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Abstract: To address the issue of partial point mismatches in point cloud registration caused by outliers,
partial overlap, and geometrically similar but non-corresponding points, this paper proposed an Unsuper-
vised Point Cloud Registration Algorithm Integrating Feature Interaction and Point Matching Enhance-

ment. First, a feature fusion module was developed to perform interactive integration between features of
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the source and target point clouds, and to fuse the resulting features with those extracted at the correspond-
ing positions in the previous layer, thereby enhancing feature representation capability. Second, a graph
Convolutional Network-Transformer fusion module was designed, in which graph convolution was em-
ployed to extract local geometric information, while the self-attention mechanism of the Transformer was
used to capture global contextual information. A cross-attention mechanism was further incorporated to
achieve effective feature interaction between point clouds. Finally, a point matching enhancement module
was introduced, which established point correspondences by jointly considering the Euclidean distance of
point features and the similarity of their local neighborhoods. The proposed algorithm was evaluated on
the ModelNet40 (with noise) , 7Scenes, ICL.-NUIM, KITTI, and ScanObjectNN datasets. Experimen-
tal results demonstrate that, compared with the IFNet algorithm, the proposed method achieves reduc-
tions in root mean square error RMSE (R) of 31.93%, 23.72%, 19.76%, 10.53%, and 21.05%, re-
spectively, validating its superiority in both registration accuracy and robustness. Overall, the proposed al-
gorithm exhibits excellent performance in registration accuracy, generalization capability, and noise resis-
tance, showing strong potential for real-world applications.
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(23)
i sigmoid (+) R 7~ sigmoid BREL, el Fl el .57 H

il o( )23 51275 4 A A Tl 2 500 MLP &b B i
B e B URGEARAE B — 2 P X N R A
w,, SR 5 F ] w, X8 X5 PR AT AL SVD 53 fif J5
2O R A7 WP AR B 4 { R, 2 )
2.4 WMEKEE
FEAR SO R BRI = (24) FioR
Ls=1Lg + AL+ 9L, (24)
Horp s Lo ROR SRR Ly, %78 5 T Huber BT
AR SRR BE TEAFAE AR B IR LT
Fe o AT M o AR B8 T AR SR B 5 Lo BB
Jry S — BOPE AR R 2 ) B0 B B w,, AT LA
38 2 BEAEE e Y Ao S SN, AATE L A E bR
Mo PR AT A L, 88 A5 B — BUHE
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S 8 23 ] — BOPE 458 2% Sfe Ak DS TS 43 A1 5 A Rl g
43 ) 38 7R H5E il JRy 8 — B RN A ) — 0P kAL
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Huber BREGTENT .
%ﬁmwga
ho(v)= (25)

1
d||v|— =], otherwise
2

AL o 2 s 1 DAY D A5 R S I o i 22
£ 11, v 3 7% 0 S (6 N T30 4 =2 16 B9 22 5, A ()
FE 75— T 0] 0 e B A 2R pRB

Jt T Huber PR X1 42 Jm X 55 812K Ly, € X
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§L6ﬁ42@yf3, (26)
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Jar i — SRR Lo LUF
L= zi,ei,j,e Yzf/e.‘\",y.y,’ev,” R-zj+t—y; Hz’
(27)
Hor  XOR Y 43 50 7R U8 = A H B s R Al
5 2 My, 57 0 R J5 5 = FH AR s =
BTG m N RN, il BoRR S s M E R S s
RS R A ISR RER S 3 My, R OR TR
S R E AR A5 2 Rl A5 3R A, R RN e i
Vil e AT
25 [0 — BUPE R R L oo 22 SLANF

1 ) :
LW:*EZ;@@? jwzl {]

arg max Af_l} logA7,, (28)

Forl| X [BR L 2 h T (5 S0 B |- )RR
T R R L A7 D i K

3 EBRAELZERSN

3.1 XIBRRERSHIELE

A% B 0 R S A B < A R 48 Ubun-
tu, & & 2% >J HE 28 f Pytorch, 4% 2 1% & N Py-
thon3. 8, GPU Wiz 17 ¥4 CUDATL. 1; A5 3%
() B F 52 56 3 5% . CPU A Intel Xeon w5-2455X
(3.2 GHz) , & £ & NVIDIARTX A5000 (24
GB) . ZB LGRS R H Adam fE Ak 2% , 91 46
27 2] R A%k 0. 001, Batchsize K /N5 4 2, epoch
9100,
3.2 ZWHIERTAE

