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Abstract

The current YOLOvS5 vision-based SLAM algorithm for wheeled robots does not fuse IMU to solve
the problem of poor robustness in large scenes. Using the more advanced YOLOv7 dynamic target
detection algorithm, it fuses the data with the IMU data of the ORB_SLAM3 algorithm to determine
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whether it is a dynamic target or not according to its detected feature points, which ensures that it
can work stably in dynamic scenes. Through simulation analysis, the rejection of dynamic target
feature points is stabilized under the dynamic scene of the TUM-VI dataset, and the absolute error
accuracy is improved by more than 30% on average and the relative error accuracy is improved
by more than 20% on average in both Mono-IMU and Stereo-IMU modes. Therefore, the method
adopted in this paper improves the localization and map building accuracy in large scenes with
the presence of dynamic objects.
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1. 53|

BB NAEAR FNIREE T H) AL I8 S far U a5t , 56 Bont & BRI P85 1) R 7 5 40 PR g BN 67 55
Hi &I #) 7 (Simultaneous Localization And Mapping, SLAM) [1].

TEAE S SLAM J5 &, 1% 41 RANSAC [2] (Random sample consensus) . 4% 4% i 4% F T kb B Ak 5
R FEAE RIS B2 BRI AR HE — @B, B IETTER T A 2h 2 B AR G4 RO 7 X 5ok
o SORRHERL T 2303 BAr BRSO EE . B R 2385 SLAM BESUKIE AL AS BT TAE,
HITRRET o NEET UL FE TGN T35 L =Fh .

(1) JUTZ55: Abhijit Kundu [3]553 T 2 A0 JURIRHE AT B 1B BB &S HIr, 2 0710E T A
ORI DI TR AR AR R A B S BB A S, B IR T HIWT I B . Wang [4]5 & e F)
FAX B WA R AT DCBC AR s iR RR PR VR AR AL SR IR 2 A5 Bk AT 2826, mixtiz sl H AR AT R .
SR, AX G T7 Y TC R DR AUE S B 4 ) 5K o

(2) JLIfZIH: Y. Fang. Wang Al Sun'Y [5]-[7]55% NS5R FABRAR w6 It S H et ot ¥y Bl AT 12 2)
oy &, FEEET RS AT HINLAL R AR . Xu [8]5F A32H K] MID-Fusion AJ BASKEL 2 5481 73 %1, S %t
FHZ 85—t Mask R-CNN #EAT 52451 73 BIFARE )R 12 I s 58 AL Az 234k 11« Long [9]55 A 42 Hh
(1) PSPNet-SLAM 81 F — /> & FIE S5 19 [1) PSPNet ATz 22 #MEAE FEK SEILANZS s pAT I . i [10]58 A\ $2 H
R G R AR AR AR sk, tbAhasE 7 — AU UYL, kR BRI R LA
X3 30 S AT EE AR R 22 R N B A X SEORAS I AR R IS B0 B o Zhang [11]58 N3 H T —MhEE 1222
R R PR NABSF GRAGH I 2% FH T B 25 Zhals A4 ) [ ] I S AR 2% i Bl . Zhang [12]558 A4t T — Rl
PIALIT Rl & 7%, IR DT M RlA #) RGB-D BUER H, ATTH BRBhA&FEGYINT Z 5188 X SLAM RSG5
Mo Hu [13]8 A48 T —HMFRJy DYP-SLAM [FRL 5 SLAM §iid, 2500 Y B bR HE SE A6 I #1358 v
MR R, I T —E KRR R AW B NS HbR, RN S5 615 AR U L0 E k. O
AL S ERS R, IR EAME IR E S S E 1. B BRI T SLAM KR, (H2
Bk T O AR B T 7™ 4%, AEILSE h JEVEORAIE

