% TR Fast 3
- 208 - PACKAGING ENGINEERING 2024 42 A

WAZETETF YOLOVS #1)L{A AR = SLAM &%

Fgx!, REE Y, BRERK', BE'
(LIRS Tl R2F BB sc 4B, WIm AR 412007;
2. EE A R s BURN B AL B R B IR, IR KRUI 412007 )

WE: B8 BHFRAEMTRE Y 21i5 kB #ME (Simultaneous Localization and Mapping, SLAM )
W E RS0, DEMHRGTHRAFRFIELNGRIKRIE, RATEHETH, ARRE—FaEaE
N 57 T AT YOLOVS o JUMT4 R 89405 SLAM Sk, Fik @4, vA YOLOvSs ARz, ¥ RA
#5 CSPDarknet £ -F W% % # s 22 244 MobileNetV3 M, TRV Adl, mbisirie &, Rath
ORB-SLAM2 Z %A% 4, £ I ORB H 48 & 69 B Bf 3R BGE L AZ &, SRR LI sh R4 iE S . KRB,
AR R E ST IUATL R AT A A WS S IEE S —F J R, B, A A4 S 3P Aadiie it
ATAE R E TUM 3% 4% Eay b2 R AW, 55 ORB-SLAM2 Atk /2% %) A 59 T 49 ATE #= RPE
R T 90%VA L, 5 DS-SLAM. Dyna-SLAM Rl XA Z A8k, ERIEE A EF- Sk ey Bl at, sk
AP AR - EASRTHRE 2826 ms., L LIRS A A EAKS) AWK AT £ B SLAM i A2 3 %,
FH, AZAEImEFRAL, ARG EAERET T,

KR AL SLAM; #A5%%; BAREN; RiRE; sSRIUTLY R

B 2SS TB486; TP242 XHkFRERD: A XEHS: 1001-3563(2024)03-0208-10

DOI: 10.19554/j.cnki.1001-3563.2024.03.024

Visual SLAM Algorithm Based on YOLOVS and Geometric Constraints in
Dynamic Scenes

WANG Hongyu', WU Yuezhong'*', CHEN Lingjiao', CHEN Xi'

(1. School of Railway Transportation, Hunan University of Technology, Hunan Zhuzhou 412007, China;
2.Key Laboratory for Intelligent Information Perception and Processing Technology, Hunan Zhuzhou 412007, China)

ABSTRACT: When mobile intelligence agent performs the complex task of Simultaneous Localization And Mapping
(SLAM), the interference of dynamic objects will weaken the correlation between feature points and the degradation of
the system's localization accuracy. In this regard, the work aims to propose a visual SLAM algorithm based on YOLOVS
and geometric constraints for indoor dynamic scenes. First, based on YOLOVSs, the original CSPDarknet backbone
network was replaced by a lightweight MobileNetV3 network, which could reduce parameters and speed up operation, and
at the same time, it was combined with the ORB-SLAM?2 system to obtain semantic information and eliminate a priori
dynamic feature points while extracting ORB feature points. Then, the possible residual dynamic feature points were
further culled by combining the optical flow method and epipolar geometric constraints. Finally, only static feature points

were used for camera position estimation. Experimental results on the TUM data set showed that both ATE and RPE were
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reduced by more than 90% on average under high dynamic sequences compared with ORB-SLAM?2, and the processing of

one frame in the tracking thread took only 28.26 ms on average compared with the same type of systems of DS-SLAM and

Dyna-SLAM, while guaranteeing localization accuracy and robustness. The algorithm can effectively reduce the

interference caused by dynamic objects to the real-time SLAM process. It provides a possibility for more intelligent and

automatic packaging process.

