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V-SLAM Loop Closure Detection Feature Matching Algorithm Combined with
Multiple Attention Mechanisms
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Abstract: In order to obtain an improved robustness to the accuracy recall of V-SLAM loop closure detection
in complex environments, a local feature matching algorithm, combined with multiple attention mechanisms in graph
neural network, has been proposed with an application to the loop closure detection. Firstly, the SuperPoint detector
is used to obtain the key points in the image sequence, followed by an input of the extracted feature points into the
key point encoder, with its dimension raised to the same as the local descriptor sub-dimension by using a multi-layer
perceptron. Then, a more representative local description can be obtained after being repeated 9 times in a multiple
attention mechanism network. Next, the SinkHorn algorithm is used to solve the optimal matching matrix in the optimal
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matching layer, thus obtaining the loop closure detection result by setting the threshold reasonably. Finally, experiments

are conducted, alongside with five other loop closure detection benchmark algorithms, on two common datasets of New

College and City Centre. The results show that the proposed algorithm is characterized with a higher accuracy and a

stronger robustness than other experimental algorithms under a certain recall rate, meeting the requirements of closed-

loop detection.

Keywords: simultaneous localization and mapping ( SLAM ) ; loop closure detection; graph neural network

multiple attention mechanism

1 IxE=

W] 2 % i 5 @ & ( simultaneous localization and
mapping, SLAM ) AR, FEd 2L H4F Ry P &
AR H AR, A RALA NS A A
K AR Z —. S SLAM ARG 584, FE g
TR B SEE . A AR T (visual odometry,
VO) | stk PRI A R 5 4T84
B, TR, A R AR AR R R, AT LAY
& M 3% SLAM ( vision simultaneous localization and
mapping, V-SLAM) . 0Ot SLAM Fl 2 A& il &
fl) SLAM. FH SRR INAE A SLAM il —iB 4y, —H
SRS I Y DR AR A 04 P ARSI AT A
SLAM RGEHFATH E AL, I Be vl 78 Fi o 40 v BL AR
TR TR RS 1 22, DI oy b R B

M5 SLAM F P AR [R]85, 246 8 s L ds A
TESRE T, AR B i A G B R
VORI 2ol sy, e EaDi A &
RIS KR R, f£50H V-SLAM 4] FRA6 I 3 24K
T N LB AR E A T30, X T R RRIE Ay $2
B, B R RJEARRHE AR (scale-invariant feature
transform, SIFT) . JNEFR{EFFE (speeded up robust
features, SURF). Jil#H 73 BOR B4R ( features from
accelerated segment test, FAST) , DA EIn] fast FHfL
S PEIURN E 5% brief $ 3# F (oriented fast and rotated
brief, ORB) E{GJRHPFEAESE . 72 HATH R BRI
T B iRl i b/ A S A UM ST = B e < ]
SEHE TR TR T R AL (bag of visual word,
BoVW ) " F1 2% % /K [n] /& ( Fisher vector, FV ) P 4%
PR RTINS 13 o Tr)AABE TR 1) DG, 7 T ] 1E Bt e
PRI RITRAE, SCTEAE g i, T AR 4
EURFHESE UG B AR DG . foldn, FE bR 4P
e 5 ( fast appearance-based mapping, FAB-MAP )
5l A BoVW,  H T H T Jay S EHRRRAE g B2 i e
JHE SIFT #l SURF S54t ik 1 HA AL, itk

FAB-MAP 7E [ 3546 0 vh A 80 i P, 56T ORB
PRI F 1448 ORB-SLAM2Y! 2 G AEAHLI 3
LA ARSI AT Foom r EE . H RS Sy
(ERES O R S R il AN 28 N R e =<
F AT BRI SE—FIR24RAE ), S B
SRR RIS, G EDE L s A R
o, Hosm B EERCR, Sz SR,
TR ST g A P ER A AR A 1 T o
AR, BlAE TR 2% ) FORTE IR A B &

Ji&, 7 SLAM A7 AH R, R FH O B 22 1)
RAERHIESRI S B IARZE 5, Bilands VGGle

(visual geometry group ) 5 NetVLAD jihfb)ZFHEN&
(PR ERAGIN P, AT LR S e, (R UG A A
TR FERS . V-SLAM H (14 A FRAG I o] Bl
KRG SRR i, 87— Ry GG, Fe A
JE i e ) GO PR ERAG I H bR o TR 2% 2] 2R TR
25 () BCH F R AR SR, i (5] R 22 I 4% ( graph neural
network, GNN ) ATARFRAERRSZS [|], 405 S5 5028
R O AR AT M, ASCHIAE LT SuperGlue 42
FEEAT b, ) HRE R R R E AR B E R , SR
PR 28— rh ), XA [m] EUGRHEA TAR B
JEDCAC, MIMSCEL V-SLAM HH ERAGI

