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A Review of Motion Segmentation Techniques for Visual SLAM
FENG Jia-Qi' YANG Kai-Lun®> LIN Jia-Cheng"® YANG Guan-Ci"*

Abstract As a critical foundational technology in the fields of mobile robots and autonomous driving, visual simul-
taneous localization and mapping (V-SLAM) faces severe challenges in dynamic environments. Feature mismatches
induced by dynamic objects frequently lead to localization drift, map distortion, and degradation of system robust-
ness. Motion segmentation technology is an important means of enhancing V-SLAM performance, but accurate dis-
crimination between static and dynamic elements in complex dynamic scenarios remains highly challenging. This
paper systematically reviews the research progress on motion segmentation for V-SLAM. Taxonomically categoriz-
ing existing methods into three primary research paradigms based on underlying environmental assumptions, we
present the technical principles of each paradigm, along with the core strengths, inherent limitations, and applicabil-
ity boundaries of representative strategies. Finally, future research directions are prospected.
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M3DGR™ E L)) HLEA v v v v




4 3 5k B WS SLAM 183 BIH AR 45k 671

B R 5 T IORERME RN RBEA T A,
M EE B RGB-D MHER TR AZERR=E
PR T R ORI Ok, F B FIPh 3D Hh I E
SLAM A5 B FE T SR AEAN [ SO S IR 4 1F K
SERASAE TS B RE. Augmented ICL-NUIM % g1
[ A5 ph 2 [ A B G K22 1) ICL-NUIM AR 2,
ZHIEE R — MR RGB-D e, B 7EHES)
48 557 AL SE R R UL AL ST AU 1) A ST A

2) EABhAHHEE

KITTT $#E4E B = /MEK g5, A 17X
HAHL Ok IMU 252 Ml Bk %, 153
AR E BT AT NEEAMEBE W sh4& H
Fr. Oxford B 5" X 4R X 58 408 4 T 7oK
IR E SR 4, BT I BLFEIE 1 000 kM, $2ftH
H /W H K& Bt = & GPS/INS A F A%
I, EUGECE# 2 000 /77K, Mapillary Vistas ¥
419 5 ApolloScape ZHHAE" $51H ) = M5t B/
HRER A B FRAIm LA N3, 5 &L LAHL
WMANENEIERET G, iL& A LIDAR 5 RGB 1%
ES, EH TIPS LIDAR 5 RGB 5 EI0F
PR L% N SLAM SiEAE AR N BTk RE.

3) BB S 2 FE RS

ADVIO $HiE 41 th Bl JRIE KB HHLRL 2 R
BUE, L3 T M T AR A SEPR N . W T
EN (R BRBG. RS, A E) A (k)
Y, FEX G ON1T AN M2DGR £ 2 H T
T AL 2% N S SLAM $dlE 4, KM T
RGB. ZL4k FHAFMIHL. 32 L0 F ik IMU. JR 4
RGN T E RS (global navigation satellite sys-
tem, GNSS) 255 Fl &£ AL 188 I R G, &
HF=EN. E45 5. RAWSEEDS 450 i 55
ME N BEIM ST 5, REE S VLS,
#% LiDAR. MONO. Stereo. IMU. GNSS %, ¢
PER AL A R BIEE, FSRIGIE SLAM 5yk7E
UNGEZS RN S AR A (k- R E B E=q! 1]
RGB-D BEUEF A B S e 5 N B SRR P S
B. EuRoC MAV ##z4P" K T AscTecFirefly6
NIRRT NHAENFE ST &, FIFHXCH HLLL K&
IMU KRR, G5 EN. AP E, T8
TRl AT B EAFIFAEE R SLAM Skt 6.
FusionPortableV2 #4407 NI EizALEE 11, SRk
FHRWA BRI UGV, X PU K5 F
G, BEFE T IGE HNRRIE . Rl A B AL 12 Fb
W, HET Sk RGBS 2 M B A XU S B9k
BT S SLAM S8 M I0AIE. M3DGR £l 4
W i AL IR AR IR A S R R ), RGUTEHET T