KEY WORDS: visual SLAM; dynamic scene; target detection; optical flow method; epipolar geometric constraints

M % SLAM ( Simultaneous Localization and
Mapping ) FARFERATI N H H 25) 72, Hisad
STATARBILA AR A EURAT S, S8 BRE R 5 1 52 B JR i
“HEE A, Flhn, fE QbR d L L, s G
SLAM HeAR Rl as AR HEBHA I E M &, A
ARG B P TP . ez AR AT 55 o X AR IR 42
TSR, RIE R OR T AR RS RS, FRAIK T
SN TS . e SLAM FER %2 22 fish 5728 4k
1) 60 2 A I R 30 o O R I 3, B8 S I T b %]
5 S DL N AR, B R RS B . N, FEAL
ARIR/NHFEAR R it B B3R AE 55 16, #%E SLAM fiE
S P BB AV HGE N A 55, ke T RN E R T
B B R

bt AL 3 AR i &, R 75 1
5 SLAM FEgonakig i, £ 5k pTAM?
( Parallel Tracking and Mapping ), ORB-SLAM2P4AF
H DSOM™ ( Direct Sparse Odometry ). D3VO P! ( Deep
Direct Dense Visual Odometry ) [ B#215 2 2, SR,
R SLAM kSRR eSS Tiatr, A
TESEPR 75 T 2 BLSERTHE B AT AR 4240 ( & sh &
YR FilEE sy e (RSB WIR), SRk
FEA AL

BExr bakmlE, B NSRS T EEE SN 2
P, —Fh R T ILM A S5 %, Dai %OME A
Delaunay — £ 1) 43> A s 1] A i) o 4 gt DR 25440, LA
PR AR T o 38 B BRTE 2 i A 22 5
NSk, LB BYRESE RN IX 5. kA2
P T —Fh A RS SLAM R 40, %R
SR T B AL E A, FEIRER LR, 4G
IMU {55 B RN 5L T4 it AR 5% 1) B B ok iE AT 90 4R
BT o BARREE JLT L BB — e R L4
FENIKGRE , (B 3 5 AR 7R3 22 55 SR X Bl L O IR R
BEARURT, REHEREL SRR, EER, H—
e Bl A5 TR B2 2 2 ZE 1T B AL B Gk rh AN By U 58
MR RR, JET BARkil | i RIS REE 2 Oy
XTRRE S g0 5 B br i, 5155005 SLAM
L55 USIBRShB IR ERIE 5™, Zhong 2R T
ET HARKM M4 SSDU'f# Detect-SLAM #%48, H
Kl ORB-SLAM JCHEWTH IiZ s X 4, FIHTHE A5
ST 2 — ol S A AR 8 G B 552 SRR O T A R
SRR . Yu FUR T DS-SLAM R4, %A
Si#F ORB-SLAM2 [H3ERl 1454 SegNet! 5z} X

Gy B ML 533 sh—BERIN, 1T LU RLRR K Sh A5 FR b
AT NHISE I, [ARE, 7 ORB-SLAM2 JE% | Bescos
IR T DynaSLAM R40, @2 M4 Mask
R-CNNU'4r B H AT e 56 (5 B shAs B, HAHZ
PR TUART 53 BV AE B S A FRAE A, (R T R FE 2L
K, SRR 2 . Yan ZEUSR I —Fh 5 & L5 B
FIE U5 B DGS-SLAM 248, &1t 7 —fhi L6
HEMTBE LRI XS ORB SCBEMT 515 LSS HEMTIX 4y, [H]
I ELA U 518 X ( YOLACT) 56l ik 22303z 30 H Aw
HEATREI

AICHE ORB-SLAM?2 ) BERHAE SR b kA7 itk , 32
SR RBIF T .

1) INT — 408 sh s BArke i s, s
241 MobileNetV3 M 254 YOLOvSs J5 A i+ M
2% K H ARSI B BRI 3 51 A5 B8R ORB 4
TE S AHZE A AR BUEME AR B, R B AR 5 1) 5
55 114 B 285 DX I S0 83 JH v 1) Bl A R AIE A5

