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ORB-SLAMS3 algorithm for dynamic scene optimization

XU Shuping, YANG Dingzhe, FANG Jiaxiang, JIANG Shuo
(School of Computer Science and Engineering, Xi’an Technological University, Xi’an 710021, China)

Abstract: Aiming at the problem of robot pose estimation bias and imperfect map construction caused by
moving objects in dynamic scenes, an ORB-SLAM3 algorithm for dynamic scene optimization is proposed.
Firstly, the dynamic object is detected by the improved YOLOVSs algorithm and the associated feature points
are preliminarily removed. Then, the missing dynamic feature points are further filtered by combining LK
optical flow tracking and epipolar geometric constraint analysis based on fundamental matrix, so as to
improve the accuracy of environment perception and pose estimation. At the same time, the corresponding
point cloud information is generated by filtering the key frames of dynamic information to realize the
construction of 3D dense static map. The test results in indoor dynamic scenes show that compared with the
traditional ORB-SLAM3, the absolute trajectory error and relative pose error of the proposed algorithm are
reduced by 55.2% and 93.7% respectively in the office environment, and by 24.3% and 40.2% in the corridor
scene, which verifies the robustness advantage of the proposed algorithm in dynamic scenes.
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Fig.1 Improved ORB-SLAM3 system architecture

T i A AR S A AR Y e RS R S
B 5esedt, A4 ORB-SLAM3 [ A58 LR i
HmzhAs LR, ZBPER) YOLOvVSs H
BRI 00 5 BT GRS 2 SR ) B A RAE s 5B
JEME A . B, SASGEER YOLOVSs RS
HETiE G R AR, IR AR H

PRIDSHESS B X RGB BIRAATHIAL R , YOLOVSs
SR 640x640 1R RN 1 IG5 A 48 2544 LAAG:
JeR B, i R R P AL B B A A 2 S HE A
bRo FEESERIGALELIRE D, REGURE b — Wik i
BIRFIE S B 2 5 BT, JFilsd ORB AL A SIS
VERCHEIATRFAE ALV AC . HRAEVCHCAE R, REAG AR



1000 o BRI F IR

% 33 %

WRIE AR R B ARAE ST IR, A DUAE 1
FRAE SOMARIC A S AR AL , 2RSE T e (o 5 Hb Pl A 2
BT Ik Se AR A, R G0 V03 HE T A ) AR
Bifif, P RIRR ) LART 2 SRR 126 T A L DC P B ARPALE A
B2 X I H SRR AE S SR R IE A
1.2 YOLOv5s B¥r6 &% K& B st

AR YOLOVSs  H brG il 5 4 R 3 A 5 g
Gt s 2SN IARRE A, AR B SRR R AR T
JEBEALRE . YOLOVSs & — & il aitl . misH

ARG 1T 352 T AR R Z5 414, 232l Tnput. Backbone .
Neck LAJ Head PYifisr4lif. Hi#R YOLOvSs fEfEiHN
BN . SRR A S 2RI, B
MEhZA SLAM Wt , 17 A8 £ B Eh A T,
METHEDE, HAOL BB TR ARG SR Puk
BT, RN RS ENAEE S R @R, I, A
O YOLOvSs FEgadifriid, (eI R i47
NEATAGIN ,  DAME S A5 R R 3 VB 7E (32 30 H s
MR YOLOVSs HEZLUNE 2 Ff 75 o

K2 ik YOLOvVSs (4251
Fig.2 Improved YOLOVS5s network structure
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Fig.3 Comparison of improvement effect of YOLOvSs
algorithm by using dataset
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Fig4 Comparison of improvement effect of YOLOvSs

algorithm in real world environment
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Fig.5 Improved YOLOVSs training results
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Tab.1 Comparison of test results of the network model before and after improvement
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Fig.9 High dynamic feature point removal effect
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Fig.10 Comparison of absolute trajectory error in low dynamic scene
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Fig.11 Comparison of absolute trajectory error in high dynamic scene
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Tab.2 Quantitative results of s_halfsphere sequence (Unit: m)