(3) TH AW BHEREE I FAWIRN, &5 225 0675 s G E B oRIETH SLAM
ARSI R TR Xiao [14]#- H—M 5518 E B H H A5 SLAM 532 Dynamic-SLAM, %
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7715 T ORB-SLAM2 HEZZ, FIH] SSD (Single Shot Multi Box Detector) [15145 H! H R8I 567 &, ff
I 255 T A 408 i 3 B AN AR P R G R B SO R ER R RS, o T R A NE SRR S AR IR R R I .
Ruidong Zhang [16]F] FH J LT 29 5 gl 2k i) YOLOVS #2155 1 K55, Mseddi [17]38 1 5k YOLOS [ pi %
SR A AR FEE o

BT YOLOV7 H s 45 K A HA 7 58 FR (0 45 AR R AR AR /NS B (18], DR G AR [ f 1 A0 5 8
TNELAIA B AR, A, YOLOVT B4 TR RS P, ARSI BE 22 (AR B AR
PRI A SC k% YOLOVT H Al /2% fi 4 #1) ORB_SLAMBS [19]1, LA 2 Xt 3h75 3 5 N I 3h 90441
Lok, s Esh AR e G @ K e

A S AT, 1B AE ORB-SLAMS3 R EREELEFE _EINN YOLOV7 H Fris B Heidt 47
R, JEHREEUR I E GBS ORB RFEAHSS &, T8It B AR I S92 U 2 25 DX I 51 b s &S HFAE A
TR B8 AARFAE A5 T BRERUCHC,  DASRAS SEHERA AR LA, A 1T

2. YOLOvV7 B#rtem &%

YOLOV7 J&—Fh B AR %, T X SRR e A, FA R Kb B 3 ROKE P AR 55 T At S5 4 o
S FH@E 1(a)FiR). ‘B Input. Backbone. Head i1 Neck ZH (/& 1(b)fi7r). Input #5504 A
(1 B8 Fr {3 F Mosaic 20453850 @ NMARHETT 555 710, JREN 4 Sk R B 4. Boom. BEMLHER 75 50
St R AT . BRI BT E e, LUABIEINE A /N B ER . FE B AR R &1
F 0, iM% &5 47, Backbone #5432 H1 CSB #ibk, ELAN Bidk, MP K &k, Hrb CBS
B Conv /2. BN 2. 5 SLU BUE R K. HH 03220 B AT RHE SR I ELAN Bl 24
CBS By S HE MY A, T 5 SO IR B HFIE Z B 2 J5 S F 40 CBS B T RHIERE &, DAME R /42
BB A (RS B MP BB 1 CBS #B 5 Maxpool SRR, B AN 32 £ 30— KN 2 x
2 1] Maxpool F1—M &R/ 1 x 111 CBS B, £33 — MR/ 1 x 1) CBS FEHRI—
BRAK/NN 3.3, 5K N 2x2 1) CBS BLEL, WA SIS Tk b o AT — O S, PRI R EEAT
REAERLE: Neck Bt AR G FIE MM R, 14 B8 F B WG B0 ERHES BA F 515 UE B iR
JERFERAT XU R AR AE B ;s Head #543 Hi REP B CBS BERAA L, K it REAE 4 - 55 R i AR P
BEATEE RO, it = AR RS 4S

MS COCO Object Detection

better
57
2
56
55
54 ES
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<
53 @
~®-YOLOvV7 (ours)
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Figure 1. YOLOV7 target detection algorithm
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3. AAHHESBIRHERH

FELHSENLILGE 83U IR IR X BB X R, WRl. AE. BENEIRE,
BT HRAR I SO ANES Hbs . R30I, SLAM AT LU SUAE 52 e 2R Gt ARG e 1A 2 P15 A7 (R RS
FZ. SLAM 2 Ztidid S UM UL BCRHIE RORATAG AL AL, 285 6] RANSAC T RHRER IR ILRC AN B 25 o
BRSNS AR Z MBI, AP A 2 P

3.1. ORB HHERERIE

ORB-SLAM3 HE[19] A& HURFE s FITHE G IR 7 B 40 4R, 20l & FAST S sk IlEAT BRIEF
TR AR R R T

Wi 2 Fron, FAST A skl i 2k T8 R K 2 R B e i) . B — B s p AL, BIEA R
B b G B P 5 16 ME R s, I p SIXEERANGEKEE . WRAFE N MESLBERE A
5 p MR KB M ZZE AR TRME t WS p A— M. — i, NHUEN 9, BIfH t A p mKE
1B 20%.

