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Improved VSLAM algorithm for Oneformer segmentation
networks in dynamic occlusion scenarios

Chen Mengyuan'®> Chen Jun'? Tang Zhe'” Fan Shuailong'> Zhang Tantan'> Feng Zhengrong'">

(1. School of Electrical Engineering, Anhui Polytechnic University, Wuhu 241000, China; 2. Key Laboratory of Advanced
Perception and Intelligent Control for High-end Equipment, Ministry of Education, Wuhu 241000, China)

Abstract: To address the challenges faced by traditional simultaneous localization and mapping ( SLAM ) algorithms in dynamic
occlusion scenarios—namely, the inability to effectively label occluded objects, accurately determine the motion state of potential
objects, and the reduction in feature point count after dynamic object removal—this paper proposes an improved visual SLAM ( VSLAM)
algorithm based on the Oneformer segmentation network. This algorithm enhances attention to occluded regions by designing feature-
enhancing convolutions, feature enhancement modules, and occlusion attention modules. It optimizes relative position encoding to
improve semantic accuracy of occluded object boundaries, enabling precise marking of potential dynamic objects. Object motion is
assessed by first determining the camera position via camera pose estimation, followed by object motion estimation. An optimal nearest-
neighbor pixel matching strategy is employed to repair dynamic regions using static information from adjacent frames, enabling the
extraction of repaired feature points for pose estimation. Validation on the TUM public dataset and real-world scenarios demonstrated
superior trajectory accuracy. Compared to DS-SLAM and DynaSLAM algorithms, the mean root mean square error of absolute trajectory
error decreased by 84. 08% and 22.29% , demonstrated excellent trajectory accuracy.
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Fig. 1  Overall system framework diagram
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Fig.2  Oneformer network improvement module
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fEB 2l it — A~ 3x3x1 BEFZ LA sigmoid PREL,
A5 BIALE 7 Be 28 R E B fu o XRRHIEE AR S 51 5
DR 28 T 00 5 1 S A YR T 7E 9 X3, B fu 5 G FRIE
& Q HHAS R 223 Ml B T IBUS MARER Q, . 4t
BE 22 B AL T A5 %) 38 3 i 1 fy A2 [l fu it
AN (6) F(7) PR, s EEAE 5 fir,

Sy =sigmoid(Pn(F,, + Fy,y)) (6)

Ju =sigmoid(c(fc)) (7)

Hodr | IR RellU REL, P W EIEZIZNISE, ¢ N
3x3x1 LML,

Et{_
r]
I

|
| L mow e
CToEERERE !
| |
>
: 1. Lo
LB ___ ] !

K5 EPORTERR

Fig.5 Masking attention module

3 BENSWEEFIE

TEVETE S AW R i 23 1 B B, A8 RE A 1) A0 U
FIRERY SIS TOR R = A7 A 56 AL A A i ik 26 4
BT HIE R L T AR, A IX — A, AR SCHR
T PR SRR A5 YAz SRS T i 3h 25410
FEWLRE , B TERT PRSI TE s AP R iy SEmfaz sk A

CRIAR PR . — DS S p , AR T Y
ZMUASCHEMT Y, 25 A5 10 Wi, X T A5 p 78 G HE



12 3

ARSI 5T — P Oneformer 235 2% 1 VSLAM 2257k 233

Yo FRMHTIT Y 2 [H] ) E R R 2 e, PTLARIR N
e,=T-m(l,,,K,L(R +n,,t+n,)) (8)
Horfr ) T JRRHIE AL p B BOCHEWT v, 2D R R Ak

