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Enhanced Visual SLAM System Considering Dynamic Objects
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Abstract: When working in complex scenarios, traditional simultaneous localization and mapping (SLAM)
systems cannot distinguish whether the visible objects are moving. Moving objects in the images may lead to
wrong feature association, resulting in the inaccuracy of positioning and the deviation of mapping. To improve
the robustness and reliability of the SLAM system in dynamic scenarios, an enhanced visual SLAM system
with dynamic object perception is proposed in this paper. Firstly, the object detector is used to initially detect
the dynamic objects in each image, and then the multi-view geometry method is further used to extract the
dynamic regions that cannot be determined by the object detection. The robustness of the system is improved
by eliminating feature points belonging to dynamic objects. The proposed method is tested in public datasets
TUM and KITTI. The results show that the localization accuracy of the proposed method in dynamic scenes
has been significantly improved, especially in high dynamic sequences. Compared with the original algorithm,
the accuracy is improved by more than 92% . Compared with other SLAM systems in dynamic scenarios, the
proposed method not only maintains the accuracy advantage, but also improves the stability of running results
and time efficiency.

Key words: simultaneous localization and mapping; dynamic environment; object detection; multi-view

geometry

BEEWB : BHEK A RBAFE A (42271343) 5 4% Tl A6 5T 5 53 B B 5K 9% o 0 S 56 28 3 4 (6142A010403) 6
Y75 H#3:2022-10-30; 81T B #5 : 2023-01-03
BEEE W, T RIZ P2, E-mail: minglei_li@nuaa.edu.cn,

Sl A 2, 2 & B, 45 A 3h 35 W AR R 1 1A i AL SLAM RS [T, B R A i K K22, 2023,
55(5):789-797. L1 Jia, LI Minglei, WEI Dazhou, et al. An enhanced visual SLAM system considering dynamic objects
[J]. Journal of Nanjing University of Aeronautics &. Astronautics,2023, 55(5):789-797.



790 Mow b

PNV S % 55 %

[ 25 %€ 1V 5 i & (Simultaneous localization
and mapping, SLAM )4 AR JZ R Z HL 4% AL H] 0 Hif
PO, B AR IR TG Rl 1S T A B SR A
55 PR AL SR . 5O TR IR G R A L, 0 A R
A BB A% AR MR A e D, AT DA e A 2 T A
BEIIEAY . LA SLAM B HE 238 F 35 B AE B
BRI A AR g Ak | IR R,
W R e B R R N SLAM £ 4t 09 Rij v , BE 18 i
e A 12 O UG A5 BOoRAG TH A PLIz 3l L2 3Ty
T MR A Ab BB R A A R AT DA 43 Sy T R R AR AIE A
W R T K R AR AR, i A
EIE 0 23R 25 Bl de MO B2 52 25 Sk Ak
FHBL A AL B B2 0T R Y K B A8 A2 Ak b 45
J& RRAE 1 T BEXT R HEAT RRAE (4 5 5 DR R,
SHBUNUNIIDESENR OFEPID U A i AT T =E ) i
AP AL B8, KA R R LR F 5, &
GEPEREA R AE -

Xt F R A E GRS SLAM R4, ik S
BRI R IEAOE R UE TSRS E £
B W AR ALAZ Bl 3 B B S AT o SR TR S
7205 L) B 7/ R N3 €2 d o N I N (1 B £
AT NFUAAT o DBl 25 A v B2 B0 R F BRI A 2
BN ZR AN 2V BEAR X AHAILOL B 2 AT A A
B RERICEMMA RN ., LRGSR RRE
DC e s 2R FH B ALl B — 2 (Random sample consen-
sus, RANSAC) 5k Je B 5 1R 1y VT B 56T,
DSR2 Fh ik LA R
P, TC R AR ZR 11 5% 14 Hh 5 B 6 F sh A 4 b i)
FRAE Ao PR, XoF 30y 28 400 A g JR R R Ak 348 g A 4 o
o SLAM Z ¢ 1Y 7€ 55 il VRS B2 (4 1 22 58 1y
], T AENL A & 0918 32 45 3 28 PR 0 4 D e
RAR A Bk A, PRI BT FH B — 14 5 1 A BB 5 2 L 43
) Bl A DX T R T A I R BN [ e A R
REES PR 7/ RN e R S S N i S

