Modeling and Simulation EE#i515H, 2024, 13(1), 623-630 Hans X
Published Online January 2024 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mo0s.2024.131060

ET TR AHM M I ER B 1T AR BRSE B S5
ME RS

WNEE, B F, BBRE £ F, HEN
WL TORSAE B RS TR AR, T Al

ks HiH: 20234F12A11H; FHABEM: 2023412 428H; KA HM: 202441 925H

H E

LT T —FEET BN 2R AT AR IR B BRATE R4, 456YOLOvSs H kil &
BT B T B R AT AR FRAT N HINT . 43Xt YOLOVSs&E i, it 5] AECAERE HHLH MBIFPNALER,
EYOLOv5s-ECBHAY, 5YOLOVSsH L, mapi&Ft T 2.2%, Fl-scoref@Ft 7 10%, MMEE H637K /s,
BRI AR S i R S B B O VI R AR SR . BRI, A SCHR HY B3R T 0 AR SEAL I ) 2k B8 AT AR PR S
e M AT 22 G5 B AR 5 10 B A B SORIHE B .

XA

Real-Time Monitoring and Early Warning
System for Railway Pedestrian
Encroachment Based on

UAV Visual Detection

Zhanhao Liu, Yang Yang, Junming Chen, Tao Wang, Haiming Gao

School of Information Science and Engineering, Zhejiang Sci-Tech University, Hangzhou Zhejiang

Received: Dec. 11", 2023; accepted: Dec. 28", 2023; published: Jan. 25", 2024

Abstract

This paper designs a real-time monitoring and early warning system for railway pedestrian limit

XESIH: XG5, B, BREY, TE, & TN SEAS I B8 AT AR IR SEi IS A T R4 ). i
T 517 &, 2024, 13(1): 623-630. DOI: 10.12677/mos.2024.131060


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2024.131060
https://doi.org/10.12677/mos.2024.131060
https://www.hanspub.org/

PUICE S

violations based on UAV visual detection, and combines the YOLOv5s target detection algorithm
with image preprocessing and pedestrian limit violation behavior judgment. For the YOLOv5s al-
gorithm, the YOLOv5s-ECB model was built by introducing the ECA attention mechanism and
BiFPN module. Compared with YOLOv5s, the map increased by 2.2%, the Fl-score increased by
10%, and the detection speed was 63 pictures/s, which can be very good to meet the training and
testing requirements of practical applications. Therefore, the real-time monitoring and early
warning system for railway pedestrian intrusion based on UAV visual detection proposed in this
article has good application prospects and promotion value.
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Figure 1. YOLOVS5 structure diagram
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Figure 2. ECA attention mechanism
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Figure 3. BIFPN module
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Figure 4. Structure diagram of YOLOv5s-ECB algorithm
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Table 1. Performance comparison of different algorithms
= 1. FEIEEMEEXTEL

R MAP F1-Score FPS k&b
YOLOvV5s 0.956 0.86 71.178
Yolov3 0.791 0.73 139.438
YOLOv5s-mobilenet 0.878 0.89 61.460
SSD 0.856 0.82 62.100
YOLOv5s-ECB 0.978 0.96 63.256
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