i T FAST A& I A SR B £ 2 DR A PR e 2 AR R P8 S — 35011 5 8505 B4R A1 »5 R BRUE v IE W LT
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Figure 2. FAST corner extraction map
[ 2. FAST f iR BN E

IR J57 Ui T v B MR IR 5T 0 5 T 00 2 B ) 1) /R 9 FAST RRAE s £ 07 1), HB IRy
(1) & SURFAE 25530 R B R A
My =2 X"y (x,y), p,q={01} )

Xy
SO, paI OB 1o 1(x,y) TR e A EIR IR, m, 2R BRI, (kA0 R I, 5 x,
y AT 60 LR 45 30

o= > x(xy) @
x=—R y=—R
My, = z Z yl (x,y) )
x=—R y=—R
BN T N K FEAB S AR«
My, = Z Z I(x,y) 4)
x=—R y=-R

(2) BBIBEG C N
C =(Cx,Cy)=(%'%j (5)

mOO mOO
(3) EBIEL O F8IAR L C 17 [ [ B OC R KMy “ X717, Hieke i EinA:
0 =arctan 2(c, ,c, ) = arctan 2(my,, m,, ) (6)
SR G I F k3 - PR B A
3.2. BYTSHHERBIBR R

FIAH ER RSB BME R A, R HRHE s E SRS AR R F 5, 15 2URERTRRE 55O R A 2856
o XU L ST SRR RRAE A B R ZR I EE B, FIWTZ s 2 T N BRI s R
PIPANEERHE S p, v p, R VLECHRHIE SO, SR AR bR R R i R 2K
Py =[X1 Y1 1]
(7
{pz =[X2 Y, 1]
) py X5F B AR L A
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4. HEEGERSH

AW T EIET Linux P&, i RSRAN Ubuntul8.04, CPU N i5-12490F (ALEESE . NTEN
16GB. /£ TUM-VI %44 I35t 17 ORB_SLAMS3 Al ORB_SLAM3_YOLOV7 /i FLIUAR, I LAZE Xt ik
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PRAE, A RERE R NG ST BT

4.1 RTSPEFHERIRH

R ENL S R EICR, SIBRBNAFE S AR b T R R AR . BRI, U A B 2 A
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TN ESRER, 3@ RARSIARHE SRR SR, i 3(b) R TIRMBNE B AR RUS IR .
KIFT %1, ORB_SLAMS3 TEAFIE RN EBIAMIRII R RIVZ I, BN TAEN B BIFESAT E S BB ARFE £
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HHE4E outdoord T EH, TEESNGH N Z2LERIZIES R T, BB TAREIRE RSN, LA 2T
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Figure 3. Dynamic feature point recognition effect
3. BISHHESIR AR

4.2. BEREMR

N T AT R B A SRR A B 07 H, RS RS YOLOVT ) ORB_SLAM3_YOLOV7 &
%, 35 ORB_SLAMB3 HIERAT HLH o AR UED B8 HE, A SCRH TUM-VI B8 8248 il e 51,
AL ATE A1 RPE 1 RNEM bRl Rl Rk e A . N 7 VRASRE RE, 3k il 1) ks 1 S A - 3k AT
XI5, THE AL AR G . IR, ATE Ml RPE DLEFR T, DU 500 B0 5 I A 45
£,

(1) X E ST S T, 43 B E BT 2 R S IR R AR R AR R S o 4aXt BTE R 22 8 X
R

F=Q7'sh (10)

Horp P 2R SLAM RS, Q R H L4,
(2) FERERT AR AL 21 T7 % 22 RMSE
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RMSE (F, ( z||trans R jz (11)

Hr trans S SLAM RSG5 BIHI IR ZE .
(3) AHXT A, 2215 Z= 45 1) A& A e 3] 5 B TR 22 A I S8 22 ARG I, 7 /E B & AR T i 22 . IR
i Wif) RPE & YR

