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Visual SLAM Method Based on Image Segmentation and Fusion of Point
and Line Features in Dynamic Scenes

YAO Donghao, YUAN Ye, WU Baolei, LIU Na
(Institute of Machine Intelligence , University of Shanghai for Science and Technology , Shanghai 200093, China)

Abstract: Aiming at the problems of poor positioning accuracy and insufficient robustness of visual SLAM in dynamic scenes, a visual SLAM
algorithm SPL-SLAM suitable for dynamic scenes is proposed. The algorithm first utilizes the YOLOv8 seg instance segmentation network to
detect prior regions for dynamic region recognition and semantic map construction ; Secondly, the robusiness of the system is enhanced by in-
troducing line feature constraints; Again, use motion consistency detection and angle detection algorithms to identify dynamic regions, and fil-
ter dynamic point features and line features; Finally, an adaptive weight error function was designed and combined with residual static point
and line features for pose estimation, while creating a static dense point cloud map to avoid dynamic object interference. Experimental verifica-
tion was conducted using the TUM dataset and real scenes, and the results showed that compared to ORB-SLAM3 and other related dynamic
SLAM algorithms, the SPL-SLAM algorithm has better positioning accuracy in dynamic scenes.
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Fig.1 Overall framework of SPL-SLAM
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Fig. 2 Comparison of different semantic segmentation networks
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Fig.3 Detection of angles between different line features
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Fig.4 Expansion of the mask
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Fig. 6 The reprojection model of the line
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Fig.7 Epipolar constraint in a dynamic environment
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Fig. 8 Feature points and feature lines before and after adding adap-
tive weights
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(b)  Static semantic map
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Fig. 9 Construction of dense 3D point cloud maps
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Table 1 Absolute trajectory error comparison between SPL-SLAM
and DS-SLAM systems

%1 SPL-SLAM 5 DS-SLAM R4t ATE tb4% (m)
DS-SLAM SPL-SLAM
il - - -
RMSE Mean Median STD RMSE Mean Median STD

fr3/w/xyz 0.028 8 0.020 6 0.016 6 0.020 1 0.0129 0.0112 0.010 5 0.006 8
fr3/whpy 0.4752 0.4051 0.2856 0.2484 0.0827 0.0592 0.052 6 0.0415
fr3/w/half 0.028 3 0.024 2 0.0209 0.0147 0.0315 0.0269 0.0226 0.016 4
{r3/w/static 0.007 6 0.006 9 0.0063 0.0036 0.011 3 0.0104 0.009 8 0.004 3
fr3/s/rpy  0.021 3 0.0155 0.011 8 0.014 6 0.019 8 0.0149 0.0109 0.0122

Table 2 Comparison of ATE between SPL-SLAM and other systems

%2 SPL-SLAM 5EMZRESRATE Lbig (m)
Rl ORB- Dyna- CFP- YOLO- Blitz— PLD- Oure
SLAM3 SLAM SLAM SLAM SLAM SLAM
fr3/w/xyz  0.5359 0.0158 0.0141 0.0194 0.0153 0.0144 0.0129
fr3/w/rpy  0.7408 0.0402 0.0368 0.0933 0.0356 0.2212 0.0827
fr3/w/half  0.3962 0.0274 0.0237 0.0268 0.0256 0.0261 0.0315
fr3/w/static  0.3540 0.0080 0.0066 0.0094 0.0102 0.0065 0.0113
fr3/s/irpy  0.0214 0.0302 0.0253 — — 0.0222 0.0198

SLAM Al PLD-SLAM #f kb , SPL-SLAM % 4t 7E fr3/w/xyz Fl
fr3/s/rpy B 4fls 5 bR I HE 4, ATE 73 5l 42 T+ T 26.5% .
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Oy ENARHIE . PRI AR SCRE TR X S Eidis SR rh R B —
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Fig. 10 Comparison of the estimated trajectories
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(a) Original RGB image
(a) JRIARGB IR

(b) DS-SLAM
(b) DS-SLAM

(¢) SPL-SLAM
(¢) SPL-SLAM

Fig. 11 Comparison of segmentation effects among different networks
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Table 3 Results of ablation experiment

R3 HRMXLBLER (m)
] YOLOv8 + LSD + [4i&
gl YOLOvS YOLOVS + LSD N
R AL
r3/wixyz 0.012 976 0.012 945 0.012 909
fr3/w/rpy 0.082 932 0.082 801 0.082 748
fr3/w/half 0.031 625 0.031 523 0.031 549
fr3/wistatic 0.011 356 0.011 332 0.011 324
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Fig. 12 Comparison of static feature extraction effects in real scenes
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