bR, m B REL, 1, FRIE S p AECHEMWT Y, LAY 3D

AERR, LR, ¢) J& A FE AR bR 3R B A BL AL B ZR 14 4H ) AR

AR, R RIERH M, ¢ M, K NN S5

M, ng Fln, 53 02 e TR (A I
H T R E AR R 22 R AT RN, SR AT AR A

w/MEERGE IR 2, L— e T, A EE

ST FRAE S BRI 2 IS AT IENEI R(L) 3k

LFAINIEAS L AR b, TR S 05 [RIE, 3 T m

KR 2% w, o A [R) R S B2 | 51 A— MR 22D

J5 2500 3p R Fm R AE AT B AR e e, RO A AE

JEIAE B Py KT RIUREZS I 53 Ai , T IR FH DL S ffE 42

T EK S ARG TR AL R R e
J(R,t) = argmin( Y, f:]wiefzp"ep + AR(L) -

logP,(L)) (9)
Horfr A FORFHE S MR, A BIEN LS4, ok

S 5 R L AT A 5
R T SRR A b R W — AN R R R T o S YA,

BT ORI 2250, 38 0] LA R ) 2 B - 3 221k | B AR

TEAEZ A S Wi A 132 s — BohE . X F A RRAE 55

p  ETE— RIS A 2= @, BITTHER
¢, = %Zila)(kmj,khij) - %2;“:]w(k:hj+m,

kmj+10> (10)
Hrb o RIORFHE KL p 75 2 WU WL A i 22 19 F- 24

i, N FRS 5 R R RRE S8R, o A1 I A1 R

$, my Fomg G35 S AR TR j i FLAR AR

R, kAR T A A bR R BIFANLAL bR R 1Y

ASARHERE TR BR j+10 FoRE j+10 W, m,,,, Flm,,,, 53

PR TREFAE AT p R HAR R S AR j+10 Wi A E
TV AR @, KRG, SARN(E 6 LLEL, 5l

AR [ v, AR ] & a, K RAERHE 211032 2otk

. BXFE, AT ISR — AP SR .

S, =a -s(gﬁp >0) +B-s(lv, | >0,) +

y-s(la,l>a,) (11)
Hrp, a,B,y JEAEEREL, s S48 REL, v, F a, 57

I I R () A f, SR me A PR I, an 2R

£oo> Lo SDUHEE RS AL, AR

4 BRESSHERL
RGN BN A SLAM ST 7E IR S A4 1A , T

A S (R TR, 35 ECRFAE i SRR AN AL o 284
TEASTRER , 7153 e (] B AG 0) 0 e 245 o PRT O AE) 2, oA

PR PR R, A S T — A I T 3T R 0 4 VG e ek i i
AT AR R R VE L SeE R 50k, AR LU Wi

AR 1) 5 BT

AR SRR R DL E AR JE A T Sk 10 B
AL 15 WA EEWUE B R % 1, FEIZ I ) 5
PN, % — T S AT ORB R A B2 55 1 B0 1 , i
B Y, Wi, B R REMERE S S S H bRk AT
E S VCHE, AT IC R Y, Zi o %5 Y, Wi ML Y, Zi i
JE(12) BEAE A AR e 2 H it & i L &
SIEEESEISH

I YW, - > Z1 <60 (12)

PSR AR T 2 (6] R R Y B B Rk d bR 22—, R
XL R AL TSR 2 R AR, P = [w,y,2]" W2S[H]
H— a5, FES R B AR (45 5y B p, R p,,
AT LB A AT AR R S p, M p, MR ENER .

s,p, = VP (13)

5,0, = V(R,P +t,) (14)

H s, fls, WRERT, V HHPLNSHEE, R,
H e, 435k B bR EAR XS T2 2% P e FE A8 40 B , 71
B = G ) R B VT, 2T A5 AT R T [
NRAR L Ap eSS i A0,

HIR 2) S Wik

ELAARA RN B — AL R ) 15 Wt A B ) 7 11 1
— 4, KT 11 P BRICRAAE E 1A T DT L, DA % 4 6 2 4y
FESRMFRIEIE S, XA Ap BT HI(ET L K
AQ KT BIE y BF B BLWiVE e 2 i, 2 F ok, i
— R I PR BE S T, W L B R 1) B AR, DK
T e P EE S Z WU A S WE . S5 Wik U 2 5L
23kt (15) fis

o (LAp > T] U A0 > v]

fz{ﬁl(U[IWi—Zil<100])} (15)

FERIHRAL BN B R R B AR RN A |, 2%
mWiseh B K, B, 7 A BEIRBEALIE R —1 3x3 {8 K
YERDCLER I A IR T — A m s i , 75 B k)
—AN5 A ] DGR R R R A DE BB, AR AR SR B B, 3
A FHICEiH S B R UCECH 2 i 22 5, R 3R
TiFs e/ N E , FEAE R B B, A1 % B B i — %
O e U oo R N O N N B S e N
B ) DA% i, AR S i 1 IR A% o, R P e A ik
E R RTS8 )G Dh—2F s g s AR HL 2R
SR I X e RS B T R IR R AE K T A B
X RS, s i BT A = (16) iR,

oo Y>(A-B)*+ Y (A-B)?

