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Abstract; In view of the repeated occupation and blockage of fire truck passages,in order to ensure that the " life passage" is always un-
blocked,, it is particularly important for the fire department to regularly carry out the inspection of potential safety hazards of fire truck pas-
sages. However,in addition to the problems of high investment cost and low efficiency, manual inspection of fire truck passage also has
difficulties such as insufficient law enforcement force, inconvenient evidence collection and difficult law enforcement notification. As a
result, the problem has the characteristics of hidden danger dynamics. In this case,a fire truck passages occupancy detection algorithm
based on multi—scale feature fusion network and illumination compensation module is proposed. Firstly, the brightness of the image,
especially in the night scene,is optimized, and the local adaptive adjustment of pixel illumination is realized in the area where the image is
too bright or too dark. Then, multiple branches are used to extract the features of images with different scales and optimized through the
attention mechanism. Finally,feature fusion is carried out. After obtaining the fire truck passages and vehicle information in the target
area through semantic segmentation , the occupation detection of fire truck passages is realized by using the occupation determination algo-
rithm. It has been verified that the accuracy of scene detection in daytime and night on the relevant data sets has reached 97% and
85.2% respectively. It has the advantages of real-time and high efficiency, which can effectively reduce the difficulty and cost of fire
truck access inspection.

Key words : semantic segmentation ; feature fusion;attention mechanism;fire truck passages;occupancy detection
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