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Dynamic estimation of operational risk of tunnel traffic flow

based on spatial-temporal Transformer network

LI Zhen-jiang', WAN Li',ZHOU Shi-rui’*, TAO Chu—qing', WEI Wei’
(1. Tunnel and Underground Engineering Design Branch, Shandong Provincial Communications Planning and Design
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Abstract: To promptly detect, evaluate, and address potential traffic risks in highway tunnels, ensuring
the safe and efficient operation of tunnels, a dynamic estimation method for tunnel operational risk states
was proposed based on spatial-temporal Transformer network. Tunnel traffic flow holographic detection
and key cross—section aggregation information as inputs was utilized, the spatial convolution and temporal
LSTM was employed by proposed model for unsupervised extraction of spatiotemporal distribution features
of different tunnel traffic operational states. Through extensive sample training of Transformer network
layer parameters, it aims to capture the distribution and variances of tunnel traffic states in a high—
dimensional risk feature space. This facilitates the estimation of operational risk of tunnel traffic flow. The

effectiveness of the proposed method is verified by using real tunnel traffic detection data, and the accuracy
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Fig.1 Tunnel safety evaluation framework based on spatial-temporal Transformer network
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AR (A BUEAE)  0.9413 09315 0.9377  93.12
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Fig.7 Confusion matrix of different tunnel risk state estimation methods(Holographic detection data)
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