AR SCHR M — ol B T R E 2 ) LA 24 R B
ok Ab PR 8 SLAM 2o #2 o 1) 3 A8 W 4K, RE 8 3
T RGB-D JBUH A8 25 22 F 2 B 14 52 18 4000
Horp TR BE 2 20 07 VR4 3 A W IR AR H5 18 SCRHR E X
RAEFMNANXKEA A FB 6 S ez s X
G, T JUART 24 5 J5 V8 AN Tl 2 L AR] 29 3R 1Y) SR A il
WSRZIE SRl N P SRT7E s Al R e N P o // L% N8
T ORB-SLAM2'® Z GEHESL ¥ i — > iy o 1) b 21
158 R 52 B B0 25 ) A B SRR ARG N A RE AR SR B 2P
BRrh BT DI R 5 J8 T 2 28 W A4 43 1 R AR
PR A, DT 2 S AR AR DGR B ] S L R A
A A 1 B

1 HBAX#HR

1.1 SLAM

I JUAE R, 58 SLAM BUS T PR iy & e
BN BARAR ARFUN SR 532 2R Z 58 A DL
¥ o Davison 2572 H T Mono-SLAM > 52 BiL i
b HAHPLEEAT S 7 5 KA Ar R R
) —Fp A58 SLAM R 48, BfiJa , Klein 58 2 H 1)
PTAM (Parallel tracking and mapping ) £ 1& 1 #1 #5
A RGN 5 R AR R R R R —
Z %I . Engel FHE K LSD-SLAM ¥ 1 4%
LN R T A B H SLAM Hh Al U R
B — S A B R . [F B, Forster % 2
T PN R R AR SOVR A G n v R I
(Semi-direct monocular visual odometry, SVO) .
bR e 2z A6, B EE F6 B B RE 71 (Direct sparse odome-
try, DSO)™ B H LIRS A 88 (Visual iner-
tial navigation system-monocular, VINS-mono)"*
SGREAR AR AL ] T H A . BRI IR R
VEIC 7 T RE A% 5 4 TH B IR B AR E AT A T R
T o BETREAE ATER HUS DT AT BY U7 ¥ e 98 IR IR TE
SLAM R g5 A7 22 4l 71 19 #fE 5 7 |, Leutenegger
SRR B T RCHE A LR SR S8 OK-
VIS #1 Mur-Artal %7 4& i 9 ORB-SLAM A
ORB-SLAMZ2 #§ & % T 7 fF B £ 19 28 it SLAM
G,

ORB-SLAM2 Y HE 2L R 94 T Z R AE LA, il
1T ORB (Oriented FAST and rotated BRIEF )"
FRAE S 34 FZE A IFATE AR TR G e EE K
UK BRI [R]E AT, AT AR AIE T A AL 5
b PR 4 JR)— B0tk . ORB-SLAM2 B A R 4F (1
o7 55 g [ PR il A Ak 3 B0 25 R 05 0] R 7 AT AR A
VIR, AR E VS WG Sh WKL B0 (3
g R R B R AR
1.2 ZHEMETH SLAM

AT 52 53 % T 32 71 95 SLAM 18 30 245 3
B2 00V B I R SR ik e B R B AR — B0y, RITAE
i AL o B T 22 W, A5 R b ek A R rh Y
SNASYRIT AT TR SR 5 AU R85 o 9 0 25
TERBR SRS S5, 1528 TR 2 BAR W
KA — S kg I 5 O 28 e 08 AR 4 b U G b
— AR W B AR (IR AT N R A5 .
Zhong %58 JF & ) Detect-SLAM 7 ORB-SLAM?2
1 BBl 1 25 4 B ARG 9 26 SSD-NET X 56 £ it
o S S YR AT RN B R AR SR T B S IR
RER R iz S . 38 2k AR AF DG JC 6 ] R IX 4k
FIRY A5 57 38 3 ot e F) SRR AE A0 SRR, AT AR



% 5 1] AR U B A R 4 5 R L E SLAM R Bt 791

0 A WP AR IE S IE S O . AN e R
2 BT R BR 3 25 B R TR AE 2 52 o 2 BdE 4R
LT, PR It AT — 26 5 vk R B TR 2 2] L An]
EA S VB 041 R

Yu ZEJF & ) DS-SLAM ¥ 18 X 43 ] W 4%
SegNet % & iy — 7 B, X T8 5 7 Il 5]
{50 2o W 2k TUAR] 7 vk B 1 SC A R 45 A I 2 285
FRAE S0, SR T SO SO S D HEr E Y 3h S
A, I B 25 19 43 0808 8 A7 AR K 4 T =5 1]
Bescos %5V I & ) DynaSLAM f#i F§ Mask R-CNN
W 2% AT 1 o3 FIRI S s i sh SR 45

