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Dynamic Visual SLAM Based on Unified Geometric-Semantic Constraints

SHEN Yehu', CHEN Jiahao", LI Xing', JIANG Quansheng', XIE Ou', NIU Xuemei', ZHU Qixin'

(1. School of Mechanical Engineering, Suzhou University of Science and Technology, Suzhou 215009, China;2. College of Artificial
Intelligence and Automation, Beijing University of Technology , Beijing 100124, China)

Abstract: Traditional visual simultaneous localization and mapping (SILAM) algorithms rely on the scene
rigidity assumption. However, when dynamic objects exist in the scene, the stability of the SLAM system
will be affected and the accuracy of pose estimation will be reduced. Currently, most of the existing
methods apply probability strategies and geometric constraints to reduce the impact caused by a small
number of dynamic objects. But when the number of dynamic objects in the scene is high, these methods
will fail. In order to deal with this problem, a novel algorithm is proposed in this paper. It combines the
dynamic visual SLAM algorithm with the multi - target tracking algorithm. Firstly, a semantic instance
segmentation network together with geometric constraints is introduced to assist the visual SLAM module
to effectively separate the static feature points from the dynamic ones, and at the same time, it can also
achieve the better multi-target tracking performance. Furthermore, the trajectory and velocity information
of the moving objects can also be estimated, which can provide decision information for autonomous robots
navigation. The experimental results on KITTI dataset show that the localization accuracy of the proposed
algorithm is improved by about 28 % compared with ORB-SLLAM2 algorithm in dynamic environments.
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(b) Feature points matching result of Fig.2(a)
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Fig. 2 Examples of feature matching result
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*4 AXHEEXEFVDO-SLAM 7 KITTI tracking £ 3#5 & E X L & B
Table 4 Egomotion comparison with VDO-SLAM on the KITTI tracking dataset

J——_— }/DO*SLAM“” : ; A SRR _
RPE,/(mf ") RPE,/(()f ") RPE,/(m-f ") RPE,/((")f ")
00 0.05 0.05 0.04 0.06
01 0.12 0.04 0.07 0.04
02 0.04 0.02 0.04 0.03
03 0.09 0.04 0.06 0.04
04 0.11 0.05 0.07 0.06
05 0.10 0.02 0.06 0.03
06 0.02 0.05 0.02 0.04
HE 0.075 0.038 0.053 0.042
£S5 AXEHEEMVDO-SLAM T &R Ex bt
Table 5 Runtime comparison of the proposed algorithm and VDO-SLAM
eyl VDO-SLAM™ RSB
- it R 5.4 15.7
F*6 HEMEWHER
Table 6 Results of ablation study m
V73 4 = ATM TN
AT L Ao] £ SRR B AN Sy FI A R

00 1.4 14

01 9.3 9.8

02 6.8 5.7

03 0.7 0.7

04 0.2 0.3

05 0.8 0.8

06 0.8 0.8

07 0.5 0.5

08 3.5 3.1

09 1.7 2.8

10 1.0 1.0

#{E 2.43 2.45
4 HRIE

7 SC T B 0 SR SR S0 S o B 4 45 G TLAT 29 3R, 6 AT A0 B A RR AT A5 RN ) SRR AE S0
[F] B, RE 8 S 2 H AR IR ER RIS s SRz s R EAEE . 5 ORB-SLAM2BIE A L FEAFFE R £ 3l
AP R A SCHT R B R B 0 S A RS 2 M AR B, 76 KITTT odometry B85 45 I E o B $2 %5
T 28% . 5 VDO-SLAM B L, th T A SCHT S 505 & 2 FE AR, DR B A O g ) T B8 B, 29 S 3L 3
1%, JF ELRRARAS 452 30 09 8 O0KG B2 o P T AR SCARLVER R 7 S A0 5 SC o3 B I 4 A0 U AT 24 5, BRI O B30 000 B 4
B 3% B S SC 430 I 45 K5 BE A 5, I LS B0 SC 430 I 45 A PR T R R A 1 s R R AR SO R SR
NI 2 — EREE AR IR L S TE LU 0 TAE h itk — 2B 58 3% o 7E LR I TAE Ao 6 FiAS
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