Modeling and Simulation E# 545K, 2024, 13(3), 2295-2304 Hans X
Published Online May 2024 in Hans. https://www.hanspub.org/journal/mos

https://doi.org/10.12677/mos.2024.133210

ETYOLOVSH R 23 A B SLAM
BHEMR

B2, MRAES, xBRA, HEHF
IR AU S IR AR B, 0 MM

Wk HiA: 20244F4H18H; FHHEM: 202445 H13H; KA H#H: 20244F5H20H

R

BIHBAERMFE S, B FED e S ERRE(SLAMEAR, LI TRENE S EMThes. BTk
ZHMFESLAMAR AW B RFAERBSH, BAELRMES, HTRENSERIEE, TEEMLE
AN EMEREREE ., NREX—BR, A3ETORB-SLAM3 & 12 H—MEE NI SMSLAMAZ:,
HR&YOLOVSIRE X Ak, LIRADHEERAIEM. HFEARTUMEBHRE N BB iR A CHE
BRERE, SRR AEBE5ORB-SLAM3MiE, EAEEEHEERE.

eI 40!

FHAMMSLAM, ORB-SLAM3, RE2EY, BahPlBA

Research on Dynamic Visual SLAM
Algorithm for Mobile Robots Based
on YOLOv5

Jiaxing Li, Peichao Cong’, Junjie Liu, Yixuan Xiao
College of Mechanical and Automotive Engineering, Guangxi University of Science and Technology, Liuzhou

Guangxi

Received: Apr. 18th, 2024; accepted: May 13th, 2024; published: May 20th, 2024

Abstract

Mobile robots can achieve precise self-localization through Simultaneous Localization and Map-
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ping (SLAM) technology in unknown environments. Most current visual SLAM systems assume that
the environment is static, but in practical applications, the presence of a large number of dynamic
objects seriously affects the robot’s localization and mapping accuracy. To improve this situation,
this paper proposes a robust dynamic visual SLAM system based on the ORB-SLAM3 system, which
integrates the YOLOv5 deep learning method to reduce the impact of dynamic objects. The per-
formance of the algorithm in this paper is tested on the public TUM dataset and real-world scena-
rios, and the results show that the algorithm in this paper has higher robustness compared with
ORB-SLAM3.
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Figure 1. System block diagram
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Figure 2. YOLOV5 network structure diagram
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Figure 3. Deployment process (The dashed box is implemented in
Python, while the outside of the dashed box is implemented in C++)
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Table 1. ATE-RMSE (m) evaluation of ORB-SLAMS3 and the algorithm proposed in this paper
#< 1. ORB-SLAM3 FIASLE AR ATE-RMSE (m)iffh

F 51 ORB-SLAM3 AICE
fr3/walking_static 0.1882 0.0067
fr3/walking_xyz 0.7218 0.0158
fr3/walking_half 0.3283 0.0308
fr3/walking_rpy 0.7022 0.2903
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Table 2. RPE-RMSE (m/s) evaluation of ORB-SLAM3 and the algorithm proposed in this paper (RPE translation part)
7% 2. ORB-SLAM3 FIA T E %A RPE-RMSE (m/s)iff# (RPE A& ER47)

ig]l ORB-SLAM3 KILEE
fr3/walking_static 0.0156 0.0059
fr3/walking_xyz 0.0258 0.0116
fr3/walking_half 0.0227 0.0135
fr3/walking_rpy 0.0302 0.0212

Table 3. RPE-RMSE (deg/s) evaluation of ORB-SLAM3 and the algorithm proposed in this paper (RPE rotation part)
7% 3. ORB-SLAM3 FIA L E %R RPE-RMSE (deg/s)iFf (RPE HEdE 2R %)

]l ORB-SLAM3 KILEE
fr3/walking_static 0.3157 0.1688
fr3/walking_xyz 0.6281 0.3879
fr3/walking_half 0.5719 0.3956
fr3/walking_rpy 0.6892 0.5225
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Figure 4. ATE distribution of ORB-SLAMS3 (blue) and the algorithm pro-
posed in this paper (green)
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Figure 5. Dense mapping
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Figure 7. Actual dynamic scene effect diagram
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Figure 8. Comparison of indoor dynamic scene circular trajectories
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