PP LART Ty 3 488 5 30 25 90 BB RE 1 o Li &5 F
& B DP-SLAM 18 S5 E) W 2% F1 i 26 LA J7 3%

FIR RS 100 2 SR P e Sy LI ABE 25, 7 DL I 38 B8 0 4
fiE 5 B8 Sl ME R AT S8, SR U5 IR A% S B R B
IR AE

B3 0ol R BE = ) LA 29 A J7 3%, i AT LA
SR G U v %) Sl 25 DXCIREAT ARG I o 367 AR 4
T — Bl e = P B B PR B S W) iR ) RGB-D
SLAM B3k | i i 50 A2 4 R #bh £ A Bl iz 8l il
K A9 AR A, U B D' I R B Bl Y iR

PRIEAT F T, B S5 AR T AT 32 58 P 5 TR B AR SR 2
S5 R B AW IR AT 43

A 1 DynaSLAM " Fl DP-SLAM 4§ R 4¢
2 Lol FH VI B T ) 8% A R R IROIR R i H bR
Gy FIR G BR Sh AW, % 8l PR 18 2 5 DR
AR AT — B S A 00 oA 246 8 B 174l L ATE 25 4 2k
KEAMFREY SR F XGOSR, W By Bt
o 2 A5 Y 1) T 5 52 4 B B v O EL G T B I —
P LA FH R Bk AT A 3 AR R — IR B
NGAEA T A& A SO AR R — B
By H B A 00 o] 2 2 e 1 R A4 B sk b [ e o sk 22
T TLART B4 5 3, s/ R A B RE 7 R 1) #2537 5
FRAE DX 3R e 451 2
2 EiRigit
2.1 RGHEZIEIT

AR SR A ORB-SLAM2 f HE 28 JE Rt | 2%
B R B 24 2 UL 29 s 7 ok 4 | R e Sh S
WETHEEE M ZETHRE SHD K

RGB-D A #L 3 FlIF & , & 48 A9 B 7 HE 42 an & 1
B o

e i i : ~ 1 }
RGB R R . “iE
i} | , § a8 S
el

B

2]

ﬁﬁgﬁa
%&EILHQ’J 3 -éﬁuﬂlﬁ

HWEER . SRR

BNBE

Wik
] BE [ ops.
SLAM2
U
SRR E M HEIR |
X

1 ARSI LY AE 1A
Fig.1 Diagram of the proposed method
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x3 ETRGB-D##ER DS-SLAM . Detect-SLAM .DP-SLAM .RGB-D SLAM #1Z&3Z YG-SLAM HJ ATE
Table 3 ATE of DS-SLAM,Detect-SLAM ,DP-SLAM,RGB-D SLAM and YG-SLAM based on RGB-D data

K B T AT i

AR ERMWEN . AT ULAEH, YG-SLAM Y & {7

E 15 % 51 DS-SLAM™! Detect-SLAM"* DP-SLAM'®! RGB-D SLAM"™ A% YG-SLAM
w_ BRI 0.0258 0.051 4 0.0254 0.0316 0.018 0
w_Tyz 0.024 7 0.024 1 0.014 1 0.017 1 0.0130
w_rpy 0.444 2 0.2959 0.0356 0.194 4 0.032 0
w_ ik 0.008 1 — 0.007 9 0.009 1 0.007 0
s Bk — 0.023 1 0.018 2 0.015 2 0.017 0
5Tz — 0.020 1 — 0.0123 0.010 0

3.2 KITTI##ESE

KITTTE 4200 & 1 78 I Tl A s 1 28 B 38
5e HR AT B YR 4R 00 S i R H S R B BT DL R
WAL SLAM R G AE 7 Ab 3h A8 58 F 1Y 58 AL P BE -

1938 AT 25 R dF AT T %5 b, Ml SClR (27 ] F 42 i iy
ATE F13CHk [29] 48t #9 AH X ~F %% 1% 2% (Relative
pose error, RPE) 5 i X} JiE 4 1% 2= (Relative transla-
tion and rotation errors, RRE) #E17E BE PFEAl . % 5

FAJER TR YG-SLAM BIL7E 1147
H iz 4T 45 R, 5 ORB-SLAM2 fil DynaSLAM

AT HESRT AR R

£4 ETWHHIER ORB-SLAM2.DynaSLAM 5 YG-SLAM i) RPE.RRE 1 ATE
Table 4 RPE, RRE and ATE of ORB-SLAMZ2, DynaSLAM and YG-SLAM based on stereo data

