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Abstract: This paper proposes an image preprocessing
method for visual simultaneous localization and mapping
(SLAM) systems in dynamic environments, which can be
easily integrated into existing visual SLAM systems to
enable stable, accurate, and continuous operation in
First,
dynamic object recognition algorithm that integrates the

highly dynamic environments. it proposes a

use of semantic segmentation networks and optical flow

estimation networks to robustly and accurately identify
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potential dynamic objects in images. Then, to detect
shadows associated with dynamic objects, it proposes a
shadow recognition algorithm based on region growing.
Afterwards, it uses image completion techniques to fill in
the gaps left by the removal of dynamic objects from the
images. Finally, it combines this image preprocessing
method  with ORB-SLAMZ and
experiments on the KITTI dataset, which demonstrates
that the
significantly improves the positioning accuracy of visual

stereo conducts

proposed image preprocessing method

SLAM systems. Each module in the image preprocessing

method plays an irreplaceable role.

Key words: image pre-processing methods; visual

simultaneous localization and mapping; dynamic

environment; localization
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Fig. 1 Framework of proposed image pre-processing method combined with the visual SLAM system
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Fig. 2 Dynamic object detection method
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Fig. 3 Process of region growing based shadow recognition algorithm
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Algorithm 1 Shadow detection algorithm

Input: Original RGB image Ix, Semantic image with
dynamic object mask I

Output: Shadow mask image Iy

. seeds = GetlnitialSeeds (1)

: I;; = Translate ToHSL (1)

: while length(seeds )70 do

: point<—seeds[ 0]

. Remove seeds[ 0] in seeds

: if point not processed then

: point marked as processed

0 N O Ul B W N

. else

9: continue
10: end if
11: for adjacentpoint within adjacentpoints do
12 if adjacentpoint do not cross the border then
13: if adjacentpoint not processed then
14 if MeetRegional Growth(adjacentpoint, I;;) then
15: Add adjacentpoint to seeds
16: else
17: Add adjacentpoint to leakseeds
18: end if
19: else
20: continue
21: end if
22: else
23: continue
24: end if
25: end for
26: end while
27: LeakDetect(leakseeds )
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Fig. 6 Comparison of impact of shadow detection module on image completion performance
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Tab.2 Results of the system without the image complement module in terms of absolute trajectory error
compared to the original ORB-SLAM2 system

HiEdE EiELi J5il ORB—SLAM2 Ay EMG AN A (G AL R 5 %+ ORB—SLAM2

MAX 16. 265 16. 643

01 MIN 0.753 0.632

I RMSE 8.108 8. 908
R MAX 6.861 8. 456
09 MIN 0.773 1.066

RMSE 2.861 3.503

MAX 6.991 9.880

02 MIN 0.293 0.219

RMSE 3.213 4.507

MAX 0. 266 0.321

Rahas 04 MIN 0. 042 0.031
RMSE 0.156 0.158

MAX 1. 005 1.072

05 MIN 0. 140 0.082

RMSE 0.634 0.424
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Tab. 3 Results of the system without shadow detection module compared to original ORB-SLAM2 system in

terms of absolute trajectory error
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MAX 16. 265 18. 201
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- RMSE 8.108 8.046
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RMSE 3.213 4.621

MAX 0. 266 0.320

s A& 04 MIN 0.042 0.027
RMSE 0.156 0.151

MAX 1.005 0.851

05 MIN 0. 140 0.094

RMSE 0.634 0.399
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Tab. 4 Average runtime of modules in proposed

method on KITTI dataset Seq.01
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