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Passenger Behavior Feature Identification in Urban Rail Station Surveillance
Videos Using Skeleton Recognition Techniques

GUAN Yang"?, JIA Limin', TAO Sihan', DOU Fei’

(1. School of Traffic and Transportation, Beijing Jiaotong University, Beijing 100044; 2. CRSC Research & Design
Institute Group Co., Ltd., Beijing 100070; 3. Beijing Union University, Beijing 100101)

Abstract: In order to solve the problem that the traditional monitoring analysts in the field of urban rail transit have a high
false-negative rates and complex parameter adjustment of abnormal behaviors such as falling, fainting and fighting, making them
difficult to apply efficiently to actual urban rail station monitoring scenarios, this paper proposes a human posture feature recognition
framework based on skeleton pattern recognition, introducing the attitude estimation technology based on human skeleton. The
Alpha Pose model is used to accurately estimate the posture of passengers, and combined with the Spatial Temporal Graph
Convolutional Networks model, it achieves abnormal behavior recognition in the monitoring scenario of urban rail stations.
By achieving 72.3 mAP on the COCO dataset and 82.1 mAP on the MPII dataset, the performance is improved by up to 17%
compared to the OpenPose model, verifying the effectiveness and practicality of the model. The results show that the method
proposed in this paper not only improves the recognition speed of passenger behavior but also has the ability to adapt to complex
scenarios, providing a new technical solution for urban rail safety monitoring.

Keywords: rail transit; skeleton recognition; pattern recognition; urban rail station safety; passenger behavior identification; spatial
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72.3 mAP, X Tz B EHESEK) OpenPose A5 7
e 17%, W 1 Pis.

*1 FBHFRRGE COCO HiEE LRIMRRNT L

Table 1 Comparison of the performance of various

open-source systems on the COCO dataset

Tk B % AP APY APY  AP*
OpenPose (CMU-Pose) 61.8 849 57.1 682
Detectron (Mask R-CNN)  67.0  88.0 622 75.6
Alpha Pose 723 892 69.0 78.6

4R, Alpha Pose 7F MPII $fs 45 b 2 304 5+,
IEF] 82.1 mAP, HA 5y WG FE FER B, sk 2

J7s o

%*2 F[BHBERFE MPI HHEE BRI

Table 2 Comparison of the performance of various

open-source systems on the MPII dataset

TR & 4% * R iy F e
OpenPose (CMU-Pose) 91.2 87.6 77.7 66.8
Newell & Deng 92.1 89.3 78.9 69.8
Alpha Pose 91.3 90.5 84.0 76.4
OpenPose (CMU-Pose) 75.4 68.9 61.7 75.6
Newell & Deng 76.2 71.6 64.7 71.5
Alpha Pose 80.3 79.9 72.4 82.1
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Figure 3 Annotation scheme for keypoints in the COCO dataset
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Figure 6 Passenger behavior dataset for urban rail stations
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Figure 7 Chart of loss and accuracy changes

during training
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characteristics utilizing urban rail transit station video images
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