ORB-SLAM2™ DynaSLAM"" AR YG-SLAM

MBI pE % Rﬁ)lé/rr(l(li' ATE/m RPE/% Rllzg/n(l(l;' ATE/m RPE/% RI%IS/H(I(@' ATE/m
KITTI 00 0.70 0.25 1.3 0.74 0.26 1.4 0.71 0.25 1.3
KITTIO1 1.39 0.21 10.4 1.57 0.22 9.4 1.49 0.23 10.55
KITTI 02 0.76 0.23 5.7 0.80 0.24 6.7 0.75 0.23 5.9
KITTI 03 0.71 0.18 0.6 0.69 0.18 0.6 0.70 0.18 0.6
KITTI 04 0.48 0.13 0.2 0.45 0.09 0.2 0.42 0.11 0.2
KITTI 05 0.40 0.16 0.8 0.40 0.16 0.8 0.41 0.16 0.8
KITTI 06 0.51 0.15 0.8 0.50 0.17 0.8 0.45 0.19 0.7
KITTI 07 0.50 0.28 0.5 0.52 0.29 0.5 0.48 0.26 0.5
KITTI 08 1.05 0.32 3.6 1.05 0.32 3.5 1.07 0.32 3.7
KITTI 09 0.87 0.27 3.2 0.93 0.29 1.6 0.90 0.26 3.15

KITTI 10 0.60 0.27 1.0 0.67 0.32 1.2 0.59 0.21 1.1
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Table 5 ATE of ORB-SLAM2, DynaSLAM and

YG-SLAM based on monocular data m
E {455 ORB-SLAM2™ DynaSLAM™" ‘ZMC

YG-SLAM

KITTI 00 5.33 7.55 6.37
KITTI 02 21.28 26.29 23.46
KITTI 03 1.51 1.81 1.01
KITTI 04 1.62 0.97 0.74
KITTI 05 4.85 4.60 5.19
KITTI 06 12.34 14.74 12.17
KITTI 07 2.26 2.36 2.23
KITTI 08 46.68 40.28 42.91
KITTI 09 6.62 3.32 7.97
KITTI 10 8.80 6.78 8.05

MR A L H AW H AR N BT A R
R, W LLE BIX TR L F 5, 41 KITTI 04,
Horb BT A L B ) A AR AR A% ) DR fe ] el R
19 SLAM F 4t 76 H b (0 32 47 3030 K A5 8] T 42
1o ARLEE IR A3 5 50 v, 30 2 G R A A B
1A T A R 3k 2 8 2 2 ) A Bt Bl A
DX 31 158 ) 3 4R B8 R AR S B RE B2 B DL s
AR A X PR R 22 TR, A, TR TR
AR TR, B S PR BE A AR I 5 AR B
Pl i % 1 09 o 52 7 11, 3 607 745 [l A A D0 R o o B
P AR
3.3 EZITHESH

R B 7 45 BB, H AT YOLOvSs 514
X — i [ 45 1% &b 3 [R] Je B AT L3k 3] 0.009 s, Tl
Mask R-CNN" (it &b B 18] 24 0.195 s A% 3C 5K
55 B i 12 17 3R 58 F S Prig 17, YOLOv5s 15
AU Lb P — i ] A5 0 SF 24 B ] Oy 0.068 s, T Mask
R-CNN 1 ~F- 34 4b BB [8] 24 0.95 s, ORB-SLAM2 %f
— T R AT B R (ST 2 B[R] Ry 0.027 s, AR SCHY
1458 A Y G-SLAM % — i 19 &b R[] 2k 0.139 s,
o R T U] 24 B e fit R A DX K B R —
BEARH 7k FER R RS ROR . RS AT A
T35 SR /N, YG-SLAM i FH JUAT 29 58 )5 92 1Y
AR A LWl /D SR [A) 23 3 IR T o A A
T ORB-SLAM2 i+ 5% A fir T B, (HAH KT
DynaSLAM 45 fifi FH T ¥ B Bk 0 9 2% 1) 3R 42 1
5, YG-SLAM A] LULRFF AT 1) 52 B

4 & it

AR T — ML G 2 L FEHESE [ b 4748
PR R A0 SLAM R G0, BEA IR 23] 5 L 24
TR ARG I AR ) B 25 X, BB S R E

FRAE B ER AL, SLAM 2 S8 R 9% 15 20 25 35 45 b X
B SUH M RGB-D 82 808 s BAT 4 1) &
ARG TAHPLER B RORE B, IRl — A IR
FFS PR AT R R RO A SLER AR R
W, 5 HAWTT AL, AR SOO7 A Z 80 00 F #R i
BT REOORER, @A RN E , Wb
T Tl A X QA 45 RGBT ENE .
TRGMH T HRE T RGN R, 4k
AR ) A T A S S WO R AT s s r i OO 1
Qg 1k BV U2 el A B )RR AR B0 R L R
i B R 4 SR o PRI, oR ok B F 5 AR R 1 - X
SLAM £ GE A 19 3 25 Wy A iz sl A8 Al 1 LA
Lz S Z BT F RN A — LI SLAM R 8¢
{URERE d oS
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