2) EH—Fh A RIE S SRR NS, MR
JeW i UE BRI S SRR, R)E, SEER
TR AR 29 50X T GEFRAF 1 2 SRR R 5 i — 2
B

1 R%Hiid

1.1 RHEIER

ORB-SLAM2 RS R 4F g &5 TH A5t
MRS, SEPrsgamd, shAS YIRS B R AE A ]
FISCBRICHD, FECEE R B RSB 4 . K,
AR SCHE A ORB-SLAM2 & 4 A5 BLAR T+, A3
T E BRI 2 RN S 5 sh A A s AR e SR Y &R
GAEZLANE 1 Pras, FIF RS 90 B bR 2%
YOLOVS5s-MobileNetV3 £ illl 4% 5 %1 /b 32 3 H b
IEFRBUR A B, ESE AR 3R EE] ORB HFE
SR RIS AR GRS S B AIBR R A sh SRR IE . T
BT AT BE 2 A7 A AR 10 3h A R DL I3z SO Y
X4, i ELRE H BRA I R 28 e A i R . R, 7B
SERCAHAR 2 WA FF 2 B SRR S USRS S, R
RANSAC HyE45 2 W ERUE ] B REAE 4 . ARG 457
Xof W JLART 24 o 14 7 1 LK G 2 %) 7] BEFR A7 1Y 3 25
FRAE e — 2 BIBRUC B, AU T4 0 R A AR AE A,
X AR B AT Ak 1T



+ 210 -

(N

2024 42 A

BRERZAR

SIRORBHHE BEBES — MRS | RS et
A A ¢
S
SR A
2
LG s |
AT i@
w Kol S5 BALLE | E
gL %
T 15%4 =
2) LKEHiH: \
I v SRR
AREE B FESm3  GEEIR
A
B R S

Fig.1 Improved system frame

1.2 BR=E=ZEHHRKEMKMZ%L YOLOvss-

MobileNetV3

YOLOVS J& i # h Se ik iy S B B B s A i) 5
hZ—, MET YOLOv4 ¥4 Hifissg =,
BT MATHRH A YOLOVT F1 YOLOVS, ilIlZkFnifEs
B PR 2, HEAG AR NAE 5 F Rz fLhg
SREGPEH . XM YOLOVS 1ERsali% & s w2
R RGHE RS, Wik, ## YOLOvS fE A
SCHY H bR P 2% S A B RE . YOLOvVSs [
SERA N 71.5M, J& YOLOVS R 24 B i/ |
AT e R 4%, 7F NVIDIA V100 GPU |, F
PRk 1B R BB [R5 0.002 s, 1 2 SEET A 3 1Y)
PRl

MobileNet it 28 W 2% 25 & T & IR [ &
( Depthwise, DW ) FliZ 5 & ( Pointwise, PW ), JE
AT R 4385 % FL ( Depthwise Separable Convolu-
tion, DSC), fHREMEHIEIFYNL/NEIZEARIRL , AHES T

1%, BRI B HLIR 2 14% . MobileNetV3!'¥ i Google
TE 2019 AE42H, 5 VI AL V2 ML, HARKS R . HfEBRE
JE | BIRZEAGSE T T AR B SR T, NS #Jizu@l
2 JI7R o 25 RS EIAR SO ] T i LA R 45 A5
s YOLOvSs ) Backbone i MobileNetV3-Small *é?
R, IFIREE T 4% )2 YRR B LX) 5% YOLOVSs %) Neck
TE 3 FRBERRAER], BT 51k A 3-P3/8., 8-P4/16
1 11-P5/32, a0k 3 Fis.

Mobilenet V3 block

anneea i o o)

€l 2 MobileNetV3 (¥ % £ 4544

WHUET, EAEMAAERMENTTER T, AR R4 E 2 Fig.2 Network structure of MobileNetV3
L.Input 2.Backbone . = .. Leaky
- ReLU

608x608%3

- [ - s -

3-P3

8-P4 11-P5

K 3 X} Backbone 1
Fig.3 Improvements to Backbone



a5 3

1.3 BhESHFE S 5B R B

1.3.1 R BB = 5Bk
TEZE 1 BRI 2R A S A IE A, Je sl
SASYRIE N BRI AT, BARSIBR ISR . B ER R

LR RIS K W RS AR SRS A, T 1)
FR7R o
A¢ ={pi. Py D3y o 11 (1

SR G FE TR I AR R Sh A
= (2) FiR.