2 SuperGlue Z2#4 % JR 18

S. Paule % AT 2020 442 5K 1 SuperGlue'”,

S TR T R I 28 Y FFIEDE AR, H 2R
Be T A (B 7 VA R T2 M4, Jd e i A 56
HERURHAR T, BAEERZ R VLR C R o
FEAYZL R E M4 R 2% (attentional graph neural
network, AGNN) " FHRALICEL)Z ( optimal matching
layer ) "2 WIFRA4H A, & 1 4 SuperGlue 1Y FEATHE SR
bR ERl. mE 1 ATLIA Y, SuperGlue j&—~H
()3, H: 32 R Ry BRI s ) DC C e Ak Ry AT e fE
i naka



55 5 fhEfy, % 82 EERNILHIE V-SLAM PRI AET FCi i 11

v

T >t Rl

A 4

==

< | +
J i
S -

ZEIEE S

Sinkhornf23%

oM

P

. N+1 -
HRNBIIAS (dustin ) 1#IH

B R A IR TR 2 e 2%

IR fRICRe)z

1 SuperGlue FIEAHZRE]

Fig. 1 SuperGlue’s infrastructure diagram

2.1 FEOEHEMLE

SuperGlue ™1 (1) 1 & J7 K bl 28 ) 2% 15 e v,
I ity A 2 T R D ) S B S M S p R A T
d, 8 CHE S g A T i 2 )2 BN L (multilayer
perceptron, MLP ) X OCHE &7 (5 B 7 H4E, Jf
S TG, SRS SR TR B O,

Ox, =d, +MLP, (p,) . (1)

K MLP,,, 9 S AR 2 1 2 2 BRI L

ZEE MW g P i R EUR A H R A X
TER TR, X RS A G P ] image A Fl
image B WA S S B o K, B8R N
PN B, — A e R UG b A DG i 4R
G ers I3 DI NEFEES BGOSR B eosss TR
BB S % image A 5Y image B 55 [ J24FE G BN

[+1) _ image A or image B [) ,.image 4 or image B
( )xi 2 2 =(>xl_ g ge B 4

MLP([ “xme e ) (2)

o [T R EERAE, HHEYP eclewn fuosts Mo
Rid I H R IR SO E AU S, BE A
FHIER {:()eey ER, H

m,_,; = Z A (3)

N

Hr o, MEBIAE, v HITRE.

HEMEENUHIIS . EAHUZ, =16, FR
M ADGALHE; W52, B =2 m), s %
1. T2 P, XPRAESE LAY DL RCE L
THIRFER R, G183 D mE g, kv, RlE A
T ICR ¢, WIETE kA, KRB TR ME
Vo FREIIRGE

oc,./.=softmaxj(q,Tkj)O (4)

1218 Paul-Edouard Sarlin %, %M HEE M
SN =wiLIN i IPY PN S JE RN ESEE N
[FAL, B R IALE AT AR B DE ek e,
A8 SUTF T 3 AL D) R FH AR S ) R AT s AR 8] 1)
AELRE b, AP AP LR g, S L
W, IS ILRCH R it — g i i s

image 4 or image B L) .image A4 or image B
f;l ge A or image =W'()x;"’ T imag +bo (5)

e, gmeedorme B YR PR A 8 B & i FEAE S
VEPCHR T WA b AR

FESLRRRREE b, PR W] DARRAR AR G b iy
LRI RL 2S5, SEAR A 07T sl Z AR B ST, X
FERT LATE S B2 R BT (470 R A TR A A
22 mEREER

S5 P VG JE 22 28 35 K 31 W BB X 7 1) DG JCARE 236
7= 0B P, R ARIR A b4 K
i AR S EMR B I O HE s D e IX — N, A —
AROTHE S TR R R P RC /3%, B
S, =< fmeed, et > V(i j)e image Aximage B

(6)
Ay <o > RmEANE; BOHREN M x N B,
M 1N 53 EHR A MG B H i B s A

EEBIPLG NTEzshid i, d TSI
PR ECE B3 H AR Y 2 5 BURMIE SO DL AC X — 58
PRl @, SuperGlue 1) VT Be J2 76 5 A BRI &
MIFREC L, 3 T — A4 B % AE (dustin) JEE,
DA DG e H A TR b B AT AT AN D P S A, B (]
15 A I MASFHIE SR TCHE S EUR B TR N ANFRHIE
SHEATAHLVE LI, SERT DL MASRHE R S5 TE
N ANRHE S PN — 24 B B IR AR 2, i)

