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Real-Time Detection of Abnormal Behavior of Escalator
Passengers Based on YOLOVvVSs

Wang Yuanpeng', Wan Haibin", Huang Kai', Chi Zhaozhan’, Zhang Jinqi', Huang Zhixing'
'School of Computer, Electronics and Information, Guangxi University, Nanning 530004, Guangxi, China;
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Abstract To detect passengers” abnormal behavior in real time, we propose a lightweight escalator passenger’ abnormal
behavior real-time detection algorithm, YOLO-STE, based on YOLOv5s. First, a lightweight ShuffleNetV2 network
was introduced in the backbone network to reduce the number of parameters and its computation. Second, a C3TR module
based on Transformer encoding was introduced in the last layer of the backbone network to better extract rich global
information and fuse features at different scales. Finally, an SE (Squeeze-and-excitation) attention mechanism was
embedded in the feature fusion network of YOLOVSs to better focus on the main information and improve the model
accuracy. We developed our dataset and conducted experiments. The experimental results demonstrate that compared
with the original YOLOv5s, the mean Average Precision (mAP) of the improved algorithm is 1.9 percentage points
higher, reaching 96.1%, and the model size is reduced by 70.8%. Moreover, the improved algorithm’s forward
propagation time is 39. 9% shorter than that of the original YOLOv5s model when deployed and tested on the Jetson Nano
hardware. Compared with the original YOLOv5s model, the improved algorithm can better achieve real-time detection of
abnormal behavior of escalator passengers, which can better ensure the safety of passengers riding the escalator.
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Class Tarin Test Total
Up 4184 1046 5230
Down 3928 982 4910
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Table 2 Ablation experiments
Model P/% R/% Ponvos /% Noparams /10° Nevop. /G w /MB
YOLOv5s 93.6 89.7 94.2 7.07 16.5 13.60
ShuffleNetV2 92.4 89.3 93.1 1.55 3.7 3.75
ShuffNetV2 +C3TR 93.8 91.4 94.0 1.64 3.9 3.91
ShuffNetV2 +SE 94.2 90. 2 94.8 1.62 3.8 3.85
ShuffNetV2+ C3TR-+SE(YOLO-STE) 94.7 93.7 96. 1 1.71 3.9 3.97
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Table 3 Comparison experiments with common models

mAP_0.5 / l\]Params / j\]FI.()I’.x / w /

P
Model  P/% R/%

% 10° G MB
Fast R-CNN 74.32 85.62 80.65 22.48 303.6 108.33
YOLOv3 89.87 76.25 88.67 61.55 155.3 234.68
YOLOv4 88.56 79.63 90.62 64.36 134.6 244.53
YOLOv5s 93.60 89.70 94.20  7.07 16.5 13.60
YOLO-STE 94.7 93.70 96.10  1.71 3.9 3.97

H A 3 Al ek AN A Tk B R K N 43 ) L
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(e)YOLO-STE il % 5
Fig. 8 Comparison of detection results of different algorithms. (a) Fast R-CNN detection result; (b) YOLOv3 detection result;
(c) YOLOvV4 detection result; (d) YOLOV5Ss detection result; (e) YOLO-STE detection result

0812004-6



F 6155 8HI/2024 F4 B/BAERBEFEHRE

Jetson Nano & B Nvidia #E ) 9 18 7] i1 2 1155 5%
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N
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Table 4 Specific configuration of Jetson Nano

Hardware and L )
Configuration
software platform

Operating system Ubuntul8. 04
CPU 4-core ARM® Cortex®-A57 MPCore

NVIDIA Maxwell™ with 128
NVIDIA CUDA®core

4 GB 64 bit LPDDR4

GPU

Graphic memory

CUDA 10.2
Framework PyTorch
Programmin
rogramming Python3. 6
language

T B UE Sk R RS YOLOVS 89 8 8 7 i A =
B T RE A PR AT AR AT 55 8 O S 0 R R
YOLOv5s #5251 43 51 38 & 21 1 2% 11 55 1% 4% Jetson Nano
AT IR, 3k ECRT A% AR B AR SR A8 B S I AN 8 A
HE LI A 4 R 3 5 s .
#5 4 Jetson Nano [ 4T Fb 5256

Table 5 Comparison experiments at Jetson Nano

Processing /  Inference /' NMS /

Model tep /mS
ms ms ms

YOLOvV5s 2.6 178.5 4.5 185. 6

YOLO-STE 2.6 103.2 5.7 111.5
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TR R, S BT R AR AL, T DU I B R
B 3 G UL A5 AT SEEAS I o S B AR I 45
L9 s

R
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Fig. 9 Example figure of actual detection results
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