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Abstract: Most existing visual Simultaneous Localization and Mapping (SLAM) systems assume a static

environment. This assumption leads to significant degradation in positioning accuracy in dynamic scenes.
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To address this limitation, this paper introduced an object-level dynamic SLAM method. The method in-
tegrated object detection with optical flow techniques. Object detection was used to acquire detailed seman-
tic information about objects. Optical flow and object reprojection technologies were employed to distin-
guish between static and dynamic objects. Feature points associated with dynamic objects were subse-
quently removed. An optimal matching relationship was established between detected objects and map ob-
jects. Static objects were optimized within keyframes to improve localization accuracy. A dynamic quadrat-
ic surface optimization strategy was introduced. This strategy optimized dynamic quadratic surface models
in the object map. It also enabled the tracking of dynamic object trajectories. Finally, the method recon-
structed a dense static background. Experiments were conducted on the Bonn and TUM datasets. The re-
sults demonstrate significant improvements in accuracy. Absolute pose accuracy improves by 44.3%. Rel-
ative pose accuracy improves by 19.0%. These findings confirm that our method can deliver more precise
and robust localization in dynamic scenes. To further validate the system’s online performance, real-world

dynamic scenarios were tested. The experimental results met the expected performance standards. These

tests confirmed the system’s reliability in practical applications.
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Fig.1 System framework diagram
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Tab.1 Comparison of ATE on the Bonn Dataset (m)
03" OA™” 0s™ IF ™ RS™ Ours
Sequence
2021 2022 2023 2024 2024 /
Balloon 0.042 0.254 0.036 0.028 0. 025 0.031
Balloon2 0.072 0.219 0.035 0.029 0.024 0.031
Balloon Tracking 0.038 0.151 0.039 0.041 0. 030 0. 037
Balloon Tracking?2 0.075 0.262 0.078 0. 059 0.029 0.073
Crowd 0. 386 0.144 0.020 0.027 0.017 0.016
Crowd2 0.704 0. 080 0.024 0.028 0.023 0.021
Crowd3 0.339 0.156 0.026 0.038 0.031 0. 023
Kidnapping 0. 030 0.384 0.029 0.029 0. 025 0.028
Kidnapping?2 0.026 0. 348 0.025 0.025 0.024 0.023
Moving No Box 0.469 0.288 0.024 0.025 0. 020 0.025
Moving No Box2 0.041 0.367 0.033 0.037 0.033 0.041
Moving O Box 0. 364 0.436 0.220 0.262 0.266 0. 058
Moving O Box2 1.063 0.391 0.352 0.134 0.269 0.077
Person Tracking 0.422 0.519 0.051 0.041 0.037 0.044
Person Tracking2 0.834 0.636 0. 055 0.056 0. 037 0.061
Placing No Box 0.773 0.148 0.022 0.021 0.016 0.019
Placing No Box2 0.023 0.104 0.021 0.022 0.018 0.018
Placing No Box3 0. 040 0.187 0.027 0.043 0. 025 0.024
Placing O Box 0. 320 0.278 0.246 0.177 0.248 0.051
Removing No Box 0.023 0.135 0.022 0.017 0.015 0.021
Removing No Box2 0.023 0.132 0.022 0.025 0. 020 0. 020
Removing O Box 0. 384 0.147 0.357 0.197 0.288 0. 057
Synchronous 1.072 0.084 0.012 0.012 0.010 0. 006
Synchronous?2 1. 250 0.066 0.007 0. 009 0. 006 0. 006
TOP-1 0 0 0 0 12 13
®2 TUMHHEESEATER L
Tab.2 Comparison of ATE on the TUM Dataset (m)
DS™ 03" BS™” 0s™ RS™ Ours
Sequence
2018 2021 2022 2023 2024 /
fr3/s/static / 0. 007 / 0.008 0. 006 0. 006
fr3/s/xyz 0.013 0.011 0.015 0.013 0. 009 0.008
fr3/s/half 0.019 0.019 0.016 0.023 0.015 0. 015
fr3/s/rpy / 0. 026 / 0.041 0.019 0.019
fr3/w/static 0.007 0.014 0.010 0. 006 0.006 0. 005
fr3/w/xyz 0.016 0.115 0.015 0.017 0.015 0.013
fr3/w/half 0. 030 0.158 0.026 0.025 0.023 0.019
fr3/w/rpy 0.035 0.535 0.036 0.033 0.033 0.029
TOP-1 0 0 0 0 3 8
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Tab.3 Comparison of RPE on the TUM Dataset (m)
DS 03" BS™ s RS Ours
Sequence
2018 2021 2022 2023 2024 /
fr3/s/static / 0.008 / / 0.008 0. 006
fr3/s/xyz 0.014 0.013 0.014 0.012 0.012 0.008
{r3/s/half 0.024 0.023 0.017 0.021 0.019 0.015
fr3/s/tpy / 0.032 / 0.062 0.024 0.022
r3/w/static 0.009 0.020 0.013 0. 008 0.008 0. 005
fr3/w/xyz 0.022 0.070 0.020 0.018 0.019 0.013
fr3/w/half 0.028 0.092 0.025 0.024 0.026 0.019
fr3/w/rpy 0.045 0.206 0.047 0. 045 0.042 0. 040
TOP-1 0 0 0 0 0 8
*4 FERF-ATEF RPE 19.0%.