ME RS LIDAR FRIEM B %6 0FT W GNSS 4h
1EZEPU A 2 203 5, R AR E &34 LiDAR
4 AN 2 AL BB M1 AL 38 A AR AR 1R 13
1, HiBhid4T SLAM Sy 80k & BE 1 A VP4

FIREIR NS T AL SLAM Bk
W FE 1 RE VAl Aot L S 36 B8 (1L I v b5 5206 S 4%

1.3 #% SLAM HIIEEh &G AR IS5 Xt

AR XS PR B I B oA, KB 28 2 H107 1%
PN=ER, WK 2 for, BTSSR e
BN FIITE 2T B B s s 07 kA T
AR R G s s o EUE. AR, =383 7y
FNITT R O R AL BB ORI 3, A B AL
ORI 25 7 R BeAR SR B L L5 5 /IR, A3 B A Xt

PEREZ .

A NS = L
JJ_: BT ST VAR
S — =
ST HEB U2 HT

A i B

T

a8 | [T ETEEERREn %

s BT &
[ EERL UngRmam | |}

. 2IE E B D s
B |2 | rmmmes |
& R B i
3l ET R TRTE A .
rE i H: e

han L[ EmEmaEan | |5

o TSI Pag A WIRFA H

U 1Z3) i

N
- A8 L masmEswEn st |

K2 BlAEshr &Ik
Fig.2 Summary of existing motion
segmentation methods
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Performance comparison of motion
segmentation methods
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Table 3  Partially static-scene-assumption-based motion segmentation methods
Dy AP EITTHR IR % (m) FHLERY BT FERIHESE FRMTER R (8] (ms)
Dou 5P 0.01138 RGB-D i7-12700K + 32 GB ORB-SLAM3 14.153
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Fig.4  Epipolar constraint in static environment
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Fig.5 Epipolar constraint in dynamic environment
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based on direct geometric constraints
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Fig.7 Experimental results of the RTDSLAM system in
a real dynamic environment
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General semantic-enhanced dynamic SLAM framework
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WZEN 0.065 m. N T fRRIEBNES IR T HRHIE &2
RO a8, YPL-SLAM" Y i Ff YOLOv5s H¥x
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Pl S 22 A8 i A 38 o v TR R R, T 9k /N TR S
w9 RASRERE RS N TR AR R
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Fig.9 Refined mask generation based on deep clustering

and morphological constraints
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Zet k7K ORB-SLAM3 HIAZ/ O HESE, Tl 2 2018 i
M5 E B HA, #REWRETE 30 fps, kT
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A p. bR = s R A H AR R
I ANAS X, B2 BTk - B0 A s I TV E A — .
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TERENAS HARKL 73 #1, ik £ 00 BIE3h X &,
Pl RS I Zm k HERS I K s ol — 2P R R sh A&

