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Semantic visual SLAM algorithm with sparse optical flow
in dynamic scenarios
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2. Zhejiang International Sci-Tech Cooperation Base for Intelligent Robot Perception, Hangzhou 310023, China)

Abstract: Aiming at the problems of feature point matching accuracy degradation and map construction error increase
caused by dynamic interference in visual SLAM in complex dynamic scenes, a dynamic visual SLAM algorithm
combining semantic segmentation and sparse optical flow is proposed. Firstly, an adaptive thresholding strategy is
introduced to effectively improve the algorithm's ability to acquire feature points in complex environments. Secondly,
the DY-Conv module is embedded into the U-Net semantic segmentation network and combined with the LK sparse
optical flow field to achieve accurate detection and segmentation of dynamic objects, which effectively improves the
feature matching accuracy and robustness of visual SLAM in dynamic scenes. Finally, the validity of the algorithm is
verified based on the TUM dataset and real scenes. Experimental results show that the improved U-Net algorithm
increases the average segmentation accuracy from 92. 1% of the original algorithm to 94. 5%. Meanwhile, the proposed
semantic visual SLAM algorithm improves image processing speed by 60.13% compared to ORB-SLAMS3, and
enhances pose estimation accuracy by 43.75%, 77.33% and 64. 00% on three high-dynamic sequence public datasets,
respectively. Additionally, the dense 3D point cloud maps generated based on the TUM dataset and real-world
scenarios further demonstrate that the proposed algorithm can effectively suppress the interference of dynamic factors,
thereby improving the accuracy of map construction.
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Fig.1 Camera movement in a tea garden environment
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Fig. 2 Visual SLAM algorithm based on fusion of semantic segmentation network and sparse optical flow method
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Fig. 12 Comparison of absolute camera trajectory errors in low dynamic scenes under TUM dataset

¢« 66 o



EhE 5.5 FTATHELLGE LT SLAM £ % %516 1]

E320f

=y
3241
326

=328

Humins i

L L L L L L L L I 1 . L L L L L
-8.50 -8.25 -8.00 -7.75 -7.50 -7.25 -7.00 -6.75 -1.50 -125 -1.00 -0.75 -0.50 -0.25 -0.00 0.25
x/m

x'm

(a) ORB-SLAM3HLi%(w_static)
(a) ORB-SLAMS3 algorithm

(b) ORB-SLAM3%i%(w_hlaf)
(b) ORB-SLAMS3 algorithm

L L
-022 -0.24 -0.26

014 016 018 020
P
(¢) ORB-SLAM3E3(w_xyz)

(c) ORB-SLAMS3 algorithm

3.6] 180 E%%ﬂ 2601
3.18F 200 R 2,80}
-3.201 220
3.00}
£ 320f £ 240} } £
= - d =
3241 2.60F ‘NI 320f
3261 280
328} 3.00} . HEHE -3.40F
3.28 3.00 s
! 1 1 1 ! 1 1 1 ] L L L L L 1 L L Il 1 1 1 1 1 1 1 ]
850 825 -8.00 -7.75 -7.50 -7.25 -7.00 -6.75 2150 -1.25 -1.00 0.75 -0.50 -0.25 0.00 0.25 0.14 016 -018 -020 -022 -024 -026
x'm x'm

(d) ACE B (w_static)
(d) Ours algorithm

(e) ASLEVE(w_hlaf)

(e) Ours algorithm

() ZFI%%(W_xyz)
(f) Ours algorithm

E 13 TUM &sh B 53R4T ORB-SLAMS3 HIAS SC 77 12 8 4 %o L 705 152 22 %) L

Fig. 13 Comparison of absolute camera trajectory errors in high dynamic scenes under TUM dataset
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Table 2  Absolute trajectory error ATE comparison

il Dyna-SLAM ORB-SLAM3 DS-SLAM  Ours

fr3/s/static — 0.008 0. 007 0. 008
fr3/s/xyz 0.014 0.013 — 0.010
fr3/s/half 0.018 0.019 - 0.016

fr3/w/ static 0. 006 0.013 0. 008 0. 005
fr3/w/xyz 0.016 0.125 0.025 0.009
fr3/w/half 0.031 0. 159 0.028 0.024