DK:{dl’dZ’d3’ Tt di} (2)

AR (3) 404, WK P ARic b a5
TEAL, JFHEH NS A AR, I AFRE S A

?J‘.E,I\J_f‘;é/‘]%% DK’

EFESFES, ENESIEHN Sk, X (4) P,
p.eD,G=1273 ..,n 3)
Dy USK = Ay €))

SRR ok T REAEAE LA AR B0« BR T 4T
WA BZEWIREGN L B H7, iR REZ - fil Tk
I B A5 Rl P e 7 RS gl 4 BUbR S5 P A B 24
Pk, RAEHASMER R B N A 2 shsY
s B B SIASIATEASEAMBI AR, 10 H ARk
m I_JQ%EI’J?WJ“' *EU“J;e%U“JE’J%E%IXﬁi Lﬁ"ﬁiﬁ*%

ﬁﬁﬂmﬁﬂﬂﬁh%% W% T %ﬁﬂmﬂﬁ
%%ﬂLKﬁm%ﬁwﬁﬁ%@,Tﬂ&mﬁ%ﬁﬁ
MIRTHE T, JRATREAR B 2 I B ASRE A
1.3.2 FHRJLMAER

FEFET H AR RIS AR R B 5, T X
T MU 22 W) o S R S R TRRIE DT L, DAt
AR AIE 5 22 TR R V5L B B s A5 3 DE s %, BT P
HIRT 1/3 095 %F W3 RANSAC 2505k 3K it Sl
Fo BMRTMREERMT . WE 4 Fis, K MK, Bk
F R —AELA 2L 2 WIEE, pi Al py W& —XARFAE
PEBC S, O F1 Oy FRAHLEI G, p 55E Opy 1 Ogp,
PSSR, prey Tl paey MRS IR, W R gt # an
K (5)~(7) PR,

K4 ML 2R EIE
Fig.4 Schematic diagram of
epipolar geometric constraints

EWT, &, BB ETET YOLOVS HUUTA T PP SLAM &k 211 -
F[xl, Vs 1] (5)
=F[x,, y,, 1] (6)
A X,
pzez|:B =Fp, F[Jﬁ] @)
C 1

A AL B, C AL E, A p, SXTNRLEZ
EIRRE RS d = (8) FiR.

(pz )T Fp, (8)
VAT +B*+C?

P ER SRR SRR IR d 51 E i r
VB d, i, QiR i (e L, etk 3l A
FRIE SIS, ARSI ER Ay d, HX[0.3, 0.7], 25 HH3
Wk B2 B 7 10 SAEPLEAT, do g 2 X L 2951
B, DRI AR SO LK G 1 X sh A Rk o5 A5G
— %

1.3.3 LK iFEZE
S ik 3 T G 51 AR 25 AE s a) B AR b A
HAR T ) O 22 >k 43 A 1 S it ] A9 DT JE , AT AR R 1R
El’JLZﬁJgﬂI?E X BE AR B O A LK G
ik, WE S PR, EHERET 3 MR (1) KE
ANAG | G A R A7 B A5 28 R A g ot 145 T AN e
s (2) /Nizdl, LR B R RS Z RN (3)
25—, AR E B ARz sh"™, MERSE (1)
ALENFE R FEARAS S, A7

I(x+dx, y+dy, t+dt)=1(x, y, t) 9

K ¢ A e+de AHSBIWTR X RIS ] 5 ICx, p, ©)
F IGe+dox, y+dy, t+do) 2R3 S AEAR LB (7 B A
iz (2) X=X (9) M T2 MBERIT, R —
Mo, 153,

I(x+dx,y+dy, t+dt) = I(x, y, l)+a—1dx+

d=

(10)
a—Id +a—1dt
dy ot
¥l (9) A (10) Ahm, PRAREIETEREL de,
(CEIP
I e Ly s L gr =0 (11)
ox dy ot

K da/de A dy/de SRR RAE x Ay Bl B
BENEE, ICN u. v, [AINtorax Foroy W) B 57
s x My BRI, ek L. Lo FURIKERER
[ AL Eie N 1, A

(1.1, H =-1, (12)
- %

T R AR5, Br5I ABSMIZR
KA w. v MRIEERDBL (3), B 33 E@HN 94
HA RIS RRR AL, A

AV =D (13)



o1 % TR

2024 4E 2 A

le Iyl _111

I, I 14 -
Hp, A= 02 ,v{ } b-| 2|

: : v, :

Iy I, —L

/N IR RIS R
TAY D AT

V=(ATA) A'b (14)