X I [R5 G ik S s s R gl A 15 21 58 g
TR Sh A AT, T Be 8 55 = 0t ) R ik R
FEAE A, ARGt e 1 T Bh A 50 N S iA
G A A I WS 10 B O T R RTE
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IRAE SOMUER BUIA | REOE kA2 RA R THE 4. &
WRFE, X BTIEAE— EFE R MR 7 S T
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Table 5  Partially semantic-information-based dynamic SLAM methods
ik [ BENRITTR HANLA EGY BT AR BT A] (ms)
DS-SLAM® ARt SegNet RGB-D 2018 i7 + P4000 59
DynaSLAM® A MaskR-CNN + JL{TZ)3R H W H X RGB-D 2018 Tesla M40 195
DynamicSLAM!™" iy SSD | 2019 i5-7300HQ + GTX 1050 Ti 45
YPL-SLAM®MY ARt YOLOv5s RGB-D 2024 i7-12700 + RTX 2060 50 ~ 100
SDD-SLAM™ SC#iiig ) % 1 GroundingDINO + SAM-Track RGB-D 2025 NVIDIA RTX 3080 —
HMC-SLAM!®! 2 YOLOV5 RGB-D 2025 i5 + RTX 4070 Ti 51.02
DOA-SLAMI™ 7 FastInst 52415 %] SEARARML 2025 — —
DYMRO-SLAM!™ Pl MaskR-CNN WH 2025 — 64.89
DYR-SLAM!™ 2 YOLOvVS RGB-D 2025  i7-12700K + RTX 3080 57.82
DEG-SLAM!" ARt YOLOV5 RGB-D 2025 i5-8300H + GTX 1050 Ti 57.82
DHP-SLAM"" I SOLOv2 RGB-D/MHE 2025  i7-9750H + RTX 2070 76.09
YOLO-SLAM!MY 51 Darknet19-YOLOv3 RGB-D 2022 Intel Core i5-4288U 696.09
RDS-SLAM!" L] Mask R-CNN 5§ SegNet RGB-D 2021 RTX 2080 Ti 22 ~ 30
RDMO-SLAM™M IR Mask R-CNN RGB-D 2021 RTX 2080 Ti 22 ~ 35
LGN 5101 RT-DETR + PP-LCNet RGB-D 2025  i7-12650H + RTX 4060 29.86
TR ARt YOLOX RGB-D/MH 2024 E5-2686 v4 + RTX 3080 37.43
R i 4y YOLOv5s RGB-D 2024 R7-6800H + RTX 3050 Ti 29.86
DFE-SLAM™ i YOLOv5s RGB-D 2024 — —
YLS-SLAM!®! i YOLOv5s-seg BH/RGB-D 2025 i5 + RTX 3060 17
UE-SLAM"! i DINOv2 #H 2025 i7-12700K + RTX 3090 Ti —
H AT IR, SR LRDEIRE AN~ [ | [N o [ B
B ANIEN ) Rl E AL R G X B A I E R ik =l T oL
BT AR, AN %55 9 = REAT A, o Bl e L s | ] R
AR A = LA PR

4.1 ETUR-RUMESREHIENGTE

IMU 7] BAS Bt S 5 B A 2 AN 2 A5
S, TR RIS ) Y0 ] P e 8 A v 1 B2 (AR ) T 5 Y
BB BAE S IR S, H IMU IR
DUAZ J2 AT T T30 24 5 B ZI A AL B R ST R s
&), BB 4 T A 20 Al A R B L 00 g it
AW, MRS RO B R IMU R
BATIZ B T ECIRS LR, CLEEAL G R GEAE BN HA
B R X4 R ARMLAS & (Rig g o Fik r)is g, 1k
B ZN AL S ASE B H K. & 10 £
o IMU fif 5 207285521 bR 1 SR HE SR,

2 W R e AR PR RS i 3 o B 7 ks A
A e SEIL AN A RFAE IR A%, 15 B IMU AR 73 5K A AH
WURL AR e, B 2 I ZVRFAE RS 2S5 AR AR
T I B 22 T S TR IR 12 3 5 A AL B i — 3
P, BETT BRI B AL

ML HE 5 1 HLRR TH AR 4 R 5 SRS ) R R,
Lo NER S SIAREE M, H Vins-Mono (visual-
inertial navigation system)"* 1 MSCKF (multi-
state constraint Kalman filter)!" & P28 5 1L 1 #i

10 HLAS IMU fls 3h 2 5 Rz SE
Fig.10  Typical visual IMU fusion dynamic

removal framework
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P55, SRR T3 R DR 6 R PR A A i 5 B ) %
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EY i REWIRPNIE Y TN ER I VAR R SAR RPN
FCAZ AR T 3 S5 UL N5 15 P 0 ) R A A
A HANLESS & WO B AE R4 P = {pi} Y,
N NS kORI 2R S 3 ps 95 @ ANMRFIE
R ZAEAARR, IMU TE [y, trq) IR )RR A 4 £k
FHE w (1) FIEE a (1) W&, b r R
A&, T RAL [te, thyd] WHAERNZ]. 8L
R SR AR 2 3