HRHE 22 2 A B 27 r 0, AR SO HE Y B E = AT
AR F P L, M BT DYnaSLAM, ORB-SLAMS3 #i
DS-SLAM =ik , 46 % 40300 1% 22 354 /N R (9 42 T 5 fi 78
EE A KA b, M BT DYnaSLAM., ORB-SLAMS3 #i

x£3 MEXMHITFIRZE RPE 3ttE

Table 3 Relative trajectory error RPE comparison

il Dyna-SLAM ORB-SLAM3 DS-SLAM  Ours

fr3/s/static — 0.007 0.008 0. 006
fr3/s/xyz 0.017 0.014 — 0.011
fr3/s/half 0.023 0.022 - 0.022

fr3/w/static 0.010 0.021 0.011 0.009
fr3/w/xyz 0.023 0.073 0.033 0.018
fr3/w/half 0. 027 0. 091 0. 035 0.022

DS-SLAM =Rk 46 X Bk 5 22 398 KR 1 32 71, +F
FJETE w_xyz BG4 L, A Eb ORB-SLAMS3 539, 42 7} i
BER T 43. 75% .77, 33 % A 64. 00% .

MR 22 3 T A, 7S 3C T i HR 1 B ok 7R AR 3h 25 8 e 4
b AHR L R 25 40 B DY naSLAM., ORB-SLAMS3 FIl DS-
SLAM S U8 T /g 35 5 46 55 2 S 58 779 b AR S
LA T Bl R 25 M R BRI R TEUA Bk, R
walking_xyz #4855 b, 82 FH R B 3K 3] 21. 7396, 75. 344
1 45.45%
3.6 SERHMEREIEMG S Xt SEIe

BRI 0SSR AR B A R T 4 3% Dyna-
SLAM,DS-SLAM, ORB-SLAM3, PWC-SegNet Fl 7 3 5
95 B0 BRI S 35 A BORE B A AT X B AR, S IR 25 SRk
Fim .
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Table 4 Real time comparison results

WZR7S - FERT /ms
Dyna-SLAM =350
DS-SLAM 58. 2
ORB-SLAM3 32.1
PWC-SegNet 24
RS 23.2

R4 R 4 B9EHE 53 A AT AL A 3T DYnaSLAM, ORB-
SLAM3 #1,DS-SLAM Fl PWC-SegNet, 5 i 7§ 43 51 48 7+
T 93.37%.60.13%.32. 1% .3. 34% . FAARCE GE
T3 530 203 0 ARG

BE AN, SR 56 E AR SCFE 1 A S bR b i A AT M AR
HMEAT 90 min B 2 AR SL PR Sh A M, TR & R 5
B,

x5 ABEHAE

Table 5 Resource utilization rate

BATH RWEEY) PHIWC O NAAFH CPU G
K/min  FEH8}/ms R /fps HF#E/MB /%
0~30 22.5 44. 4 683 58+4
30~60 23.4 42.7 702 64+7
60~90 23.7 42.2 725 69+3
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Table 6 Dense mapping detailed parameter configuration table

S R e AL
4 T A7 A (] 2 s
X iR 2 Uk 0.01 m
Y AR Uk 0.02 m
Z A 2 R 0.15 m
TR R 0.5 m

B R AR 3C = A B o A PR B A R e ) T
TUM %= NI 4 415507 50 h it A7 1 S 560 I3, 52 46 45 21
ntEl 14 PR .

SRR WY AR SCI 1 TE X Bl A R S AT A U
Wi 5 BE 8 A BSOS i ) = 4R B8 5 0 s AT 0 R LS o 5
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(a) TUM indoor dense mapping testing

(b) FEAMRARIG A% 2 R

(b) Dense mapping test in outdoor orchard scenes

(c) EAPRA I R % 2 MR

(c) Dense mapping test for outdoor orchard scenarios

(d) Z A3 b 7 57 o o B R

(d) Dense mapping test in outdoor tea garden scenarios

(e) PRI Bl 2496 137 50 st R st

(e) Dense mapping test for the scenarios of fast-moving vehicles
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Fig. 14 Dense 3D point cloud map construction renderings
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