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Abstract ; The current feature point matching method for simultaneous localization and mapping (SLAM)
is generally affected by the change of perspective,which makes the matching of feature points difficult,
which in turn deteriorates the accuracy of feature point matching, and ultimately influences the construc-
tion of three-dimensional (3D) point cloud maps and the estimation accuracy of camera motion pose. For
this reason, this paper presents an attention based on feature point matching network for SLAM. The in-
novation of this article is that compared with the existing SLAM and we replaces the feature point matc-
hing method of the visual odometer module in SLAM with an attention based on feature point matching
network for feature point matching. And we make a new combination of feature point extraction and
matching with the traditional feature point extraction method to form a new visual odometer and a new
SILAM. Firstly, we encode the extracted feature points and descriptor vectors and we learn through the

graph attention neural network to obtain matching descriptors. Then we create a score matrix based on
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the matching descriptors and use the optimal transmission algorithm to solve the optimal score matrix. In

the end we calculate the optimal matching point pair and complete camera positioning, mapping,and loop

detection based on the optimal matching point pairs. The experimental results show that when the vie-

wing angle is unstable,an attention based on feature point matching network for SLAM can significantly

. ) . L .
improve the accuracy of the camera's trajectory and the estimation accuracy of camera motion pose.
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Fig. 2 Extraction of feature points

2.2 [MLEcHRs

e GEI e ik s DT LB 3 rp ML DU R AT - 2R )
PLPC  FLANN R it S8 UCAC . 26 BLIBORS 58147 -
Lower's 3%y 1 3E— 25 0 1 VE i 5, 2k 3R IO 75 1Y
DEPE s o 33Xl 2 BT U8 A R ORLIBORS . — B R
Lower's %1 24 #E — 25 4R AR 75 VL TiE 45 s RANSAC
SRR B ilRE R 25 T B A A9 5w T A S AN

LMEDS 5535 A 75 22 B {E , A2 N S 80N F 50% 2
B T AN SR i A VC TBC R DA 3 — 2B 3R HUAR 75 DG e
B TR 2 o ()RR UL B 575 1% MatchNet,
— TR A BRI 2% 2 I 2% B A S OF AT 0 R AE
26 F0I0 g T 2%, 3 T A B Bl R AR AT I 45 R I R TR
. HARITA AT A BURRE i 55 AR 5B X SRR
IR 50 XTI 5 6 AT ok ) B2 1) 2% 3R AR 43 B 3d it )
BOR AR BURFAE (R VT C . AR SCHE T /i I 4% 46 7 16 4K i
F A AIE A 8 R T 1 0 PIL I AR R DE I ) 2% ) R
2 ) B T RRAE A5 VCC T 3 HE A R 2% 2 A i
W 2%, Jel A 42 T 45 7 R AIE 0 VG FE A9 I 35 0 S 28 4

T4 BT — i PR AR B R AR A A R
5 A i PR B R R A AT DR AC L B 55K T B R AR
OB VE T R 7 B S SRR LAY L B AR AR A
Wk F T E B EEEmEMHEZN
B B 468 BE 6% B 22 119 2% 18 3 4 A R AE A 00 S0 WL R
fiE 3% HURRAE s A0 8 AR AR p: Ry 2 dE I & 138 1)
i d, Oy 128 i i ] 22 J2 O 4 3 4 b 28 10 2%
P& R AT AN R — A 128 4k 1a) & x;, X E P TE]
Hidden layer &y 3 JZ. 3 5~ 32 4,64 4k, 128 4k,
PEHL Leaky Relu pRZC R I%T5 BRER -

f(x;) = max{ax;,x;}, (5

A4 P 5K FH R DE E 1) T A5 4 IR 5 ik A5 TCHE [] —
SRE P AE S BT s R S R Z R LA
Pid: —Fh 2 ER A B S ZBEE L, O self-
edge(self-attention) 5 Jj —FftJ& 55 5y — it KR 3% $ 1)
1,4 cross-edge(cross-attention) , 2 T ¥ P fini & {5
PR ARF AF A5CHE AT UG E , B 5 R 2 T v 2 I ML Y
P12 I 24 Ofe g e AE SR A B0 BT 3 ) bl 2
MBI ZME 3 PR,