ARy k41 = €xp ( t:Hl (w(r)—b%) d7> (7)
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H ARy, w1 AMHL/IMU MR kMR &+ 1M
(PIAE X BE G HE I exp(-) NZEREFREL LT, FH T K liE
fe i B O R RE AR b9 9 IMU Z4Ri; [ dr
R ] [X i) [tks thot1] WEIF s 5

tet1
A’Uh k+1 = / A]%]C7 T (a (T) — ba) dT (8)
tr

Hr Avy, gy AMBL/IMU EE kWIS &+ 1 i
IRHNT 2R L ARy, - AAANL/IMU MES k i 57
Iy B %I 7 FIARH RS AR b A IMU 1.

tht1
Apk7 k+1 = / ARk, T (a (7‘) — ba) dT2 (9)
tk

) Apg, a1 NAEPL/IMU WS i 2028 & + 1
FOY PO DA

TEEMAAKESE F | SR fUE I iE 3 —
FPEFR Z AT, TH BRI S B B — B R 2, A
B 22 ANl /2 TISE I 7 S5 A, WU S8 AR AIE S B A
FRAE £, Hk 22 e SOR:

rayn = zi — T (Twe Ty ATT Tt PV ) 5, (10)

wb c

Horft, ragn NENEFHEFINTR 2 2, NE 0 ANFRAE A
MR SE L IAE 5 () Ry = 4 25 ) o ) — 4 PRI 4% P 1
RIS BB T I FALFR R (w) BIHIHLALFE R
(c) ML LA B, A5 HE i RSP RS 8 Ty N
HFARFR R (w) B IMU 8652 (b) MR AR
Bes T ) R T HISHERE, T 5280 IMU A4h5 5
B FARAR R IIAS e AT N SHFAE S T8
AWETHIZ B AR WS, RAESRIESNH Hi2
Bl); p NE i NRHIE SR S ARER R 1) =4,
S AL AL e 75 D I 22 R

|| ragn |> Tagn B HVE BN AL HA
NENASFFEAIBTRME, T X053 5 s SR 2,
LB JE PR S I b B T 00 U R S R 1
SE. MR 1 VINS-Mono!™! 38 it 4 10 5 46t
A LA B bR R AL, 5T RGURES AT S/ 3k
i, SERREREIPIRAS T, RTHULR T, ks
S 5 B Bh A FRAE S R 10 S . R G B AR
NEMERLETE 2 5 IMU R 5% 22 10 5 IR BR B
SPITAN FIE AW

min (; ey, (13, +jze; | 71, II%I) (11)
H IREE X = {Tup, v, b%, b9} BEALE H
FEFIMU S, v NHPLEH AR R w FTHIZR
RV RORFTA MBS I R 5 B T RN
A IMU W R 5 EA; vy, N MM

T LR DI 225 vy, AR 5 A IMU FRAR 730 B
f) IMU 52 5, o IMU TR 2 0 & 0 55 5 1y 7
ZERERE; Sy AR UL e 7 B 2

e LT A, Al IMU B0 21T IR S T
D A FH R S 0 AT RS I, 4 — 2 RN [F]
— MNIEBHEZE SIS, AR B T 1)
B, MSCKF!) & —FidE T4 @ R /R 2983
(extended Kalman filter, EKF) ) S GHELE,
Mourikis T Roumeliotis $2H. %754 IMU %t
FEARAS T FEJEAT T, 5 24 5 B 200 (1) TMU 3 %
D Z2 RS B Mg B B 1 PN 22 e Z AR LA, 28 2y e
FPRAS R, FIHEATRMEEA I ZI RS, A
T SR BE 5 1 AR (s s il i