=(Q7Q.) (RP.) (12)
(4) &R [RVRR P47 48 9440 )5 1L 2% RMISE s

RMSE(E,,, )= (%izm;"trans(Ei 1l JZ (13)

X BT E# ORB_SLAMS3_YOLOVS HiEALr 0 KzsiEfsa IMU 2, UK soh il
SLAM FELEAFAE SN AR I G IS FR A R 1 1 J,  AHIEFEE ORB_SLAMS (] IMU A F R
YOLOV7, ETEMITRAIA S TG SLAM &M, FIRAZORAEIE Bis, Mt e i 5 @B .
WFFTIE I % Mono-IMU #i1 Stereo-IMU PRI AE TUM-VI K37 5¢ 808k 48 T 105 4 #r e

4.2.1. Mono-IMU 3 {H &

T8 HAANLSEZ RIEER, FIEBEA SLAM T/EEfEdr, 8 HBR T SLAM 2232 3318
BORFZm, JUHAE M SR XA A A 2R, PR EM SR ERIMCR R %, FAHRE
FENLAT IMU Fil & 2 B AR AT LSS 76 R 55 N 52 B2, (U T S PR I AR TH 3 TEAR I () 56 7%
ENL S ERE . P slides2 HE4E N, % ORB_SLAM3 1 ORB_SLAMS3_YOLOV7 7£ Mono-IMU ## 5,
o3 EEAT 07 FOIAAT B R 2 2 an <] 4 B, B DU R S4E Mono-IMU #5230 ORB_SLAMS 7
Xo Y~z HIT )R ZE O B, AR S S A Sy, HLAE 750~920 s BRI B x iy )
L) 1.2 m BFERZE, y B B HIZ 1.1 m P4k %, 1T ORB_SLAM3_YOLOV7 /> SLAM T
PR PR I SEE L OE, HAE 750~920 s B (A B HHILZ) 0.3 m Pz, AT ORB_SLAMS A%/
PEwm 7 75%, fEy f BT 404 m 2, BT ORB_SLAMB3 KB4 1 64%.
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Figure 4. Trajectory error curve
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Figure 5. Trajectory curve graph
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Figure 6. Error distribution graph
6. REDWE

NG EBENLE S R R 2, X = EE4E roomd. slide2 1 corridor4 #4737 10 ¥k Mono-IMU
B B, FERUR P IME N R A I B R . R T ORB-SLAM3 1 ORB-SLAM3_YOLOV7
SHFEAE Mono-IMU #5520 18 i 5 AR, 45 SV FRAE R 1 (HENT IR 72 45 R LE) R 2 (R
RGN L) . WNETRTF R SIERE, 16 APE XPFRZRT e, WL EW%ES], 7€ Mono-IMU
AN, ORB_SLAM3_YOLOV7 H:7E RMSE Fil STD ks B /7 ¥ BUE 7 2 MRTH, A=A
b, K B4R I B 55%; fF RPE IXPFHRZEX LA, ATLBEMELR], £ Mono-IMU # R,
ORB_SLAM3_YOLOV7 5i%7E RMSE Fl STD FkE & 5 ¥ HUS 1 235 P4 T, K BE 3 sl FE 35k i 55%,
MIEZ M0 T W corridord FHEAE R, RS RE R RS A T 87%. X 45 R HIHK B, ORB_SLAM3_YOLOV7
FVEE R FEA T MREE, SR s S e AR, IR A bR R PR R

Table 1. Comparison of Mono-IMU absolute trajectory error (ATE) results (mm)
%= 1. Mono-IMU &3 HNITF IR = (ATE)Z5 R 3T EE (mm)