2
n

Hri, A B A B0k A B E RS B

(16)



©234 . S [ I I Ve 3

b A SR R e, A P PP A D RS R B, B v 9 i 2%
TS, EHRI KRN, SRR I W 25 Wi 2~ 4
T fR B, — B AR BN 3 1K

5 EWHERSHM

AL JEAE Ubuntu 18. 04 #24E R S5, CPU K Intel
13th i9-13900HX 2. 20 GHz, GPU & 8 G 7% NVIDIA
GeForce RTX 4070 Laptop b #EF7 5256, 7828 IF K4 4
TUM A7 90 UE 525, e HL T 22 Fh s FNAS SOk A
XFEE, Hod TUM $hod 8 J2 78 6 58 8 PR E 4R J& SLAM
U H S R E 4R 2 —, JC S F T AL SLAM
FIRTE R NS T 1 Aok B2 S e B i, L5 39 F
AR T3, 43R Z2 A0 28], DA A8 A i 310
Hrh Y sh 751,

5.1 B#H Oneformer 4 EIRTR LI

R T VAR AR SRR B SR E PR R S50 A AR [ U1 25 2%
PF T, LLRLE OneFormer R4S R FEAMI R 25 5| AKRIE
H RS PR XUt k3 i RS B RS Y G I A R AT T
RS g, A% R ME B 2% (pixel accuary, PA) H1 52 Jf
Lt (intersection over union,I0OU) R &% £, Hirp PA K
IERRIAZE R B R R B0 5 R R BB A,
10U iz T 3 5 DX 0 512 28 L0 18 X B ) & IX
W5 G I B8 R 5 LA, ke Al o Tl 5 4 4% )
BV T0U {H Bk M, mIOU U 4 4% 25 51 10U #Y-F ),
HeEBINE 1 rw ,ﬁ*ﬂ&ﬁ%/fﬁ W/ Xyz A& HIEE
AR PA H3KE] T 83. 7%, mlOU {HiEE] T 55.9%,

*F1 HEMXIE
Table 1 Ablation experiments
FEIERSE XOb LR R eTE

. s ik PA/% mlOU/%
80. 6 53.1
VvV 81.3 54.5
vV 82.1 54.3
2 81.7 53.5
VvV vV Vv 83.7 55.9

Ry TSR UEAR SR Y 43 ) 0 28 B8R 1 o BUSOR
TUM BEEE A B T4E b AR SO 3 Tl R 00 1 fo)
PEFEAT 1 AT R e E , Herb B 2067 HEAE S 4 B bric
A1 6 Hh it 3 BISCR XS HE AT A4S YOLOVS 5ok Btk iy
Oneformer 73 E K FE AN JE , S04 308 424 9 1K TG 726 95 4 1 4
) AR SR e 18 5 5 R A /D AN S SR L
55 1T TE AR P P AR 1) 3 B B AR O RCR
5.2 BESEYEIEEhH

A SCHEHL TUM 8l 4 b 3 Fh s 285080 S k7 1k

(a) HHE (b) YOLOVSHEZR!  (c) Oneformert® ! (d) Bitidb %k
(a) Original images (b) YOLOv8 model (c) Oneformer model (d) Improve algorithm
K6 L RIBCREIE

Fig. 6  Validation of algorithmic segmentation effects

BRI A5 B0 ) I DAl 181 7 B, Wl BLA Y ORB-
SLAM3 SR 20 25 W) AR 25 0 1A b R R A i 84 A
WA SRR S (N A 3 As BLAR  HE N B8 50 S i
P ERASAFRIE L), DynaSLAM [ RFAF 55 14 1 T sk R B
T HTE R 2R, A SO A AR LT
ORB-SLAM3 FiI DynaSLAM $5.3% , HHIBTREAE A5 14 6 1

(a)ORB-SLAM3#¥%Ew/xyz (b)ORB-SLAM3%.iZiw/rpy (c)ORB-SLAM3#%w/static
(a)ORB-SLAM3 algorithm (b)ORB-SLAM3 algorithm (c)ORB-SLAMS3 algorithm
w/Xyz w/rpy w/static

(d) DynaSLAM & #iw/xyz (¢) DynaSLAME iw/rpy (f) DynaSLAM# iw/static
aSLAM algorithm w/xyz (¢) DynaSLAM algorithm w/rpy  (f) DynaSLAM algorithm wi/static

