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Semantic Visual SLAM Based on Target Detection
Algorithm in Indoor Dynamic Scenes

RUAN Xiaogang, ZHOU Chen, HUANG Jing
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract: To solve the problem of decreased positioning accuracy and poor robustness of simultaneous
localization and mapping ( SLAM) systems based on static environment assumptions when processing
dynamic objects, a semantic vision SLAM system for indoor dynamic environments was proposed, which
was based on ORB_SLLAM2, and added with a dynamic target detection thread. While extracting ORB
features from the input image, YOLOvSs network was used for dynamic target detection, combining
optical flow method and epipolar geometric constraints to screen dynamic feature points, and finally static
feature points were used for pose estimation. Using the data set of Technical University of Munich
(TUM) to compare with ORB_SLAM?2, results show that the system significantly reduces the trajectory
error. Compared with the system in the dynamic environment such as DS-SLAM and DynaSLAM, this
system can effectively balance the accuracy, robustness and rapidity of the pose estimation of the semantic
visual SLAM system.
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Fig.1 Framework of system algorithm
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Fig.2 Speed and accuracy of four models of YOLOvVS
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Fig.6  Absolute trajectory error and relative pose error of walking_static
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Table 1 Comparison of absolute trajectory errors
RMSE/m Std/m G B B R R/ %
i1, .
ORB_SLAM2 ARSI ORB_SLAM2 A RMSE Std
walking_xyz 0.7211 0.019 1 0.404 6 0.0101 97.35 97.50
walking_static 0.394 4 0.0105 0.1702 0.007 6 97.34 95.53
walking_half 0.742 6 0.037 8 0.3401 0.023 1 94.91 93.21
sitting_static 0.008 3 0.007 6 0.003 8 0.003 6 8.43 5.26
%*2 RPE FEZIREITLL

Table 2 Comparison of translation error in relative pose error

RMSE/m Std/m Hh R AR SRR %
52l - -
ORB_SLAM2 AT ORB_SLAM2 AR RMSE Std
walking_xyz 1.0852 0.0275 0.6355 0.013 4 97. 47 97. 89
walking_static 0.5617 0.0307 0.3983 0.0238 94. 53 94. 02
walking_half 1.062 4 0.0576 0.640 1 0.0252 94. 58 96. 06
sitting_static 0.0119 0.0109 0.005 7 0.0050 8. 40 12.28

SCHR[ 157, FERATHN, ARSI AE 45 7 91 rpon] S8
5j DS-SLAM , DynaSLAM HH3T (K & . 7 walking _

xyz JF A ) AR SCH BB RMSE /T DS-SLAM, 7
walking_static 1 walking _half J3* %] H1 RMSE K F
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Table 3 Comparison of rotation error in relative pose error

3 RMSE/(°) Std/ () TR AR/ %

ORB_SLAM2 ACF L ORB_SLAM2 ACE RMSE Std
walking_xyz 17.5358 0.7033 10.036 7 0.4209 95.99 95. 81
walking_static 10.276 9 0.4550 7.2879 0.2667 95.57 96. 34
walking_half 25.368 1 0.924 4 14. 640 1 0.576 8 96. 36 96. 06
sitting_static 0.3510 0.3303 0.1549 0.1429 5.90 7.75
DS-SLAM, 5 DynaSLAM %} i & B, A SCH4 2% 1) *4 ZHFEIRE T SLAM &£ RMSE Xttt

RMSE KT DynaSLAM, iX /& K &7 DynaSLAM F&AI%
T RGP AR R TR R A SRS
L ERFEZE  (HE P, 2T DynaSLAM 2 G0 7F i
JEE RIS B8 TG A R
2.3 HEXERE

TEAL BB AR () 18 UL B2 SLAM A5 h | 3
JER—NEHEIE R, 2 5 X T AR SCE L ORB_
SLAM2 . DS-SLAM } DynaSLAM %5 7E [7] —3 15 #L I
(K32 F7iFE], HOMFE ORB_SLAM [ R SEHELE |38
JY B ARAG I e A% A L] i 18 358 53, i DAAS SCHR
A BR B 15 1E] K T ORB _ SLAM2, {H 5 DS-SLAM ,

Table 4 RMSE comparison of SLAM algorithms

in a dynamic environment

izl DS-SLAM!"®!  DynaSLAM'"!  ZR3CH ¥
walking_xyz 0.024 7 0.0150 0.019 1
walking_static 0. 008 1 0.006 0 0.0105
walking_half 0.0303 0.0250 0.037 8
sitting_static 0. 006 6 0.007 6

DynaSLAM AH b, A SC3 3 70 3 5 5 T 9 PERE A
FPETL . LREH IRAS TR , AR SCR L ARG B AN
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Table 5 Image processing time of SLAM algorithms in a dynamic environment s
izl ORB_SLAM2 DS-SLAM DynaSLAM AR
walking_xyz 0.0396 0.3053 1.224 8 0.0772
walking_static 0.038 1 0.2925 1.1738 0.0782
walking_half 0.0419 0.2756 1.2836 0.080 3
sitting_static 0.0324 0.3267 1.2516 0.078 4
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