ORB_SLAM3 ORB_SLAM3_YOLOV7 TR (%)
il e
RMSE STD RMSE STD RMSE STD
room1l 29.860 28.269 11.573 9.118 61.24 67.75
slide2 586.603 278.475 261.933 100.360 55.35 63.96
corridor4 100.607 68.857 72.750 18.378 27.69 73.31
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Table 2. Comparison of Mono-IMU relative trajectory error (RTE) results (mm)
F 2. Mono-IMU B3I IR 2 (RTE) 25 SR ¥FEL (mm)

ORB_SLAM3 ORB_SLAM3_YOLOv7 TRTF R (%)
I TES
RMSE STD RMSE STD RMSE STD
room1 21.761 21.252 9.688 8.988 55.48 57.71
slide2 40.275 33.404 16.653 15.250 68.65 54.35
corridor4 87.659 86.886 11.256 10.797 87.19 87.57

4.2.2. Stereo-IMU R (AR IT

BT 00 H AL AT DAdd 2 4 Pl R A B R B S B, DGR DN K 22 e A 3 i e 5 i RS
AfLAMRBIRIIE, (ESR TS SISy, WK IH S ) A RRAE SR e AL I il 8, T H oS5 R sz S i,
7E SLAM TAEH 25 5 F R i B i S B S BUG S AR TR, RURI S E AHFLRT IMU f@ls
(15 5 AT AR A K35 R B

LA corridord #5545 N, X ORB_SLAM3 Il ORB_SLAM3_YOLOV7 £ Stereo-IMU #3843 B HEAT 1
AR R PRz i€ 7 Bos,  HEW SR8 Stereo-IMU 50 ORB_SLAM3 7E X\ y. z =HliJ7
PRI 25 0 5 B, BRI AN S S W A FR I S, 7F 210~250 s B[R] B x A5 1) B H 324 0.3 m [~
Pimz, y i P REASESEmE, HAEFR—FRBH L 0.0 m BFRZE, z 45 FERIAFIZ 04 m K
YW ZE, 1M ORB_SLAM3_YOLOV7 ¥4~ SLAM TAERMFEH B INSEir Bl , AT R B L w2,
HHELT ORB_SLAMS3 K FEHE R T 20%; 7 210~250 s i /8] B¢ pitch i /1 ORB_SLAM3 HHLZ] 8 w2,
i1 ORB_SLAM3_YOLOV7 #£ r. p. y =Ffiila i LT 5 E 9l —5.

VP75 KI5 corridord BhABR AT 42 Rifi AR B3 i 26 I an ) 8 Frw, 4] 8(a)
4 ORB_SLAM3 i 1k th 42, B AR m] A SE tHAE A SLAM TAR IS AR B T o2 B S A RHAIE 52 5
FICREAR ) T8 ARG JE 52 BIX Le B AR ST 0 SR, P2k 5 B E RS B, IR RIIRE, &
KIE#) 0.212 m; 4] 8(b)’~ ORB_SLAM3_YOLOV7 Bkt i, 4~ SLAM LAFEFE A SR B S
B, Hi Kz 0.094 m, AHET ORB_SLAMS3 HyJHE i = 56%.
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Figure 7. Trajectory error curve
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Figure 8. Trajectory curve graph
8. HizrphLLE

HE 9, AEATXLL T HAEEAEA SLAM TAES R MR 2= 0 mfs e, B 9@)N
ORB_SLAM3 Bk 1 4 J&y % 2 40 A 1 0L, B4R 1 1 2 W 3h X (8] Jy 0.04~0.2 m, 9(b) N
ORB_SLAM3_YOLOV7 B ik )4 /iR 2 s Al o, Bk 2 3 X 5 0.02~0.09 m, X T
ORB_SLAM3 kiR 22 43 A7 B/ H 24 rmse FH T 467 52 TR0 ASE 20 /0 e S VR b 1) ToOIDRS B2 o b, 3L
AN BB SLAM [958 A7 45 BBk =, B BRI %243 ORB_SLAM3_YOLOV7 %M rmse FHEL T
ORB_SLAM3 5y:41H 5 90%, 68 ORB_SLAMS3_YOLOV7 5% & A7 K A T ORB_SLAMS3 &%
PEm T 90%.
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Figure 9. Error distribution graph
B9 RESDM