A,
(h) BuEELEwW/py
(h) Improve algorithm w/rpy

(i) Bk S Ew/static

(i) Improve algorithm w/static

() Bt Hw/xyz

(g) Improve algorithm w/xyz

K7 ShaSA SE RACR A

Fig. 7 Dynamic object judgment experiment effect diagram

5.3 HBREFESEESHFERN

AR SCAH T — P T AR A5 Al A D e A i I 3 4B A%
RILE T B E Rk, BEARWE 8 fix, Hih
K 8(a)~(c) M & A NYH RCGB i 14H K, K
8(d) ~ (f) WEE IS RGB B4, 7T LI & & & 5 1y &
BEA T s h R RS 5, 2% H ORB-SLAM3 Al



512 3

AR5 — P Oneformer 433 W 45 i) VSLAM 5.5

<235 -

DynaSLAM $3k 55 A SCH ik AT RRAE s S O He, v
ORB-SLAM3 i TILik M8l 5 5 SO ik, 8 sh 9
P& ERYRAIEROCHE 5Bk . DynaSLAM B3 7631 B 5 25
PR L ROARAE RS, S BOH T 00 B A4 T A3t A A i 25
IR AR D /D T AR SOt 5k A 0 Bk 3 2 X3, %
SRJE B XIRHEAT T 17 5B R, SRy 5 i A
SPAE A, E T RE O A4 2 Y S VA A B0 141, AR s 4R I
ROERANE 9 R

(a) FRAE BB (b) g ER M2 (c) IRgHEMER M3
(a) Original image frame 1 (b) Original image frame 2 (c) Original image frame 3

(d) BBEEbI (e) EBAER W2 (h) EREEm3
(d) Image repair frame 1 (e) Image repair frame 2 (f) Image repair frame 3
K8 iR ERCRE

Fig. 8 Background restoration effect
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Table 2 Comparison results of relative position error of five different algorithms under TUM dataset ( Unit: m)

ORB-SLAM?2 ORB-SLAM3 DS-SLAM DynaSLAM S
Seq RMSE S.D. RMSE S D. RMSE S.D. RMSE S.D. RMSE S.D.
w/xyz  0.7426  0.4502  0.6191  0.3239  0.0375  0.0233  0.0782  0.0457  0.019 4 0.0277
wipy  0.748 1  0.4289  0.7228  0.5233  0.1820  0.1181  0.2413  0.1156  0.140 3 0.032'5
w/static 0.6304  0.3981  0.4652  0.2105  0.0081  0.0046  0.0566  0.0313  0.0230 0.010 3
w/half  0.6755  0.4330  0.3014  0.0962  0.0377  0.0148  0.1397  0.1072  0.0277 0.0143
ostatic  0.1352  0.0081  0.0090  0.0026  0.0106  0.0042  0.0081  0.0051  0.008 8 0.004 5
o/xyz  0.0072  0.0038  0.0045  0.0041  0.0058  0.0055  0.0093  0.0032  0.0043 0.003 9
average  0.4898  0.2870  0.3537  0.1934  0.0470  0.0284  0.0889  0.0514  0.0373 0.0155
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Table 3 Comparison results of absolute trajectory errors of five different algorithms under the TUM dataset ( Unit:m)
Seq ORB-SLAM2 ORB-SLAM3 DS-SLAM DynaSLAM ARk
RMSE S.D. RMSE S. D. RMSE S. D. RMSE S. D. RMSE S. D.

W/ Xyz 0.9233 0.5157 0.418 4 0.1423 0.025 2 0.0150 0.017 5 0. 008 4 0.013 5 0.007 1
w/1py 1.892 0 0.468 5 0.569 2 0.250 4 0.434 1 0.235 4 0.036 8 0.028 6 0.026 0 0.016 3
w/ static 0.367 2 0.1355 0.1259 1.041 9 0.006 3 0.004 7 0.006 9 0.003 1 0.007 5 0.003 3
w/ half 0.654 0 0.388 1 0.035 7 0.112'5 0.025 4 0.017 1 0.024 9 0.013 3 0.020 3 0.010 4
s/ static 0.009 1 0.005 6 0.012°5 0. 006 4 0.008 5 0.004 5 0.007 9 0.003 7 0.008 0 0.006 1
s/Xyz 0.008 8 0.004 7 0.009 5 0.008 9 0.012 6 0.009 0 0.0112 0.004 6 0.006 3 0.005 9
average 0.642 4 0.253 0 0.1952 0.260 4 0. 085 4 0.047 6 0.017 5 0.010 3 0.013 6 0.008 2
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Fig. 10  Trajectory comparison of five different algorithms
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Fig. 12 Comparison of real scene trajectory map
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