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Passenger flow detection method of subway car based on
improved YOLO algorithm
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Abstract: During peak hours, the passenger flow of subway carriages increases sharply. In complex
scenarios such as dense crowds and target occlusion, it is difficult to accurately identify each passenger,
which can easily lead to missed or false detections. To this end, a subway carriage passenger flow detection
method based on the improved YOLO algorithm is proposed. After analyzing the YOLOvE model
structure, the TFE module from ASF-YOLO was added to YOLOv8n. Combined with the
spatiotemporal model, the characteristics of high passenger flow at stations and low passenger activity

during driving, as well as the different flow characteristics of passengers in train doors and carriages, were
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considered. The multi frame detection results were fused to achieve accurate detection of passenger flow in

subway carriages. Through experimental comparison, the average accuracy of the original YOLOv8n

model is 57.0% , the improved model is 69.1% , and after multi frame fusion processing, it is 76.6%. The

passenger flow information obtained based on this model supports multiple aspects such as passenger travel

guidance, emergency rescue support, and railway operation control.

Key words: metro car; YOLOvV8 model; passenger flow detection; spatial-temporal model
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analysis for optimizing YOLO algorithm
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Fig. 8 Passenger flow detection results during non peak travel hours
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Fig. 9 Passenger flow detection results during peak travel hours and arrival at stations
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