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Abstract

This paper proposes a binocular visual SLAM optimization method that integrates depth features
and semantic information, addressing the issue of reduced positioning accuracy in traditional vis-
ual SLAM systems due to interference from dynamic objects in dynamic scenes. Firstly, a lightweight
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improved DeepLabV3 semantic segmentation network is adopted to enhance segmentation accu-
racy while ensuring real-time performance; secondly, a dynamic mask construction mechanism based
on semantic and depth consistency is designed: it initially filters potential dynamic areas through se-
mantic segmentation, analyzes temporal depth changes using binocular depth maps, and intro-
duces a confidence-weighted scoring and temporal consistency judgment strategy to accurately dis-
tinguish between dynamic and static feature points; finally, the above modules are integrated into
the ORB-SLAM3 framework to construct a complete system that includes tracking, local mapping,
and loop detection. Experiments on the Euroc and KITTI datasets demonstrate that compared to
ORB-SLAM3, the proposed method reduces absolute trajectory error (ATE) by 8%~15% in indoor
scenes and by 7%~35% in outdoor scenes, significantly enhancing robustness and positioning ac-
curacy in dynamic environments.

Keywords

Visual SLAM, Semantic Segmentation, Depth Features, Feature Extraction, Dynamic Environment

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 3]

HLE )25 5 7 5 2 P $2 R (Visual Simultaneous Localization and Mapping, VSLAM )i i PR35 J8 S sz 81
PUEE NALZ RS HEAL T o BRI SARTE AT 280 5 =kl B e R, RO A3, LA S0
SR IAZ R AT R[] M SLAM J5ik(indE T B35 LSD-SLAM L TR#E s ) ORB-
SLAM RA1)[2]) 8 Wik s A B %, HAEES b RTS8, (HENS TR FEE
BIE RIPR[3]: RHESR B RN 1S3 H bR SR 4],  HBhAWR 51 R FIRHE R VG ECR - B A8 THRS
S .

NPT M GBS R E R, R ) IR SLAM . 2R S0 ok 3 SRR 3R 58 I A0 Ak e 47 1
. HLAZEBIUIR: DS-SLAM [5]fliA SegNet [6]SLIENZ H bR %], (BN RAESE ORB HFIE 1 S
W, RIZIERFEFFAER: 77; DynaSLAM [7]45 4 Mask R-CNN [8]5 Z W & LA R I Bh 26 X 35, L[ 52 G
S AT L) 36 o 59 S0 B [ 3o 5 A AE KB 2% ;. Detect-SLAM [9]5% ] YOLO K IR b5 5h 2 M 221 4,
BRAE X - JUTBR S 2R S8R R A Z R : SG-SLAM [10]3E T MobileNetV3 M S4FMEIEG 2, B
Bl T U Z) R ER THBh A& p R A, ENTE R Z0I8 B i[RI R85 5] R BRIER 2R 2% RDS-SLAM [11]57E ORB-
SLAM3 HHEE R 2 AT U FIZ6HE , (HANE SCIREN 1 BhES s bR s PR T RGuMEm I . DA 77 10%
OVRFATE T3 FERGIL GeF THRRE, AR S FIER ERFE 515 SUE B [12], & BRI B 51 bR 5 BRER AR
ENE TR

Bt _F 1), AR SCHR T VR B R AE SRS B B LR I AR AR AE SR 385 51N TR FEAFAE,
SEA R B B ARSI N 28 B S SR8 A PR Sh AR £, SEIURSHE e AL R B R 1 S . ARSI O Tt
B = 7T :

1. 2B EIRETE LB 4484, K DeepLabV3+i] 3= T- M 4% &% 44 MobileNetV3, 3 &K
THE A 76 ASPP B S 8RB ECA-Net 1= b, 36582 REERHMERL G R8T . 2T HER RS 7
FIRGEERIF, SRAHEELEEE, 23 SLAM SRR K.

2. FESTAE S - IREE D R SNASHERD A L, GRS s e S TR — B AR B eI i

][l

DOI: 10.12677/jsta.2025.136081 828 RIS M


https://doi.org/10.12677/jsta.2025.136081
http://creativecommons.org/licenses/by/4.0/

WAL, BE

XAy RN RIS AENAS X3, 4k 56 T 00 H VR TS P iR 22 5, e Jia B R A P IRV o 1 2 e
FP— B ISR, A R e A R )

3. PIERIRFEEE SR H SLAM HEZY, £ ORB-SLAMS3 FEfith Al FaRBibe. BRERZEFE R 24
ik DeepLabV3+SEmf iy H B A HERD, 256 2 RBERHESE U BRSNS FFAE 20 S5 a2 B 5] NIRFE LR A hr
LAhTh, IR MG IS L —FEIRAE . 7F Euroc 4R KITTI ZRENR, SHrERE R EA &
ELNINEDa

2. RGIESR

il 1 FR, RSO R T IR - 1 SO R BB SLAM B4, HAZ O B AT IS AR I ERER 2R R
Jr i gt P 2R AR 5 IS IE LR AR e X H SN R R N TE X 5 IR R AR R s, T
MRS R 2 TR LA i 37 S R AR, SR 42 81k DeepLabv3+ (MobileNetV3 =T + ECA-Net #5505
VBRI, R AR A B AR A B RS EERER Y SO, I 2 RO RIE SR EL S S AR VT L SR EL
EREPERIE SR, AR IE S S JEIE IS SRR, R OR B IO A RHE O T kit el
A S PHER ST o

Figure 1. Overall diagram of the algorithm
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Figure 2. Improved DeepLabV3 model network structure
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Figure 3. ECA-Net module structure
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Table 1. Comparison results of Absolute Trajectory Error (ATE) under the Euroc dataset
%% 1. 7£ Buroc BURE TR HITIREATE)STLEER

=27 ORB-SLAM3 NSRS Eiepas
ATE/m ATE/m ATE/%

MH_01 0.048 0.041 14

MH_04 0.085 0.072 15

V1 02 0.074 0.065 12

V2 02 0.102 0.093 8
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Figure 4. Trajectory comparison chart
& 4. FExTEEE
Table 2. Comparison results of Absolute Trajectory Error (ATE) on the KITTI dataset
2. 1£ KITTI BIRE T AN MITIRZE(ATE) I LR
5] ORB-SLAM3 A3 IR
ATE/m ATE/m ATE/%
00 1.30 1.16 10
03 0.81 0.52 35
04 1.54 1.37 11
05 1.27 1.16 13
06 1.04 0.88 15
07 2.80 2.58 7
09 3.62 2.90 19
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Table 3. Comparison results of the absolute trajectory error (ATE) (m)
3. @ITHITIRZE(ATE)XFELEER(K)

ORB-SLAM3 + ORB-SLAM3 +

o ORB-SLAM3 e U + TR BPER
MH 04 0.085 0.079 0.072
V1 02 0.074 0.070 0.065
03 0.81 0.61 0.52
09 3.62 3.01 2.90
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Table 4. Analysis of average processing time of key modules (ms)
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