NG EBENLE S R R ZE, K = HEHESE rooml. slide2 Al corridord #E4T 7 10 YX ¥ Stereo-IMU
B B, RS FIEE N R AT BEgE . R T ORB-SLAM3 1 ORB-SLAM3_YOLOV7
HIRAE Stereo-IMU BT I E AL S @ EIBUR, R4 R BEIAE R 3 (AN iR 72 45 SU0F L) A 4 (R0 e
WEERN ., BRRAMENEIERE, £ APE, HEFMLIWEF, Stereo-IMU T,
ORB-SLAM3-YOLOV7 HiLfE RMSE Hi1 STD KNG FE 7 ARHAS [ B E H T, JUHAE % 4M75¢(corridord) i

Table 3. Comparison of Stereo-IMU absolute trajectory error (ATE) results (mm)
%= 3. Stereo-IMU #3335 R 2 (ATE) 25 R %t b (mm)

ORB_SLAM3 ORB_SLAM3_YOLOV? TR (%)

Hn e
RMSE STD RMSE STD RMSE STD
room1 7.331 3.615 6.702 3.063 8.58 15.23
slide2 269.299 60.971 178.406 59.174 33.75 2.95
corridor4 122,559 23.109 57.928 11.089 52.73 52.01

Table 4. Comparison of Stereo-IMU relative trajectory error (RTE) results (mm)
= 4. Stereo-IMU FE3T#IF IR ZE (RTE)Z5 R XTEE (mm)

ORB_SLAMS3 ORB_SLAM3_YOLOV7 TR (%)
e
RMSE STD RMSE STD RMSE STD
room1 3.666 2.908 3.119 2.353 14.92 19.09
slide2 14.949 14.613 12.218 11.434 18.27 21.75
corridor4 7.217 6.936 3.838 3.299 46.82 52.44
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i 1 R P R 5 50%; 7£ RPE B2 i) LA 22 3], Stereo-IMU #538 T, ORB-SLAM3-YOLOV7 Hi%:7E RMSE
1 STD HIKE &5 A TR ERT, NHEZEINg S (corridord) i, FEEREIREEEIT 46%. K
Stereo-IMU 530 ) ORB-SLAMB3-YOLOV7 SHIATE K Yy 5t b BA7 B s WO RE 12, SR 1k B Ay f) i T 5 S AR,
FERF A S B B 1 75 K

5. GRS N

BRSPS SLAM BEAERN A5 g A5 8 BRSO B ZE IS DL, A 5T I% 5% YOLOVT W 4 A6 I 2032
Rl 13 21 ORB_SLAMS3_YOLOV7 HiE A& =il SLAM fEBIAS I 56 T 158 A 5 b B R 3808 DL K
WECF SN, 75 TUM I TUM-VI BB 4 BT i 50T, B EILLF 458

(1) EFBTPRERZ ST, ORB_SLAM3_YOLOV7 HEiEEAFZN ST T RIMTEH, B 50
D T RHE S 2 SR TS L. A T4 AT A ORB_SLAM3_YOLOVS #ik, oK st
25%, 5 ORB_SLAM3 BiEAHLL, HEFESE Mt 80%, FF HAE s 5 Feir LSk .

(2) EAHBIE RS, AR HE ORB_SLAM3_YOLOV7 5k # imu $dE, R #Hon
KISV A T145 ORB_SLAM3 532, ‘& siBl 1 3 @ ARG FE 3T, Bl R TE TP E A A B,
FORS FE U8 v 50%.

E&WE
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SEEk
[1] TR, FRIEVE, M9, SMUiER LK JGRIEE SLAM RN ], Bl iT RIS 244), 2019, 29(6): 736-740.

[21 #kNl, EaEfE, #IE4s. TRl A ool RANSAC YA B AN GE SLAM B 5L [J]. -S4 HE, 2023, 44(2):
277-283.