TS PR RE  BRARIRE CFIAIRE R R
ORB-SLAM3 (x) 0.034 0.031 2.201 1.468
Ours (x) 0.031 0.024 2.075 1.095
ORB-SLAM3 () 0.033 0.111 1.249 4.273
Ours () 0.032 0.105 1.242 3.911
ORB-SLAM3 (z) 0.003 0.026 0.324 3.563
Ours (2) 0.003 0.022 0.306 2.942

%+ 3 s static FHIEELER (B K)

Tab.3 Quantitative results of s_static sequence (Unit: m)

TS P RE  BRARIRE CFIAIRE R R
ORB-SLAM3 (x) 0.011 0.029 1.611 4.716
Ours (x) 0.004 0.017 0.662 2.778
ORB-SLAM3 () 0.013 0.019 0.916 0.830
Ours () 0.007 0.011 0.241 0.427
ORB-SLAM3 (z) 0.008 0.037 0.590 2.561
Ours (2) 0.005 0.018 0.376 1.311
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Tab.4 Quantitative results of w_halfsphere sequence (Unit: m)

Ak IR I RHXT IR SPIAHRT R 2 I RAHXS R 2
ORB-SLAM3 (x) 0.205 0.629 0.766 5.764
Ours (x) 0.002 0.009 0.358 2.639
ORB-SLAM3 (y) 0.135 0.523 0.872 8.269
Ours () 0.018 0.075 0.436 3.284
ORB-SLAMS3 (z) 0.011 0.080 0.714 4.933
Ours (z) 0.004 0.027 0.271 2.080

=5 wxyz FIIEELER (BAL: K
Tab.5 Quantitative results of w_xyz sequence (Unit: m)

Ak IR I RHXT IR SPIAHRT R I RAHXS R 2
ORB-SLAM3 (x) 0.178 0.887 2.589 3.443
Ours (x) 0.001 0.008 0.206 1.489
ORB-SLAM3 (y) 0.053 0.147 1.786 4.773
Ours () 0.005 0.035 0.183 1.280
ORB-SLAMS3 (z) 0.035 0.284 2.772 6.150
Ours (z) 0.005 0.027 0.425 2.193

N ERGEVEA B T BhARHE 5 BRI ORB-SLAM3
A ERE, #E TUM RGB-D BE£EM 3 J3751 1
#f FER T ORB-SLAM3 . DS-SLAM. DynaSLAM %
AW, HI AR RZ (Absolute Trajectory

Error, ATE ) . #HXi %1% 2 (Relative Pose Error, RPE )
R824 7 0] = Iifaba it T 4o, &5 590
6 FIK T FiR,

* 6 ATREEZEE 3 FHIREMBE L

Tab.6 Comparison of localization accuracy of different algorithms in fr3 sequence

Fegl ORB-SLAM3 DS-SLAM DYnaSLAM Ours

ATE/m RPE/m ATE/m RPE/m ATE/m RPE/m ATE/m RPE/m

W_XyZ 0.274 0.182 0.023 0.033 0.017 0.028 0.024 0.016
w_halfsphere 0.553 0.256 0.038 0.046 0.024 0.035 0.049 0.022
w_static 0.039 0.071 0.020 0.029 0.007 0.012 0.002 0.046
w_rpy 0.589 0.215 0.039 0.048 0.043 0.085 0.046 0.019
s_static 0.012 0.025 0.013 0.022 0.014 0.025 0.007 0.003
s_halfsphere 0.040 0.035 0.032 0.026 0.028 0.044 0.025 0.025

x7 BIATHE(TRIE (R #)

Tab.7 Average algorithm running time (Unit: s)

Ak PR TR
ORB-SLAM3 43.2
DS-SLAM 124.2
DYnaSLAM 382.5
Ours 86.7

HE 6 FIk 7 WM, KSR s_static 5
s_halfsphere H', 54445/ ORB-SLAM3 #H kb, ASSCH
LRI TG HAESHIET R wxyz.
w_halfsphere Fl w_rpy H', HTEEPGER SN HAR,
SORPOLLAG VI ARG, {§i£3 ORB-SLAMS3 %)
RZE K . G563 6 BT LU, Aok
) ATE Fll RPE 43 5ISFH4 N R T 91.5%F1 91.3%, S5
S5 RWIASCH RS A BT SLAM R 5t E Al