LR BT A O S T Mg A
X BN S R AR A5 22 1] 4 R 2 A 4R Y, O B BT
BEHERN R HEE L Ak ol self-edge %
B, 2 E L BB BT R cross-edge %
Py A b me O RRE S SAA T AR A
| W A5 B 1) DF 45 484 (concatenate) o ™ A% 4% R 2C
6 HEAT T TR

X =x'4+MLP(x! | m_;),i = 19, (6)

P T 2 AL S R R R A 4 R
WEREH R 8k X, BIAHARST S0 X, B9 4
g 128 Yk &, B — 4E 2 R AR A0 0L B A A
ERCIE Y FEYCRVELE

A R TR N SRR S AN R 128 4k



. 18

] 2, O BE TS BT Al 128 2 ) . X A x
JE AR o, b O £ M L 45 B query Jkey  val-
ue,query J& x; P& MBS 2], key Fl value J& x;

.x"

~rd
M\\
{ S Z 6
". J 7 i~ \
Xy / xl\ Xn
o3 A .
Xs .

Xs

B F - B W 20224 ¥33%

PR 2R B AR B W W, W b B — 2 R E
AT AL ES G EARRZE WA —FE .
q =W x,+0b, 7

b oay

Softmax

A A

3 BEEIMEMKZNEETENERE

Fig.3 Graph attention networks and graph attention layer

—| MLP {— x/
X % Query Concatenate
' Mapping ’ J
Transposition
iplicati 2 g MLP

Linear Ky p l Multiplication —-l Softmax }—»l Score
X; . > key=value)

Mapping (key=valu

Linear Value s ot \
x Mapoing M (syvalng) »| Multiplication |{—

B4 TREHTEE
Fig. 4 Update node schematic

3 W, by
NN ®)
U w, /73

PSR R A L V3 o e 1 ST N E =
A AR TS R O B E AT g — 1 I —fk &b
2, BRIE N Softmax IH—1fk, H T query.key Al
value, gt A] LA ] Softmax ok R T B2 7 ALE . 3t
& x, Mlox; WAL .

a; = Softmax(qlk;), (M
SKAG T VE B A AE AT LUORAS me
me.; = Ea,-,v, s (10)

BT I A T a5 B A D A
fi =W, 4+b6=W[x/ +MLP(x! || > Softmax
(q'k)D)v) ]+ b, (1)
2.3 BERKNRILILE
A 32 3 AL A A R e 2 I 4 R A5 A R IE
ML IR 7 /0 B TR PR Q A5 T ETE 1

FRE S DE L 3R 7R /7 F0 2.8 P Ry N
AFRE RS Q WA M AN FRAE s A DT T B 4 T
BC A TR i N AR BRI A5 2045 50 HiBE scorey,

score; =< fT,f2>,VY (.)€ {P,Q},(12)

P EE—>F1 0 T 1 20 B 1 43 B B D R el
f?%ﬁ%?ﬁﬂ?ﬁgzwscorede » BRI 45 2 43 B 46 % D,
ATRE P A RME R TCE S Q By R AR SR AT DL A
¥ score; PR AT —5, XHEMAIET P.Q MFE
iF S A e W ) score FEMETNIE 5 B .

S5 PR 5 v R T 3 R HIL R AR AT DG IE ) 2%
P A AU 5 53 A1 DG e 7R 2 BT AL 6 B .

2, W0 FERR ST e b ) R AR B B DT C Y
TAEBRZE B T XA — Bl 28 9 4L A 1 B 0 2 ik
/b PRI DG 0 7 A= A 152 2 R DT IRC . AT 42 15 D i
HEAfR BE , 3 T 4R v A LAY 0B 3l RS B DL AR LA
LGS .



414

HELJRL PE 25 « O T T 25 1 WL AL 9 B F 25 VS I I 45 19 SLAM Iy i c 19 .