[31 Kundu, A., Krishna, K.M. and Sivaswamy, J. (2009) Moving Object Detection by Multi-View Geometric Techniques
from a Single Camera Mounted Robot. 2009 IEEE/RSJ International Conference on Intelligent Robots and Systems, St.
Louis, 10-15 October 2009, 4306-4312. https://doi.org/10.1109/ir0s.2009.5354227

[4] Wang, R., Wan, W., Wang, Y. and Di, K. (2019) A New RGB-D SLAM Method with Moving Object Detection for
Dynamic Indoor Scenes. Remote Sensing, 11, Article 1143. https://doi.org/10.3390/rs11101143

[5] Fang, Y., Dai, B, et al. (2009) An Improved Moving Target Detecting and Tracking Based on Optical Flow Technique
and Kalman Filter. 2009 4th International Conference on Computer Science & Education, Nanning, 25-28 July 2009,
1197-1202. https://doi.org/10.1109/ICCSE.2009.5228464

[6] Wang, Y. and Huang, S. (2014) Towards Dense Moving Object Segmentation Based Robust Dense RGB-D SLAM in
Dynamic Scenarios. 2014 13th International Conference on Control Automation Robotics & Vision (ICARCV), Singa-
pore, 10-12 December 2014, 1841-1846. https://doi.org/10.1109/icarcv.2014.7064596

[71 Sun, Y., Liu, M. and Meng, M.Q.-H. (2017) Improving RGB-D SLAM in Dynamic Environments: A Motion Removal
Approach. Robotics and Autonomous Systems, 89, 110-122. https://doi.org/10.1016/j.robot.2016.11.012

[8] Xu, B., Li, W., Tzoumanikas, D., Bloesch, M., Davison, A. and Leutenegger, S. (2019) MID-Fusion: Octree-Based
Object-Level Multi-Instance Dynamic SLAM. 2019 International Conference on Robotics and Automation (ICRA),
Montreal, 20-24 May 2019, 5231-5237. https://doi.org/10.1109/icra.2019.8794371

[9] Long, X., Zhang, W. and Zhao, B. (2020) PSPNet-SLAM: A Semantic SLAM Detect Dynamic Object by Pyramid
Scene Parsing Network. IEEE Access, 8, 214685-214695. https://doi.org/10.1109/access.2020.3041038

[10] Ji, T., Wang, C. and Xie, L. (2021) Towards Real-Time Semantic RGB-D SLAM in Dynamic Environments. 2021
IEEE International Conference on Robotics and Automation (ICRA), Xi’an, 30 May-05 June 2021, 11175-11181.
https://doi.org/10.1109/icra48506.2021.9561743

[11] Zhang, H., Zhang, T., Lam, T.L. and Vijayakumar, S. (2021) PoseFusion2: Simultaneous Background Reconstruction
and Human Shape Recovery in Real-time. 2021 IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS), Prague, 27 September-01 October 2021, 7631-7638. https://doi.org/10.1109/iros51168.2021.9636658

DOI: 10.12677/mos.2024.134379 4193 e RSE TR


https://doi.org/10.12677/mos.2024.134379
https://doi.org/10.1109/iros.2009.5354227
https://doi.org/10.3390/rs11101143
https://doi.org/10.1109/ICCSE.2009.5228464
https://doi.org/10.1109/icarcv.2014.7064596
https://doi.org/10.1016/j.robot.2016.11.012
https://doi.org/10.1109/icra.2019.8794371
https://doi.org/10.1109/access.2020.3041038
https://doi.org/10.1109/icra48506.2021.9561743
https://doi.org/10.1109/iros51168.2021.9636658

g

A

#

N
/|

[12]

[13]

[14]

[15]
[16]

[17]

(18]

[19]

[20]

Zhang, T., Zhang, H., Li, X., Chen, J., Lam, T.L. and Vijayakumar, S. (2021) Acousticfusion: Fusing Sound Source
Localization to Visual SLAM in Dynamic Environments. 2021 IEEE/RSJ International Conference on Intelligent Ro-
bots and Systems (IROS), Prague, 27 September-1 October 2021, 6868-6875.
https://doi.org/10.1109/iros51168.2021.9636585