Tab.4 Precision improvement-ATE and RPE (m)

Method ATE RPE
RSO-SLAM™ 1.662 0.158
Ours 0.925 0.128
Accuracy Enhancement 44.3% 19.0%

ATE Z M, DL K AT Bl i 22 RPE Z fl . Wk 4
fit7n , 5 RSO-SLAM # L, A% 3¢5 % 19 48 % (v 23
KGR AR T 4 44.3% , AN 7 B G R T4

UL Ak, B 2 Rl 3 43 i J R T AR SO vk (5 2
7)) M2 #A52: ORB-SLAMS3( 4 147 ) 1E Bonn %
P £ A TUM $ 4l 42 78 43 7 1) 19 48 % 003 1% 22
(ATE) &5 5L B RUAR XAl 31 5% 22 (RPE) 25 SR [ .
Forb, B €8 4 % A 2 B0 A Y R LA 2 LA W
RSB TTIAEPLAL L s 20 B 2 SR ANR
25 CF 1B DL P H - i) o

mE 2 FE 3 LLE ), 5 ORB-SLAM3 A
P, AR SO SR A T A AR LA 2 S T £ i 2

— Ground truth -0.8 24 — Ground truth
-1.6 —Ours 2.6 — Ours
) — Difference -1.01 — Ground truth — Difference
-1.8 == 2.6
5 -1.27 — Difference 28
-2.0 g-14 £
7E £ £ £ a8
é 22 -1.6 -3.0
= 18 3.0
O 24 3.2
2.0
-2.6 22 39,
- -3.4
-1.6 -1.4 -1.2 -1.0 -0.8 -0.6 -0.4 -0.2 0.0 -0.75-0.50-0.25 0.00 0.25 0.50 0.75 1.00 -14 -12 -10 -08 -06 -04 -02 -1.2 1.0 -08 -06 -04 02 0.0
x/m x/m x/m x/m
— Ground truth -1.01 — Ground truth — Ground truth 2.5 — Ground truth
-17 —Ours — Ours 2.6{ —Ours — Oul
18 — Difference _12{ " Difference — Difference 26 *DllTC‘“C,
)
-1.9 1.4 2.8
g0 £g £ £
o Tl A R a0 £
i 18
2.3 2.0 3.2
2.4 22
-0 -08 06 -04 -02 00 -0.75-0.50 -0.25 0.00 0.25 0.50 0.75 14 -12 -1.0 -08 -06 -04 -02 -1.0 -0.8 -0.6 -0.4 -0.2
x/m x/m x/m x/m
Moving no box Person tracking fr3/w/xyz fr3/wirpy

K2 ORB-SLAMS FIA S5 i i 4 X B 3 2% &
Fig. 2 Absolute trajectory error diagram for ORB-SILAM3 and ours
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(b) OA-FET#2 NG
(b) OA- box after moving
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(a) OA- box before moving

4

(&) A SOTE-FE TR

(d) Ours- box after moving

(0) R3LT7 - FEF DT

(c) Ours- box before moving

Z il i 4k -Removing No Box

Fig.4 Quadratic surface optimization - removing no box
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Tab.5 Time comparison between proposed method and

dynamic SLAM (ms)
Experimental Average Du-
Method )

Platform ration

Dyna-SLAM""”  CPU+ TeslaM40 =350
OVD-SLAM™ 17+ RTX2060 27.8
RSO-SLAM™" i7+RTX3070 45.6
Ours R7+RTX3060 26.4

6.5 WEEE

A S #4 @ T Bonn FU4E 5 1 TUM 44 4
RS 5 b . WP 5 TR AR SO kT
DA 5025 B sl 25 X 42 %o 2% i Tl 1) 5 i), o o
YHE T 1) 5 A 2 Wl L 3 — 2D IE BH T 2R G5 1 A
PEFI R E T

BEIHLE A
(a) fI 5T &2/ N

(a) Ackermann steer vehicle

K7 HI5-P 02
Fig. 7 Real Scene-Sequence 02

(b) BHSX R A
(b) Dynamic object detection

K6 HIG5-FF01
Fig. 6 Real Scene-Sequence 01

(a) Bonn#jtfiz (b) TUM## 42
(a) Bonn Dataset (b) TUM Dataset

K5 PSR
Fig.5 Dense Static Map
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ROR

(c) HHHLELE

(c) Camera trajectory
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