B 5 B8 v A R S I RE O 7 SR, A ST A1 142
H T 2R T &, Bloesch %5177 5 W 28029 #ik}
Xf EKF fEAT WA (A — 8, JeEied 7
FHABRZE EKF @ T AABREBR, H
SCHR [127] BT 5% RIEKF-VINS @it IMU il
3 PRARIRAS T AN I AR 7S | AL e
TR ZERBUIRS TR, @ Wik AT IR EROR,
Fff R0 00 2 72 AN T U 7 46 T R AN AR | 3 B b
ZEARA 1) AL SCRk [128] B ZERER R RE TR S
B I BCEA R, R TS TR
Frb 18% 1 BRUERRZE. AR, X — HIEEE 2
MBI RIKIRAFAEA 2, JCFHAE L HEPROE
1B BB AL K 135 5ot 5 5 ML e AL
BURBIIMAR. Chen F - H T ¥ 77 2484 (cov-
ariance intersection) JEU, [FAEEE IMU AR 4
AL AN e M, IRIE R R P 7 AR A
DB AR s M 4 B T k. TE BT B, SR A B
T EZEMEWH S LiDAR A2 %4411, Zhu 00
FEHY PLD-VINS 454 7 RGB-D A& &4, AT
M RUFAE, AE— e RE R LR T ARG R
(1) = ¢ b PRIAE) S22 FRORE 0 B AW 1. Zhang 26090 42
Hi ) DP-VINS s 52 1% 72 5L 2 R 4 A it
K, VT BE H IE R BN AS P RCE R AL, 72
IR N R RER S SRR R 24%, ¥ KITTI
AT R AR RS 9.7%. Yin 032 I 5% I Fa Hk
AN IMU 537500, F IMU PR 1F 5 3 A 4R
Mt 1] (AR 285 () B AR ST ARG iRk i 1 5%
iz 7 [l B, AR BE B R LI SR AN E B, oK
X Hi AR IS AT AR Bl 1, R IX AN HARIZ B 1
ISR RE R T — & (1T BRAEL, MK AR iC R Sl A FFAE.

2024 4, Abdollahi 2£*9 $2 1 ] Fast-MSCKF
7E MSCKF f2Ea BT 7 ook, HERFIE 14 brib
RS (1942 B 3 391 a1 4k B 122 5 72 A0 B IR &S 1 B
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STV TR A B RCR I R T, e IR
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IMU F0AR 43 000 437 24 R 3 DT I, 76 33l e 018 4% 1
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ZRITEIE IMU s 3 2 AR fE A Xz
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ik, tWRERE 4E R R Gifa e, I HLAE W AR 45 SEiH &
TEAE R3S (1) 2 B0 22 (H K& N AR E 33 55t

4.2 ETUR-BEMAHEHNIEITE

PR A K 24 R 7 08 PR R 5 AR o 1 B — RS TR
AN IR R, A A PR BR A 7 T B A B B A .
AT IS F B B0 L (LIDAR). %=
KB HIE (mmWaveRadar) A i # ik (Ultra-
soundRadar) &4 LIS 38 o iX 28 7R 1A SRR U
T EZNMEE S RN EE S, PSR FE R
J3 5 BRE ROR B IR i IR BE Al T AN ERA 5 320
RO, 52095 R ARSI K () ) R 2 H i HE 48
ikl 11 froR. LiDAR SR B L w70 95 1 3D
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B i oK T IA W] LAt H bRl X ER
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0 R AIE PR R P A TH YO ] (R ) AE AR SO X k)
W A] DA ARS8 Ao T 5 H R IR B e 5 & 2 T
FEAS 500052 ) B b 038 SR AS i B B RS . B
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T3 g R A i B 5T IR R B SRAIE.

H b, B 78 AT B A 3 B JE e 7 (A 55 1Y)
T3 VE R 58 AL o AR 3k () R RRAE P . Du S50
FEH 1) PMSB (projection mapping segmentation
block) 7772, il Ja g ST — Pk T (10 23 (A He
EUGAR R B0 B OC B, P HUAS b 1) = [ 5
DRARRAIE DA S A0 22 [P SCRRARRAIE , 9 F SCRF I = AL

S 52 &
s ] Cuw sHbe | | 2E
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Fig.11  Visual-radar fusion framework
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Fig.12 Feature tracking results for low-texture
thermal infrared images
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