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Object Detection-based Method for Guiding Passenger Flow in Boarding and Deparking Areas of
Rail Transit
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Abstract To address the situation where passengers occupy the alighting area while waiting in front of the platform screen
doors, this paper proposes a passenger flow guidance method based on object detection. Firstly,an improved MCA-YOLOv5s net-
work model is proposed by enhancing the shape features of passengers in front of the platform screen doors for object detection.
Then the field of view angle and installation angle of the camera are calculated based on the mounting height of the intelligent
door lintel system and the range of the alighting area in real scenes to ensure accurate division of the alighting and boarding areas
in captured images. Subsequently, passenger density estimation is conducted for the alighting and boarding areas,and correspon-
ding passenger flow distribution strategies are designed based on the estimated density values, with guidance provided through
speakers on the intelligent door lintel terminal. Through testing in real scenarios.the effectiveness of this method in rapidly and

accurately estimating passenger density is validated.
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Fig. 9 Diagram of the division of boarding and deparking areas
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Fig. 10  Control process based on density values
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Table 2 Experimental environment configuration

% i
BAER G Windows 11
b &% CUDA 11.4
CPU AMD Ryzen 7-5800H
2+ NVIDIA GeForce RTX 3060 Laptop 6 GB
n#E 16 GB
EE S B X3 ik

4.2 ZBHIEESE

A SCYI S B A G T 90 6% 1) 0 4 S 1 b 42 s PN R 4 1
Al ] Python § A opencv £ % #0 55 gF 47 332 B, 7 i F
S5FPS 1Ml 3 BE A7 fili i, 2E 7 /Y 18 R 43 B 2% g 1920 X 1080,
38 3 X A [ I B A AR A SR B L ST T A S N R &
B R AL BT 2 R A R A BHE . SR AR 4% 8738
SR Fr % 3R R B — Wi ] 3l ] Labelimg #1008 47 T 3 Aw
AR S AN A 11 B AR i 1 B SEAR 28 S PASCAL VOC
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P BB B (Tin s Y ) TV B BB (o » Ymin ) AL 5 AR 3L 38
3K FB 100 FURE (19 v T A AR A A % BE AN T P AT T AE XY )
Wit & . SRJE ¥ XML SO I — 16453 3005 — 1k /9 Ak A 2L B 13
— ALY TE L FE N YOLOVSs Bkl it iY oxt I Ak X, #5
T HARTE AT AL bR %A “head” 28, LA R T BRAT N B
RS AP R AL 0, SE UG 4 R 8= 2 (Y HG iRl 43 T A

240400192-6



IR S — T A AR I A P 2 T & KR IR AE 51 7 ik

AEH 6166 3K IGUFER 2622 5K, — I 41925 IR,

& 11  Labelimg 5 ¥ AL i

Fig. 11 Labelimg annotation interface
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Fig. 12 Partial dataset samples
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Table 3 Data distribution at different density values
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Fig. 13 Curve of MCA-YOLOV5 training loss
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Table 4 Ablation experimental results of MCA-YOLOv5s

5% +PMobilenetvd +CA  -20X20head  + AlphaloU FLOPs APY% FPS
YOLOv5s 15.8x10° 94. 6 43.2
A NG 4.3%107 93.1 71.8
B NG NG N 3.9X 109 94.7 68. 2
C NG NG NG NG 3.9x107 94.8 68.7

N T IR SCHE 1 P-Mobilenetv3 % 4k 3 F ™ 45 14
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Table 5 Experimental results of different mainstream lightweight
networks
%E W% FLOPs P/% R/% AP/ % FPS
Ghostnet 7.90X10° 94.9 91.8 94.4 56.8

Mobilenetv3 1.90X10° 93.8 93.5 94.3 64.6
11.8% 107 93.5 94.2 94.6 66.1

4.30x 107 94.1 93.7 94.8 68.7
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Table 6 Experimental results of different mainstream object

detection networks

W % P/% R/%  AP/%  FPS
Faster R-CNN 64.5 89. 4 89. 4 10.9
YOLOv4 92.5 80. 4 80. 2 18.6
YOLOXs 87. 4 92.8 93.9 38.3
YOLOv7 93.7 93.9 95.2 32.1
YOLOvS5s 93.5 92.8 94.6 43.2
MCA-YOLOv5s — 94.1 93.7 94.8 68.7
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Fig. 14 Comparison chart of density estimation results
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