IS . 548, 5 DYnaSLAM Fil DS-SLAM #f]
o, Ak SLAM RGEHEMBE LS
DYnaSLAM Y%, HZ{Th AR TIE 5 f%; 5
DS-SLAM #tt, #lbRZEME, HiAFERTFEIL T
30.2%. TESCINMPEDTT, ACRLEEARENH. 4
HIATI AFE ARG BE, A TSGR 3% SLAM
RGJRI B LS TERE
2.2 EXMERESSHERENK

T B Uk A A LS AR N B A R,
TEINE 16 Frs i Ip 2 55 5 M 17 i B R 5t
H, 43R IS 55 ORB-SLAM3 A S35 4T 1L &
S, TEIAEGEPIT AR, EEBERA T
e 18 FroR. Horb, B 18(a) 5B 18(b) ] TR UERR
FIARHER B T H R, S8 T ATEHBE vh
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Fig.16 Office scene

K17 ER s

Fig.17 Corridor scene

(a) ORB-SLAM3 7K F-¥iff
(a) ORB-SLAMS3 horizontal perspective

(b) ORB-SLAM3 i #f.f
(b) ORB-SLAMS3 top-down perspective

(c) Ours K FALFA

(c) Ours horizontal perspective

(d) Ours LA
(d) Ours top-down perspective
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Fig.18 Construction of dense maps in office scene

TEER e, AT AFWLas AR AT, R8s
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Bl 19 fiizs

(b) Ours
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Fig.19 Construction of dense maps in corridor scene

g LA EERIORE L, (2R 19()H, 17 AR
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BfE M e R, R, R TERSYIABABOE
PIE R TH0, PRBTH ARG B TE ] WL

MER 8 AR EVO TABUBBETAGE R,
AR SCEAE I3 05 BEFNGE R 57 59 B RS AR T
A ATE Il RPE 23 I8/ 55.2%. 93.7%; 3
JiRY 5t ATE Fil RPE 205008/ 24.3% . 40.2%. 5Kk
W, ASCRAM R RS B0 S AREE T
—E, Bk T RIEN AR,
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Tab.8 Comparison of trajectory error in
different scenarios

. LT A
o ATE/m RPE/m ATE/m RPE/m
ORB-SLAM3  0.058  0.143  0.037  0.087
Ours 0.026  0.009  0.028  0.052
3 & i

XL G R SLAM FELAE ShASPRE b Mk AA R
BRI R B H br 5 BOE RS FEAR B B A 58 38
AT, AR SCHR Y T — P S T B 3 H bR A I Y itk
ORB-SLAM3 54k, 6%t YOLOvSs M4 2EA RS il ,
LR BE R H A U 23 SO INAT N, AT BE I =i 28
WU E NS T BESE LK GRS HREIL
o, XHSeE sh A XIS AE AT IR R, B
KRR LI 3 A3 5 F RIS IRILAS ; feJm i i 7 i
ARHE W AT A R, BIRRBhARFIE RO =4k
EIR T4, 12 TUM RGB-D ##i 4k fi3 5751
PEATIAAS e AXFRAR S R T RIES
ORB-SLAM3 MRS, TifErshad&gst w_xyz,
w_halfsphere. w_rpy ', ATE 5 RPE %% ORB-SLAM3
Y BERUN 91.5%F1 91.3%, BENAL T S8
ENIVERE. I seAE— LR A EY R
ATE 5 RPE 4}/ 55.2%F1 93.7%, £k bl
BEHRARIT BN 24.3%F1 40.2%, Jr HEH & 5 FLSLL
WS YIS, Uk T RIEAESAS BARMGI . AR
U8 K3 AT T A R S B . A SCE R
AT NI —ShaA HAR AT I, Bx Al sh 2 B ARy
DK 2 J BRI B T A
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