transmission-Processing-Application”) is established to achieve full lifecy-
cle state monitoring of air compressors, pipeline networks, and end-use pneumatic equipment. Fur-
thermore, this research focuses on the challenge of pipeline air leakage localization, proposing an
intelligent localization model based on an improved Transformer architecture. By incorporating
pipeline topology prior information and a spatial attention mechanism, the model significantly en-
hances the accuracy of leakage point identification and the speed of localization.
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Figure 1. Diagram of the four-level collaborative theoretical architecture
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Table 1. Core monitoring parameters and technical indicators of the perception layer
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Figure 2. Architecture diagram of the pipeline air leak location model based on improved Transformer
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