5 LK O 2R AR AR AR AT e R KRN,
WA HAF R E S heEE, midsX (16) ~ (17) Hl
FHIE RS A SIS K

Li - Lavg > 2Lstd ( 1 6)
ﬁ
Li - Lavg > Llhrl (Lstd < LlhrZ ) (17)

e LS i NIRRT BB RN Laves Laa
I3 R A R G R/ B PR FIRR EZE 5 Ly F1
Lo AVCERIBIfE . 25 L6 2 IR SCRE, WA 2
S EFFIESOIF SR o

I I I
X X X
e | oL
BE IO Bt S, >
' Y Yy
A fR]

tl tz t3

K5 LKOLHERER
Fig.5 Schematic diagram of LK
optical flow method

2 EWERSHMH

21 BREUBHRNE XL

ARSHG R COCO gl 4 Xt etk J5 iy iz ik H
BRATIN M 2% YOLOVSs #EATHIE. COCO Hiia it 1
80 MHFREH, FHEEIA AL s R EEN
BIASIEE, AR A A S 2 g e
HEFTSERR IR, AR R A g A4S
ALY BARAII 2% YOLOVSs-MobileNetV3 5 H4x
) YOLOVS AR[RIRAAE CPU _ESGIFZE RN 1 iR o

Hr, Awaraos TETEBIE 0.5 bE R TOU (58I )
B 2545 B2 47/ ( Mean Average Precision, mAP ),
RAE BARAI R, Y HOAE 5 B SCHER) TOU HRT
0.5 Bf, 38 H I RIS RIZIEMA, mAP E#E,
VB R Y PR RE R AT

ML 1A LIEH, 51 YOLOSs FkRf L,
EBEHREANETMNEE, B HBEKREMRE
6.2GFLPOS, FAIZHHFEILZE 3.8M. HIK MAP %
IR 2.3%, (HRRIEEE R T 27 Wi/s. TEMHE T
— /NS RE BE R IR, Pt Tas AT . Btk AT R
T e Rt Ak B Ak D B3k AR TR A2 BRI B & b XPRS
JEE RS PR 25K

2.2 TUM #iiz &

AR A FFEAESE TUM RGB-D X s )5
ORB-SLAM2 i (R AR PEREIEAL . BRI EZE NG
SHCRAERIR RGB MR . TR RIR R 2 A 55
PIZS, W Wi 2 OIS SLAM 5032 1Al L 6 L TUM
B Erh 5 DA S BT, 2
fr3_walking xyz. fr3_walking_static, fr3_walking rpy.
fr3_walking_halfsphere il fr3_sitting_static, J:HT,
i 4 4189 fr3_walking J& TEsh& s, #m 2 A
e 551 Jo) BRI R4 T 78 ) PR BEA AL 57 22 [ 10 25 25 e 48k 5
55 AW fr3 sitting Fn 2 N NARTERE TR, RS
Yy b FUBR 28 B2 #% 3l . xyz . static ., rpy . halfsphere
W LA R T7 18] i3z 5l

2.3 HTFHIERGIRR

& 6 Hh EME R IR T fr3_walking_halfsphere 5 31 2%
s v s, MR ET R ATEE S AN EFiz 50,
ANFRARZZIRE . K 6a J& ORB-SLAM2 5%k
X MR HR R AE s i 45 51, W LA e S sl 2
XS B R AR S AR D R I, BT 6b 2AGE i H b il
BB E E R, JFABRShARIE SR 451, ]
VA B NS SRR AR, (B A8 T
() Sl A P A LRI 05 I Rk 78 2 A B o 6c sk
T E ARG PO 265 . Xk A8 LAl 24 S RN 3 v 3 [ 4 T Y
gL LA R AR R R SRR S e 4
e AR, HNJE B A B S AR e S 0T R Bl 5 T
B, SR Bl A RRIE 2 0 IR DR BA T 58 22 1 i A R AR
W ES 2 2 Tl Y VA A g

x1 BENBREMNEZXE CPU LIIE
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) 2% A5 B 1 %R /GFLPOS R SR /10° MR/ (oi-s™) Amar@o.s/%
YOLOv5s-MobileNetV3 6.2 3.8 106 66.4
YOLOvS5s 17.4 7.4 79 68.7
YOLOvS5m 49.2 21.1 52 72.4
YOLOVSI 109.6 47.5 33 75.6
YOLOvVS5x 206.3 89.1 20 77.1