Sive =Sw; =Sus v =z€R, (7)

A (6) (7)) ATLIE N, WERRHES i F1
JESCUCEL, WK RE S, BERR, FREMA
BN RIRAREE S, TSR B SR AR VC T s Y [R) AT LA
AL T (M+1, N+1) HR 25 s LS S B 4 P
AT AR S, oK, ARSI

a=[1}, N
max s, P, st b=[12 M]T’ (8)

Pl,, =a,

P'1,, =b-

TR S0 DT TG [ A0 A 4 Ry e A AR i I A, R A
Sinkhorn"* 533 #F 473K fi#. A Sinkhorn 5572 BE 78
PRAGHEECR RIS, e E DAL R4 R (A543 B
W e 24504, HLOG B Al By 3RO 0 18 2 [ g L



12 77 = = DA | /A = =S 4

2023 4F

Bl o e — Al 2] 280, T2 f# A Sinkhorn 81
KA e AE R, M0 TER)E, BB
BIRAEIEE AT, BV SHECHRE P=P,.y, .xo

3 EF SuperGlue BT

V-SLAM AP I A4 e 22 H AR 20 24 w145 5
ZHTFTAT WG A T ULHC, R DE T RE s AR (L
B, MWISEB— AR AR . AR SCIESEST V-SLAM
B AT ERAG I BN, A A Ry 24 i - 22 R R — T,
ReJH SuperPoint'™ LSRRI BRI RFREHIE S, XAE
SuperGlue 424 (4 Fir s A w A8 R AHTA] o
3.1 BUimSEMHE R ERE

SuperGlue FY Hif iy J5 78 45 AL i RS 58308 SR P il
OYBCEPROCHHE AT, 23 M0 BEA f m W 0L ) G B R
HPAERR P B3 —/ DR LG, — B TOURR i 1
KEEREMZS G, SERGRPE T —RBILPR
AR X, THETEXT SuperGlue HEA T YIIZRIT
H T AT P PR A PR, 0 7 Jo B R A A AR B I,
SR FH I B DG HE R, DMEEA T it A 3

SuperPoint 75X S5 Y HE R AR di KA
( non-maximum suppression, NMS ) . NMS M #; il
W Bt AR B e SCHE L, IR AP B AR T X
W) 07 i R A B o T Al B R 18 P A% R/ Ik
O, [HSE 2 048 AW W fiz iy O G BE s EA T 9, 28
P SR A AL A SR B I, 7 DC ST TR ] Ry
BOHACR . 5, TEREAHIN R RE RO gl A
B R S R B 2 R BT G 9 A BRI 5
FE, To0Rm 1 ) DB AR Ak E R GRS AL
RS 1024 4> H— U AL S A A
B RN B Y SR RS, R 7R P R iR/ VL
AOCHE R TS, T I A5 2 e IR SC B A
32 EHEZRELE

£ SuperGlue 1, Xf F 8 S0 B5 B RAZ
JE N AT i, K OGS A G A g AT LS e
GBI AL A, FEI Rl R o R AL
FICRIT 15 000 245 Ay PRI P 8 A S B e A A o G
£ V-SLAM PRI, #2808 N 3 )2, Ha
M2 5 RELU 3406 At bRk

22 1T 7 0 I 4 R e ) DG G )23 7 R (R Ry v S
AT DU G AR, WO I 2830 b R R M 2 20
o A A A DMK E5 4 1 B sy i g FLELT
BCHREAL o7~ B, — B8y AR, foME
SYTECHERE P OSBRIk BBk 1

Loss =~ z IOgE,j_zlog})i,N+l_zPM+l,j . (9)

(i, NeM iel s

K 2 B A — D UL RCRCR IE, XISk E G
EARAAML, HSEBR EAIFARF—5t, RIMERH T,
BCPE AR B TR H AN BEAR B — P BRI 31

e el

a) K& 4 b) K% B
B2 [Ef% 47 BT RE
Fig. 2 Matching renderings of images 4 and B

3.3 ARENELRE
LT Z F B ST HLH 0 P A 8 X 2% P B ARG 0 5
AR 3 s

FEERTL,
FRIERT2

FHIE R —1E

SCENL, eiR2

fEFRL, ARFR2

¥
( B )
|
v Y
&Eﬁﬂ%ﬂh) %wﬁﬁ%g>
mgﬁﬁﬁaz E%ﬁﬁ?z
)