R T BRI A R ARG T 54 A
AR M0 BHE 4, 5 ModelNetd0™
7Scenes™ |, ICL-NUIM™ , KITTI* #1 ScanOb-
jectN"', ModelNet40 % #is 5 i & [ 325 AR i it K
TN, e — BT T A B AR 55 B
P & 40N ANEZEH], A 12 3114 CAD £
U IR A SN R 525 N [ i o SN S S i
PEHC L 0244~ o5, 3 30 B R AEAR 2] 768 4> 4 .

7Scenes £ 95 48 O [ 3 Bk S A 9T B R
2R /NAMH B s N s AR
LT TR E NI e b E A I
353 MHEA, B S B A B LR A 2 048 4 A,

i R FEASFF) 1536 4 . ICL-NUIM % ¥ 4k
H 0 [ A T B R T AR KR
2R E A = N IR L 1 478 AN REAR N
= FEARBEHL R AE 2 048 A s, 18 3 F R A 45 2]
1 5364 #i . 7Scenes #l ICL-NUIM ¥j 3k Ji F &
SEE IR EE AL WL AR AR Ak Y R B OR 3 4
R 2, 3 3 77 A6 50 s R 20 sk T 8 n) A, )
Yyt A WAL 45 5 51 K AR X A B s 1
1YL

KITTT 48 4 i 8 [ /R #6831 2% B
= 55 [ R AR AF R Be R R A AL 1130
TR HET ), A 23 190 MREA , FAS S =k
ARBEHLRAE 2 0481 mi . BBIREY R HR
B, A S A B bR R SR 22 S8 R s, B
MW AFEREEEERE

ScanObjectNN %4 4 iy v [ 7 5 Bl K2
g, A RTFEILAMERNENYRE S
a4 W T 2 28 W 3 2 890 M REAS
T = REARBEHLRAE 1 024 4 5, 3 i R B
FHE) 7684 a5 o BRI 22 T SR
E Y Sl 2 A5 W R PR 2R IR 1Y b L AR 285 4 A 4B Y
A B I A
3.3 iFMiEtR

N T A s BRSO AR SCR T R
UL B 48 5 - 19 MR 25 (Root Mean Square
Error, RMSE) f1 3 ¥4 44 %} % 22 (Mean Absolute
Error, MAE) . % & 2 KI| P A8 #6055 14 410 45 Jié % Fn
BLAE TA 2 B 43, WA SORE 43 53 % JE 7 6 B R
FSF-AS 1) 8 ¢ 647 A 7 PEAY o B SC AN 8 B 193
BN ANF B

RMSE(R)—/)}QZ;"](RW Rgl)f, (29)

RMSE(t)z/;Ej_”l(t,,,p - tgl)f . (30)

o - RMSE (R) 3 71 Jie i J B 100 (i 55 092
(35 05 M A% 22 , RMSE (2) 3275 ~F- 7% [n] £ T 0 F 5
FLH BB MR 25 L R, 2, 3 3 2R Tie i R
S H 1 T S5 R, R R £, T e FOT- S 11 B L 45
HRom BN o TEE = EL

1
MAE(R)Z;Z:,”:IH R..— R,/

(31)

MAE() =3 Jo—n . (3
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A xR 2% MAE () 2 78 ) £ W0
BT e xb 22 - | Fon Loes. b
VM FE A5, RMSE P& MAE W 35 B 79 %%
{ELRR /)N , 2R I TRC 7 P RS
3.4 XWHRSW
3.4.1 BHEeEENE

Ry VAL AR B B T MRS R AR SCK I S5 R 4t
25 WLl HES VL ICPY ,FGR'™ , SDRSAC™ ) K 3
TR B 2 S B9 e ffE 53k DCPYY [ IDAM™ | FI-
Net'®', FMR'®', CEMNet'*’, RIENet'*’, IF Net'*
#HAT T X . 7F ModelNet40, 7Scenes, ICL-NU-
IM, KITTI I ScanObjectNN i £ |- #4741 56
SO IR AL T AR R A T AL 2 AR R A s A E
s 1| N S S ST A S N O A L R [ BT
FH o