1 N N+1

M+1

B 5 Score 46 P&

Fig. 5 Score matrix

E6 HESSHHMECEREE(ZERN)
Fig. 6 Distribution and matching diagram

of feature points (indoor)

2.4 MEITME

U TE 56 W2 S o B SR i AR AL A 67 28, S 3 A
HEH A AL, FUHE ERE 50 H R AE 50 2D A AR TR
2R ZH 2D A8 AR S AL 2 Lt 5l 2 R H
JURT T py 1 po AR R A bR R O\ s fd )
KR F, 00 (12) .

p:Fp, =0, (13)

SR SVD K figt H A BIL 04 o7 2, HoAS 3 m] BE AT DY
AT EEWAT A R RACA IR B X A R
TRBE s 25 N IE , Qi 52 W) Ok TE 6 i . 75 0 TE B
Hrp K AL 2, L 3)

sp = K(PR +0), (14

P 3D s 2 Hl ] e O B 1 — 20 a2 OC S T 119
75 6 o 3 o 075 36 T LAY/ 3D b R A s BE o A AR A
R AN AN B T R TR ORI
FEBEE 21 i i [ A5 4 JRCHS Ok B R AE SECE O S,
— I O B T £ BB R Y RRAE R B S M B —
ot X T2 A 7 R AE DT L DS E RS T A S B Q)
BOE —> BB 100, 25 Aij Wil (9 45 AE 558 i 0 200K T

10053 75— A B{E 0. 8, R R E MMM iz s R %K,
#/NF 0.8, WIUE B 32 3l ROBE 8K, ATk Ay O El i -
JS,- > 100

Q, o (15)
ISH <0.8

b P B R RO S A B AR OR L R S Y
AR 7 S AR A LAY IE S0 2 Rt R il i
B2 [ O P B R Z 5 o Piy s B T R 28 4 R 1
188 1 A R B A B AR 2 5 B S E B

R
P, =P, XT, 17

PR i T E 2245 B T fee I A4 4 AR A DE TS L B LA
TG I S 5 77 A (] A 4 IR A% 5 R 25 R S i it D sl
i — > SR AR E DR TC 5 38 BB DC TR 0 il B
R 2 [ S T, X L — 2 e — A BUEL i I
FRAE RUECEE 1 85 00, A 2R D I5C B ) 9 R AIE 80
Ao I L U5 B 7 A TR L A A A 0 s b
e 7 fros .

7 RS R AMIE(TUM HiEE)
Fig. 7 Partial point cloud map(TUM)

3 ZWHERKSW

AL\ SLAM J5 ik 8 BE 7 AT PP AL . AR SC
SN TR B AR Ah IR BT b A AR AR i LT
SLAM J5 & W8S B, Se e i F T KITTI 5 J5 804
A TE LG ik AR v AN AT Ao s Al R 20 P ARG R AR A
Y B 1 22 (ATE) FAH X7 & 5% 2% (RPE) , AL
TR T T A% G0 0 R AF A VG e Bk #E SLAM Hy (1) i
FH N — Tl S5 507 11 35 TR B8 2 > 114 e AF A DG i 3507k 7
SLAM {5 77 UG il 5 3 . FLANN 83k &
MatchNet 5.3 ; Je L8 — T AIA SC SLAM J5 35 F#AiE
SUVE L 232 2l B0 ) s R B/ 43 ) R 3k 7 O DG S
PR TEC E 7 3 (a) L T FLANN UG g A% e o 77 3 (b)) |
FF MatchNet' "™ i it o J7 % (o) » DL KA SCIY 3 F
B T REAE UG ) 4% 1 E 9 i (dD Y 4 iE DT C
AR TR B v A T o 7 ik R AR ML S B . 1 8 R
B9 fims.



¢« 20 o

o o A 5 15 2 A T S R B S ) B 22
B, AT AR 08 Ml 2 17 B3V R N A 4 Ry — B
HE G AN 5 15 2 2 B4 AR 114 J2 F Rl [T 7 B U] 22 A 7 it
PR ZEWIRE BE R L B %) . B e L — F AR
PRy : SLAM B3 A6 oF i M LA & Py - Py € SE
(3), LS AHBLAL 2 Q-+ Qn € SE(3) . 3X HL (1 5 )
AR ] CEOWD) | B SR A T R B A

(¢) MatchNet for SLAM

WHI - B % 20224 #33%

FLSCHY AR AL AL 28 B0 25 TR A Wi 8] 2 28 060 5 0 1 .
HE WUBCR ] I A AR AN B A9 I 8] . B H A L
BAT R AW 58 1 B LA B33 — A SLAM 57
TEAG TR H R B AR ML 28 31 5052 9 A AL AL 28 4 A 18 5%
B S€ Sim(3) AL i WA 24 X Bl iR 22 72 L
LU

