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Visual SLAM Algorithm Based on YOLO11n in Dynamic Scene
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Abstract; To address the problems of low pose estimation accuracy and poor map quality in visual
simultaneous localization and mapping ( SLAM ) algorithms in dynamic scenes, a dynamic visual
SLAM algorithm incorporating deep learning is proposed. This algorithm integrates a lightweight
and high-accuracy object detection network, YOLO11n,into the frontend of ORB-SLAMS3 ( Oriented
FAST and Rotated BRIEF SLAM3 ) to detect potential dynamic regions. The Lucas-Kanade ( LK)
optical flow method is then employed to identify dynamic feature points within these regions. By re-
moving dynamic feature points while retaining static ones,the algorithm improves the utilization of
feature points and the accuracy of pose estimation. Additionally,a semantic map construction thread
is introduced to build a static semantic map by removing point clouds of dynamic objects identified
by YOLOI11n and integrating semantic information extracted in the frontend. Experimental results of
the TUM dataset demonstrate that,compared to ORB-SLAM3 , the proposed algorithm improves lo-
calization accuracy by 95.02% on highly dynamic sequence datasets, verifying its effectiveness in
dynamic environments and significantly enhancing the localization accuracy and map quality of vis-
ual SLAM systems.
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TR IR G LA, 51 A EEA YRR AE
iR 7 (A —1k RGB ##1E ) SRl & IMU i,
N OE AR A MR AR TR | 22 fifp 5 FE AR 2R 800G
AR AT, $E T S A R85 N AT A Al 520
FBERaTE, 3R 3 NG %S ORB-SLAM3 5
LA MWURE T AT L &5

3 BHEES ORB-SLAM3 EixESMiFER X LL
Table 3 Comparison of the time per frame between the
improved algorithm and the ORB-SLAM3 algorithm ms

AR 26. 1 ms, 55 ORB-SLAM3 i 25.3 ms
FEAFEF i SRR, B A% & (Walking _
halfsphere \Walking _xyz ) o, gt iJF 55 v FE i 48 &=
31.5 ~ 32.8 ms, % ORB-SLAM3 14 fi1 12% ~
15% , B 0 o)) 25 e AF 46 I 530 B %) T F 53 1 4
RSOGRSB4 3 o vh s 0 KG 15 3 I 3 42
T, HACEE AT i 225000 2K

i S 00 B AR SR 7E 5 DynaSLAM Al DS-
SLAM " Bk e sh S B s 1T 45 SRk T T
Xt , % ATE (9 RMSE =25 1E A A 15 bR, A
THBRAEF 28 55 AR R R A 52 A, 5 | ACRE X 42 7
o, DLEUL I i e E 5507 AR 38T )it ORB-SLAM3
FREA RS 56 250 T A Re iR T, HO 3k
XK

o

p:(l—ﬁjxloo% (12)

A« 103 5 ORB-SLAM3 5 i3 T 35 B4 446 %ot
BUBR2E ;B el ek A5 B B 2 X BT TR 25
F4 NSk S AL Sh A SLAM Rk ATE
X} L4k
*4 HHEZESHMINE SLAM Eikl ATE Xftt
Table 4 Comparison of the ATE between the improved
algorithm and other dynamic SLAM algorithms %

Btk ORB-SLAM3 A Wbt DS-SLAM  DynaSLAM A SCH%
Sitting_xyz 25.3 26. 1 Walking_halfsphere 89.90 88. 80 93.93
Walking_halfsphere 27.8 31.5 Walking_xyz 92. 60 93.30 95.26
Walking_xyz 28.2 32.8

rH#% 3 Al B S5 Sitting_xyz 1, BEE

1% 4 W0, A% DynaSLAM F1 DS-SLAM, A3
BV LT T 3. 94% F13.68%
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FIAEA SO YA AR sh A 50 A i % b
0 S PR | >R H Walking_xyz 1 b BG K4
£ K10 7R T H ORB-SLAMS3 #4115 = Hhb
Bl T ATE g st R g, e rpo= A T B
BB HRE ., K11 R 2 A S A
B sh 25 o5 5 B A9 2 1Y i S A s b R, %
BRURAURE B T 48 i 1 o K o, e 454 S8 4 1
STYNATE M LRI HLAT S S AN E X
FE, NHLES SRR RO o L 5E A 118
BEL LU

E 10 ORB-SLAM3 #ZHHREE S = tE
Fig.10 Dense point cloud map of ORB-SLAM3

B 11 AXEZRHENRSIENE

Fig.11 The static semantic map constructed by

the algorithm in this paper

3 Fig

AR CEl4 ORB-SLAM3 #%2H:1L YOLO11n H
PRSI ) 25 5 LK Gk, #E T E N s AR
LG SLAM B, ASCRETE TUM Bl 46 F
SERL T SRE, LR A5 R R W], 46 Lk ORB-SLAM3 %
B AR SCEIEAE B AR T AL B A TR B 0 307
HRARZHETE T 95. 02% , Al LA 5E 4 BR sh S FRAE 4

(R RZ I, 18 SO M 1AL A o ol B 3 R T, MR
DynaSLAM ,DS-SLAM 5.3, 5 {7 K & 43 51l 4 7+
T 3.94% F13.68% .
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