TR g AR Y (4 Pk RE L 7E B A A R 25 5 Y
ModelNet40 $ 5 45 [ 317 9830 , £ 7 40 4~28 51
AT 5t 3 A 12 3114 CAD &L, Horp
9 8431 CAD B A ] Tl 45, 2 468 1~ CAD # Al
T, 763 1, IENET ™ 805 i SC 36 45
oA SC & B, ICPY, FGR™ |, SDRSAC™
DCP'" , IDAM™ | FINet™ , FMR*' , CEM-
Net™, RIENet ™ 5.7 ity 52 56 45 % A 2 2% ik
(28] ASVE RN A S BE S VLA L0 7EPERE 1Y
A E, H RMSE(R) }3 0.007 2, MAE (R) A

F1 EHIETE ModelNet40 HHE 5 (AR A) iy 1%L
tb &
Tab.1 Performance comparison of various algorithms on

the ModelNet40 dataset(same category)

0.005 9, A1 Xt F IFNet ™ 5 2 4 51 ¥k /> 0. 003 9
FT0.002 7, 44 B H T /&5 19 B MRS B 5 FE 5 0
B

Ry TR — 25 I AR ST 4 Y T o B Y
PEfE , 78 7Scenes Fl ICL-NUIM M 4> 23 I % 98 4
AT . HirP, 7Scenes 3048 S 4L & 353 N EE
A B 296 S REA ] T U2, 57T AT
T ICL-NUIM B8 4R &% 1 478 M FEA K
o1 278 A FEAR H F U2, 200 AN FE A A
£ ModelNet40 %5 45 5 41t L 13X WA B 4 2L A
WM E NS 5. T RIS A,
AR SC B 2R A I 2 A RN AR AR S A R
] o B AR SCR R Hofth 26 BUB IR UE AT EL g, R 2
M 3P M IFNET ™R L S5 45 oA R
B, A L ) S 45 Aok B S k[ 28], &
2 M1 33 9 F 8 78 7SCENES #il ICL-NUIM %%
P PR EN LR, £2h AR
A F IFNet ™ 8.3 , RMSE (R) F1 MAE (R) /3
S > T 23,7296 A1 21, 119654 3, AR A
A %Z T IFNet ™ 8 3% , RMSE (R) 1 MAE (R) 4y
I T 19.76% Fi118.22%, MR T AR CHE
250 WP A e 2 A T I R A R T R RO
I4h, 5 CEMNet ™ 5Lk M 1, AR UL 7R 2 A4
$ehr BRI E A, RMSE (R) Fl MAE (R) 43 51 ik
A>T70.7728,0. 189 4;{H7E RMSE () F1 MAE(t)
A — 5B 3k — B 42 o U AR AR L i i e
RFAE 2 1K 2o A8 v St RR AR 20 A 1 B 3 i HE I

F2 FHEHEFETSCENESHIEE FIERELLER

Tab.2 Performance comparison of various algorithms on

the 7SCENES dataset

Method RMSE(R) MAE(R) RMSE(t) MAE(z) Method ~ RMSE(R) MAE(R) RMSE(t) MAE(t)
IcP 33.6842 25.0537 0.2912 0.2524 ICP 19.9166  7.576 0 0.1127 0.0310
FGR 3.7055 0.5972  0.0088 0.0020 FGR 0.2724  0.1380 0.0011 0.0006

SDRSAC  3.917 3 2.7956  0.0121 0.0102 SDRSAC 0.3501 0.2925 0.4997 0.4997
DCP 6.649 8 4.8472  0.0273 0.0215 DCP 7.554 8 5.6991 0.0411 0.0303
IDAM 2.4612 0.5618 0.0167 0.0035 IDAM 10.5306  5.6727 0.0539 0.0303
FINet 1.4631 0.6427 0.0112 0.0068 FINet 1.7824  0.9038 0.0094 0.0051
FMR 9.0997 3.6497 0.0204 0.0101 FMR 8.699 9 3.6569 0.0199 0.0101