F, =Q'SP,, (18

(d) Method of this paper

B8 4F75ERFELERE

Fig. 8 Four methods of feature matching renderings

(a) Violent matching for SLAM

(b) FLANN for SLAM

(c) MatchNet for SLAM

(d) Method of this paper

9 BT 4 FE AT R BIE ST

Fig. 9 Four methods of camera motion track



S 10 HRTESE IR TR R 0 PL A A RR AR R VS RC R 2% B9 SLAM Jr

o« 2] o

ECHLEWIE n 1A BIEL T, /] LR 1 m
=n— A AL PR 2L SRR R DL B O R 2
RMSE #17iR 2401t
RMSE (F,,.8): = (=377 | rans(F) | )%

(19)

RV AE S 5% 7 L% R X o 2845 22 5 SCINT
Ei: = (Q'Qis) "(P'Puy). (20)
A B, R FH ¥ 5 iR iR 22 RMSE MHATiR 24001 . 75
TR RS . RPE 408 1 A8 2 1Y 0% 22 « el 1% 22 Al
FRR2E O T RELE 3 M B L R B T LU T

JrA A ) RMSE (9°F- 311 -

RMSE(E,,): = 37" RMSE(E,,.A). (21)

A LA B 525 K7 51 00—05 31X 6 My 4 1E 4
ANBCHETT B SEER S5 RN 1.6 2 FIk 3 i,

xR 1 BWNPUTREITLE (B :m)

Tab.1 Absolute trajectory error comparison(Unit:m)

seq. Violent FLANN MatchNet Ours

00 342.8363 5.5707 4.4653 4.3671
01 243.7382 18.9754 14.567 3 11.7621
02 189. 764 4 6.9034 2.8735 2.6654
03 279.3346 43,7645 38.5543 34.6678
04 18.6535 1.7821 1.4465 1.1145

05 220.7783 43.2145 36.9021 34.2246
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Tab. 2 Relative pose error comparison (motion error)

seq. Violent FLANN MatchNet Ours
00 0.2765 0.1145 0.1109 0.1097
01 0.5028 0.2796 0.1089 0.1012
02 0. 9544 0.2019 0. 1590 0. 1344
03 0.1198 0.1009 0.0905 0.0897
04 0. 8465 0.1795 0.0371 0. 0310
05 1. 2907 0.5069 0.9071 0. 8902

R3 MAMLBIREI L (FRFIRE)

Tab.3 Relative pose error comparison (rotation error)

seq. Violent FLANN MatchNet Ours

00 0.3039 0.1728 0.1589 0.1398
01 0.564 2 0.3006 0.1193 0.1105
02 0.2087 0.1878 0.0665 0.0459
03 0.6398 0.046 6 0.0431 0.0398
04 0.9621 0.2107 0.0613 0.5921
05 1.4098 0.6082 0.1254 0.1201

4 £ it

AR SCHR T L TR B ML AR A 4R AE DT R 2% £
SLAM J7 3k ARRFAE i e 0 R TR T HEE S
AL ey 1] Ao 2 o 2% 74 3] A4 R AR 9 DS TG i 3R 1
T J K 755 DG TRE 1189 X 78 DE TC 4 38 1 A0 PN AL, DT 75
B — A5 23 B R e 010 A% i B30k 0 R e A o3
PC A e DTG A5 391 5 G 1 4 A DG E o i i 3 e D IS
U B8 R A 08 A T B AL B9 a2 Bl 7 % MR 46 328 3l
7 S HEAT JR 0 2 L PRT A S S AR IR B A . S
S5 R AN H T AR G 0 I R T i 5 RO A 2 TR
JEE 2 2] 19 5 iE D TC J5 vk« R JH 3 1 0 R AL AR AR
A, C E o 245 1) IC 7 7 3%+ A S0 9 AR A R E B BR
TR T ELAE AR AL IZ 3h B3 R 25 A AL AL 2 A 3T
RZE R BE W AT BT S T, HREA R Z AR AE TR
itk TC R A ok D 1 s D08 A% i B0 35 19 s [] 52 2% JRE A
B HHES R T SLAM B AT B L TEIX — SR
41 ORB-SLAM 445 58 323 J5 vk o IR 4 oK R 1Y 2 it
AL EE R T as AT EE A .
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