Hu, X., Zhang, Y., Cao, Z., Ma, R., Wu, Y., Deng, Z., et al. (2022) CFP-SLAM: A Real-Time Visual SLAM Based on
Coarse-to-Fine Probability in Dynamic Environments. 2022 IEEE/RSJ International Conference on Intelligent Robots
and Systems (IROS), Kyoto, 23-27 October 2022, 4399-4406. https://doi.org/10.1109/iros47612.2022.9981826

Xiao, L., Wang, J., Qiu, X., Rong, Z. and Zou, X. (2019) Dynamic-SLAM: Semantic Monocular Visual Localization
and Mapping Based on Deep Learning in Dynamic Environment. Robotics and Autonomous Systems, 117, 1-16.
https://doi.org/10.1016/j.robot.2019.03.012

Mur-Artal, R. and Tardos, J.D. (2017) ORB-SLAM2: An Open-Source SLAM System for Monocular, Stereo, and
RGB-D Cameras. IEEE Transactions on Robotics, 33, 1255-1262. https://doi.org/10.1109/tr0.2017.2705103

Zhang, R. and Zhang, X. (2023) Geometric Constraint-Based and Improved YOLOvV5 Semantic SLAM for Dynamic
Scenes. ISPRS International Journal of Geo-Information, 12, Article 211. https://doi.org/10.3390/ijgi12060211

Mseddi, W.S., Sedrine, M.A. and Attia, R. (2021) YOLOV5 Based Visual Localization for Autonomous Vehicles. 2021
29th European Signal Processing Conference (EUSIPCO), Dublin, 23-27 August 2021, 746-750.
https://doi.org/10.23919/EUSIPC0O54536.2021.9616354

Wang, C., Bochkovskiy, A. and Liao, H.M. (2023) YOLOv7: Trainable Bag-of-Freebies Sets New State-of-the-Art for
Real-Time Object Detectors. 2023 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
Vancouver, 17-24 June 2023, 7464-7475. https://doi.org/10.1109/cvpr52729.2023.00721

Campos, C., Elvira, R., Rodriguez, J.J.G., M. Montiel, J.M. and D. Tardos, J. (2021) ORB-SLAM3: An Accurate
Open-Source Library for Visual, Visual-Inertial, and Multimap SLAM. IEEE Transactions on Robotics, 37, 1874-1890.
https://doi.org/10.1109/tr0.2021.3075644

Zhang, Z. and Scaramuzza, D. (2018) A Tutorial on Quantitative Trajectory Evaluation for Visual (-Inertial) Odome-
try. 2018 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), Madrid, 1-5 October 2018,
7244-7251. https://doi.org/10.1109/ir0s.2018.8593941

DOI: 10.12677/mos.2024.134379 4194 e RSE TR


https://doi.org/10.12677/mos.2024.134379
https://doi.org/10.1109/iros51168.2021.9636585
https://doi.org/10.1109/iros47612.2022.9981826
https://doi.org/10.1016/j.robot.2019.03.012
https://doi.org/10.1109/tro.2017.2705103
https://doi.org/10.3390/ijgi12060211
https://doi.org/10.23919/EUSIPCO54536.2021.9616354
https://doi.org/10.1109/cvpr52729.2023.00721
https://doi.org/10.1109/tro.2021.3075644
https://doi.org/10.1109/iros.2018.8593941

	基于大场景下识别动态物体的视觉SLAM研究
	摘  要
	关键词
	Visual SLAM Research Based on Recognizing Dynamic Objects in Large Scenes
	Abstract
	Keywords
	1. 引言
	2. YOLOv7目标检测算法
	3. 动态特征点剔除算法设计
	3.1. ORB特征提取原理
	3.2. 动态特征点剔除策略

	4. 仿真结果分析
	4.1. 动态物体特征点识别
	4.2. 轨迹误差测试
	4.2.1. Mono-IMU模式仿真
	4.2.2. Stereo-IMU模式仿真评估


	5. 结论与分析
	基金项目
	参考文献