CEMNet  1.5018 0.1385 0.0009 0.0001 CEMNet 0.176 8 0.0434 0.0012 0.0002

RIENet 0.024 6 0.0120  0.0001 0.0000 RIENet 0.0188  0.0131 0.0002 0.0001
IFNet 0.0111 0.0086  0.0000 0.0000 IFNet 0.0118  0.0090 0.0001 0.0001
Ours 0.007 2 0.0059  0.0000 0.0000 Ours 0.0090  0.0071 0.0000 0.0000
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Tab.3 Performance comparison of various algorithms on

the ICL-NUIM dataset

Method ~ RMSE(R) MAE(R) RMSE(t) MAE(t)
ICP 10.1247 2.1484 0.3006 0.069 3
FGR 3.042 3 1.9571 0.1275 0.0659

SDRSAC 9.407 4 7.8627 0.2477 0.2076
DCP 9.2142 6.5826 0.0191 0.0134
IDAM 9.4539 4.4153 0.3040 0.1385
FINet 2.8731 1.1875 0.1273 0.0517
FMR 1.828 2 1.1085 0.0685 0.0398

CEMNet 0.8272 0.2316 0.0021 0.0010

RIENet 0.1115 0.0792 0.0048 0.003 4
IFNet 0.0678 0.0516 0.0046 0.0036
Ours 0.0544 0.0422 0.0030 0.0024

TER A TP R BRI 22 . SR =,
KW AT R T T E B TC HE RS B A S B BC HE AT
S5 i B e A N 1B

H TR UE AR RIS A5 sorh ay e
HEPERE , A SCR H KIT T 4 47 52 86, % 7
51 00-05 1E Rl R4, ¥ 51 06-07 1E R B ik 4% | 7
F1 08-10 /F W ik 4 o Hop Ul 2k & S 4
14 130 P FEAS B Uik R A1 75 2 200 S HEAS, Ik 4
£ 5 6 860 MFEAS o A B g H Al 28 ML BR
HEATXF L IENET ™ 55 3k 1 52 50 25 S o AR S0 2
M, ICP" , FGR™ , SDRSAC™ , DCP™ |
IDAM"™ | FINet™" , FMR"™ Hl RIENet ™ 4 5. 1%
Mg 25 ok A S % k[ 28], MR 4 ML IR 45

x4 BEEEKITTIHES ERMRELLE

Tab.4 Performance comparison of various algorithms on

the KITTI dataset

Method ~ RMSE(R) MAE(R) RMSE(t) MAE(t)
1ICP 19.7362 4.0355 1.8493 0.9124
FGR 8.259 8 1.6986 0.0794 0.0375

SDRSAC 7.3050 1.6037 0.0688 0.0289
DCP 10.3303  2.2953 0.0985 0.0532

IDAM 7.4124 1.5751 0.0620 0.0271
FINet 6.2106 1.4638 0.0578 0.0348
FMR 9.736 2 1.6809 0.0848 0.0305

RIENet 5.5180 0.8840 0.0457 0.0162
IFNet 2.0819 1.0168 0.0301 0.0191
Ours 1.8627 0.9353 0.0267 0.017 2

RO LLE AR SRR R RE LA BT e T, Horp
RMSE(R) Fl MAE (R) 43 ] Ft IF Net ™ 5 74 s />
T 10.53% F18.02% ,RMSE(t)J#/> T 11.30%,
MAE (D)W /2T 9.95% , 2 B U7 $2 ) J7 2% 76 Wil 4
AR A A T b LA RS R A B
PE o M3 T RIENet ™ 8.3, A X £ MAE
(R) FI MAE (¢) 46 b5 I W& i#h — %5 | {H 1A 5% 2245
b FBAR K, 7R AR SCARVR AE R HLE P 41 3
A Eh I R N A8 5 SEBR R T

hT I Ay W UE AR SCR R A st L SR
ScanObjectNN %45 5 #1752 40, i B s L L A
2 890 MHEA, Horh I 2R A2 A0 5% 2 309 M HEAS,
AL & 581 M FEA . AR L 5 FMR™,
CEMNet™ , RIENet™ fl IFNE T 5 ik #F 17 ¥
AEXT L, bR X H R I S R 2 R O AR SR
b N RS o S I D < s VN Nl = A ]
RMSE (R)Fl MAE (R) 43 ] . TF Net ™ 5 74 i />
T 21.05% #117.54% , 7€ RMSE (¢) fil MAE ()
D5 T IRAT — 22 W 1) T B ifE— 2D B0 UE T B R 5
BAE LY 5 S s BCHEAE S5 A e S AT
M.