GrBO)<—m s ~—CGE B ApLINS)
€D EIECI =T
B3 BT e 2 I 4 B B RS B R A2

Fig. 3 Flow chart of loop closure detection algorithm based

on graph neural network

HAAKI A BRANT «

HB 1 A A R PR R0k A i R A
B e R, LI RAF (0 R R A SRR o 5 A58
PR BN AR AL

FE2 AR AT AR R IR BS AR
HHATIA— A B, ISR (-1, 10,

7 R S S ISRIIVACR ISR A IS VAL |
e, 2o Z R THER) 5 R AR R A T
Y —FE

SB|A RO B (E S R IR T R A
ZETEIILME S, EE LK.

FES  LUIZJREE LG AL RS 155 A )T
AR T RS, 225 Sinkhorn 3503245 2]
SrBCEERE P

FE|o  MUE ISR BT B EE
F WA U ER



555 4 e, %

it ZEER VLRI V-SLAM PH ERAIRFAE DG B 51 13

4 KBWEERSN

4.1 SKENRE

ARS8 T HLER 5 R Python3.2 FiI
PyTorchl.10.1 %, H A T 5 UF % T SuperGlue 4] 1
K5 Ve RE, #5525 T Bow. VGG16., FAB-
MAP . AutoEncoder F PlaceCNN [ |41 346 1l . 1k 1E
T, egr, Rrihid il 256 4, 512
YRS ILIRE I VAR IS RSP S S i L [ LY ]
REE (S B E] (3, 32, 64, 128, 256) , ZFhiE
B IHLI 28 v v R I PL R A8 S I HL
A EE R 9 )2, ZIRE R 9JZE, 2N
poEi BUR ARG NIRRT S N W UESE: S
TEES 9 )2 BENG B ME 1) S Bl 5 JEA T C . SuperGlue
T£ MegaDepth (45 4E F 1711 4%, X2 —Ma &K
HIRE RN BAEE, TR 2 EUR IR ER 5 R 5
1£5%, i Adam fifbds, HEAEHALE Sinkhorn
AR ARIECH 100,

KT ARSI R, PR A TF
Ay City Centre 1 New College Wi/ P24 1t
Horp City Centre 088 4 Hh 60 &5 58 2 04T RN 2240 45
ARG, 1M New College FHEHEAN UL & I EXTL,
PR T 22 B PRGN LB B R A 52 2 R v
JUER, AR BE B e s R R R A, N AR
HB SRR A BAE— A — A7 B B ARMLIT R EE i A
FASEIT R AR LIRE 1.5 m FA8E 1k, A aldni RS
A 640 x 480 1) 2 474, 2 146 Tk KR, EMGARTEA%
N .ipg, HIEEURM 2451, S5 har s 2
ZEHARPATSRE IR, BRI A I A AR LA 4 A
8. Bl T R 25 8 RS Sl LS AR E B, #7 1
15 i FEME j TR R[] — b S8 B P R X S, 0 —
AEFERE (i, j) 1, B 0, SOZEIREE
i) 1z B A AR B uE R R4, AR 1.

F1 HEEFAEE
Table 1 Dataset details
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Table 2 Classification results of loop closure detection
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Fig. 4 Comparison diagram of accuracy recall result curves
for two datasets with different algorithms
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Table 3 Average accuracy of six loop closure
detection algorithms

Bk City Centre New College
FAB-MAP 0.498 0.465
BoW 0.255 0.348
AutoEncoder 0.202 0.200
PlaceCNN 0.459 0.355
VGG16 0.328 0.442
SuperGlue 0.575 0.653
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KT ORB _brute SIFT Flann SuperPoint Flann SuperGlue 0.3

J¥3)
00 380.4293  29.566 6 27.457 1 213712
01 297.1186  34.7425 96.444 2 81.4022
02 443.108 6  38.1587 29.012 8 38.1193
03 30.546 4 23512 6.403 4 1.616 2
04 42859 1.0379 23175 0.514 2
05 213.160 5 10.1370 16.777 6 10.554 6
06 324976 7 3.983 1 15.849 2 11.022 0
07 52.903 5 11.799 8 7.3827 6.306 4
08 466.379 8 163777 30.768 9 12.306 0
09 181.096 5  26.5924 18.018 9 11.3947
10 270.242 7 14.141 6 10.495 4 3.408 9
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