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YOLACT network-based algorithm of visual SLAM of mobile robots

GUI Hao, ZHANG Qingyong, YUAN Yiqing
(School of Mechanical and Automotive Engineering, Fujian University of Technology, Fuzhou 350118, China)

Abstract; A visual SLAM algorithm for indoor dynamic scenes was proposed. The instance segmentation net-
work YOLACT was introduced to eliminate most of the dynamic points. The multi-view geometry was used to
further filter the dynamic feature points that were not eliminated outside the segmentation mask. The remaining
static feature points were used as camera pose estimation. At the same time, the point cloud map was construc-
ted, the octree map was transformed and established; background repair was used to restore the background
after dynamic objects were removed. Finally, in order to verify the effectiveness of the proposed algorithm, the
TUM dataset was used for testing, and compared with the ORB-SLAM2 algorithm and other SLAM algorithms
processing dynamic scenarios, and results show that the proposed algorithm performs well on the highly dyna-
mic dataset. Compared with the ORB-SLAM2 algorithm, the positioning accuracy of the proposed algorithm in
indoor dynamic scenes is improved by 93.06% , and it can be applied to the later use of robot positioning and
navigation.
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Fig.1 Overall framework of algorithm
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Fig.2 System framework demonstration
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Fig.3 Instance segmentation network processing
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Fig.4 Dynamic point detection for multi-view
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Fig.5 Eliminating dynamic points using instance
segmentation and multi-view geometry strategies
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Fig.6 Background repairing
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Fig.7 Point cloud map and octree
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Tab.1 Comparative results

of ablation experiments

A XTI R/ m
78775 PR S

ORB-SLAM2  ORB+YOLACT  ORB+Multi-view Our
fr2_desk_with_person 0.071 6 0.073 9 0.006 0 0.073 3
. f13/s/half 0.024 7 0.021 2 0.014 3 0.019 9
e fi3/5/xyz 0.009 1 0.014 7 0.009 4 0.014 6
fx3/s/static 0.009 0 0.006 5 0.007 3 0.006 0
fi3/w/ half 0.648 1 0.027 6 0.388 1 0.023 5
N f13/w/ 1py 0.789 8 0.029 3 0.650 3 0.028 4
e 3/ w/static 0.409 0 0.016 6 0.069 5 0.006 0
f13/w/xyz 0.719 8 0.017 3 0.429 3 0.014 3
Average Error 2.681 1 0.207 1 1.574 2 0.186 0

Tmprove/% — 92.28 41.28 93.06
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Tab.2 Comparison of absolute trajectory error (ATE) of ORB-SLAM?2 and that of the proposed algorithm

A AR/ m
R BinsE ORB-SLAM2 Our

Improve/ %

RMSE  Median  STD RMSE  Median  STD RMSE  Median STD

fr2_desk_with_person ~ 0.071 6 0.0703 0.016 0 0.0733 0.0705 0.016 6 -2.37 -0.28 -3.75

ﬂfﬁ fr3/shalf 0.0247 0.0188 0.0131 0.0185 0.0137 0.0097 25.11 26.70 25.41
= fr3/s/xyz 0.008 3 0.006 4 0.0043 0.0110 0.0089 0.0052 -32.55 -39.85 -20.96
fr3/s/static 0.009 1 0.006 8 0.004 6 0.0060 0.0050 0.0027 3398 25.59 40.95
fr3/w/half 0.6481 0.4932 0.2900 0.0164 0.0132 0.0073 9748  97.31 97.48
j,%} fr3/w/rpy 0.7899 0.5298 0.3458 0.0284 0.0203 0.016 0 96.40  96.17 95.38
Zj_j fr3/w/static 0.4090 0.3064 0.1729 0.006 0 0.0050 0.0028 98.53 98.37 98.38
fr3/w/xyz 0.7198 0.4452 0.4190 0.0143 0.0106 0.0074 98.01 97.62 98.23
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Tab.3 Comparison of relative trajectory pose error (RPE) of ORB-SLAM2 and that of the proposed algorithm

ISP F R 1R 22/ m
E782 EYEI LS ORB-SLAM2 Our

Improve/ %

RMSE  Median  STD RMSE  Median  STD RMSE  Median STD

fr2_desk_with_person ~ 0.100 6 0.0865 0.0501 0.1024 0.0871 0.0516 -1.79 -0.69 -2.99

{Eﬁ {r3/shalf 0.0358 0.0251 0.0205 0.0285 0.0221 0.0136 20.39 11.95 33.66
% fr3/s/xyz 0.0134 0.0112 0.0060 0.0216 0.0190 0.0088 -61.19 -69.64 -46.67
fr3/s/static 0.0138 0.0098 0.0072 0.0087 0.0074 0.0038 36.96 24.49 47.22
fr3/w/half 09778 0.7116 0.5806 0.0339 0.0276 0.0155 96.53 96.12 97.33
:,%} fr3/w/rpy 1.046 5 0.8407 0.5627 0.0404 0.0303 0.0208 96.14  96.40 96.30
z;g.g fr3/w/ static 0.5849 0.0942 0.4208 0.008 7 0.0073 0.0038 98.51 92.25 99.10
fr3/w/xyz 1.0659 0.7983 0.6285 0.0207 0.0162 0.0101 98.06 97.97 98.39
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Tab.4 Comparison of relative trajectory rotation error (RRE) of ORB-SLAM2 and that of the proposed algorithm

ABXT AT AL 1R 22/ (©)
HEE iR ORB-SLAM2 Our

Improve/ %

RMSE  Median  STD RMSE  Median  STD RMSE  Median STD

fr2_desk_with_person 0.749 0.619 0.362 0.695 0.566 0.333 7.13 8.48 8.03

%E {r3/shalf 0.873 0.719 0.387 0.797 0.644 0.367 8.72 10.49 5.24
)
= fr3/s/xyz 0.575 0.414 0.303 0.634 0.490 0.311 -10.27 -18.44  -2.47

fr3/s/slatic 0.371 0.317  0.161 0.323  0.270  0.144 13.14 15.06 10.32
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Improve/ %
7815 YIS ORB-SLAM2 Our
RMSE Median STD RMSE  Median STD RMSE  Median STD
fr3/w/half 21.153  16.239 11.844 0.834 0.705 0.361 96.06 95.66 96.96
jg fr3/w/rpy 18.502 13.991 10.606 0.919 0.690 0.493 95.03 95.07 95.35
& fr3/w/ static 10.706  1.424 7.712 0.273 0.229 0.120 97.45 83.92 98.45
fr3/w/xyz 20.467 15.268 12.028 0.630 0.429 0.385 96.92 97.19 96.8
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