. — GFLOPS ( gigaFLOPS ) ZFHFP 10 2R IF HBE
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Tab.2 Comparison of ATE experimental results

ORB-SLAM2 Ours 1'%
5]l
RMSE Mean STD RMSE Mean STD RMSE Mean STD
Walking_xyz 0.651 3 0.587 6 0.2811 0.018 3 0.0156 0.009 6 97.17 97.34 96.58
Walking_ static 0.3853 0.349 4 0.162 5 0.008 5 0.007 4 0.004 3 97.79 97.88 97.35
Walking_rpy 0.823 6 0.720 6 0.398 8 0.028 1 0.022 4 0.016 9 96.58 96.89 95.76
Walking_half 0.349 6 0.293 6 0.189 8 0.028 3 0.023 5 0.0156 91.90 91.99 91.78
Sitting_static 0.008 2 0.007 1 0.004 0 0.005 6 0.004 9 0.002 6 31.70 30.98 35.00
%*3 RPE THBHHXBWERILL
Tab.3 Comparison of experimental results of RPE translation part
ORB-SLAM2 Ours 1/%
5]l
RMSE Mean STD RMSE Mean STD RMSE Mean STD
Walking_xyz 0.4351 0.309 1 0.306 3 0.022 1 0.019 4 0.010 6 94.92 93.72 96.53
Walking_ static 0.200 6 0.087 1 0.180 7 0.0112 0.009 0 0.006 6 94.41 89.66 96.34
Walking_rpy 0.392 8 0.270 9 0.284 4 0.042 3 0.034 9 0.023 9 89.23 87.11 91.59
Walking_half 0.292°5 0.1719 0.236 7 0.032 4 0.027 0 0.017 7 88.92 84.29 92.52
Sitting_static 0.009 7 0.008 5 0.004 6 0.006 8 0.006 0 0.003 2 29.89 29.41 30.43
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Tab.4 Comparison of experimental results of RPE rotation part

ORB-SLAM2 Ours 1/%
¢ 31

RMSE Mean STD RMSE Mean STD RMSE Mean STD

Walking_xyz 8.4373 6.1379 5.789 2 0.630 5 0.486 5 0.401 0 92.52 92.07 93.07
Walking_ static 3.5533 1.602 4 3.1715 0.276 9 0.240 7 0.136 8 92.20 84.97 95.68
Walking_rpy 7.5851 5.266 1 5.506 9 0.910 8 0.759 8 0.502 2 87.99 85.43 90.88
Walking_half 5.946 6 3.6250 4.714 0 0.776 9 0.682 0 0.3719 86.93 81.18 92.11
Sitting_static 0.288 7 0.2613 0.122 9 0.262 2 0.2352 0.115 8 9.17 9.98 5.77
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Tab.5 Comparison of ATE experimental results of similar algorithms

751 ORB-SLAM2 DVO-SLAM Detect-SLAM DS-SLAM Dyna-SLAM Ours
Walking xyz 0.651 3 0.596 6 0.021 8 0.024 7 0.0150 0.018 3
Walking_ static 0.3853 — — 0.008 1 0.009 0 0.008 5
Walking rpy 0.823 6 0.730 4 0.076 7 0.444 2 0.0400 0.028 1
Walking_half 0.349 6 0.528 7 0.052 2 0.030 3 0.025 0 0.028 3
Sitting_static 0.008 2 0.050 5 — 0.006 4 0.006 5 0.005 6
T R BUE SO IR R B, MUASOR LS 2R, R AL I &5 R 0 R RIZepn it
*k 6 MREREEIXIEE
Tab.6 Comparison of tracking time
Bk IR EEISEIR BT BRI R B[]/ ms
ORB-SLAM?2 — Intel i7 CPU, NVIDIA RTX 3060 GPU 21.03
DS-SLAM SegNet Intel i7 CPU,P4000 GPU 59.40
Dyna-SLAM Mask R-CNN Nvidia Tesla M40 GPU 700
Ours YOLOv5s-MobileNetV3 Intel i7 CPU, NVIDIA RTX 3060 GPU 28.26
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