F®5 HHEIETE ScanObjectNN £ 47 £ E i1 Bk tL 52
Tab.5 Performance comparison of various algorithms on

the ScanObjectNN dataset

Method RMSE(R) MAE(R) RMSE(t) MAE(t)

FMR 4.7028 0.9328 0.0160 0.0105
CEMNet 2.0321 0.3474 0.0121 0.007 8
RIENet 0.1092 0.0469 0.0013 0.0006
IFNet 0.0803 0.0285 0.0011 0.0002
Ours 0.0634 0.0235 0.0004 0.0001

3.4.2 BH ke TAMKR

Sk TV T MRS T AN (] B Y R RACR AR
SC3 A WA AR L T R 5 vE 5 RIENet ™,
IFNet™ ¥ ModelNet40, 7Scenes, ICL-NUIM #i
KITTT 25 %4 45 3 20 3 5 b 09 e v 25 581, A 18]
T~E 9K 10 iR VAE 7 RB, BR T &3 5%
TE ModelNet40 %5 41 £ H 78 01 5 A 47 5 1 w] 40
RSB AMES = 5 Bind s, 1
AKX R RIENet " 835 (IFNet ™8B35 A
SCHE M E S AR 4 (Ground Truth, GT) B9 B #E

45
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Fig. 7 Visualization results of some samples from each algorithm on the ModelNet40 dataset

RIENet IFNet

K8 A WETE TSCENES £ 4 [ ) & 73 4 A o] i AL 25 2R

Fig. 8 Visualization results of some samples from each algorithm on the 7SCENES dataset

RIENet IFNet
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Fig. 9 Visualization results of some samples from each algorithm on the ICL-NUIM dataset

K7 R R AR TEZ AN 5 PR S B A X 57 SRAS TR SR AT AR A XY
R BCERCR Ao RS B bs s =Xt i 25 A XS B/ AL 5 GT 45 RAAFAE — 3 25 57
RN R AR RO E L GT. 5GT MEBZ T A SCREAE S — 47 A AT B R IX
FEE , RIENet 5 TF Net * 76 55 — 47 47 | #f X Ik R B O T GT MR HERCR o SOk
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Fig. 10 Visualization results of some samples from various algorithms on the KITTI dataset

B AR SCRIEAE 24 B 22 5 b R TR e
WERG B2 5 25 A% S5 6 0, A0 e 7 A st 5
Sk, B SE/R T A UHE HAE 7Scenes i 45
AR E T A R . 5 GT x|
UL, RIENet ™ Fl TF Net ™ 5. 1k () e ff 25 S 78 /2 I
i1 DX SR AT A7 7 0 35 10 s A R g — 2 4
JRT XS X N IR PC R B R A L 2 R, AR
A Y T VA 5k SR A AR 5 ORS R RN 40 Y UL 7
THT 2 AR

B9 /R T A SCH ik 78 ICL-NUIM % ¥ 42
R REAR T AR . E S GT % AT
UL, RIENet ™ fl IFNet ™ 7E 255 — 1T B A T A X
BOREE AT A B A IS GT 8 oh i3 0
FE A0 J2 AT AEAE — 28 T2 B 0 SR 3 6 A6 5 A SO
TR 3K S S B DX sk b 3 B v A R SRS B A
7 VA 3 B R M GT L AR BT A 410k 3 i
WERE T F m A e, 10 BN T AR SCE L HE
KITTI & 5 F 03 53 4 A 0 o o) A0 4k 25 23 .
BRI ER YR AR HE LR E . R
ENet™ #l IFNet ™ 7£ 55 — 17 BHMZ 19 1F L Jr X ]
M AT ER B AR A X A7 A — R B R 225
MILZ T AR EEERES S GTH R —
e, B EROR R T H AR ok st — 0 E T
HEELE R T a5 a .
3.4.3 BHEWZAETE

R T BRSSO R R ) 12 AR B L AR SC
TE LA R AZE 9 ) ModelNetd0 B dii % FikfT T
SEE R FHT 20 A 200 AT U0 25 I 20 4> 28 )k
A7 W03, DT RS 000 A A 2 288 ) K AR v ) R R
P SEIGAE AN 6 FT R, TF Net ™ 803k (i 52 56 45

By AT E B, ICPY , FGR'™ , SDRSAC™,
DCP"™ |, IDAM™ | FINet” , FMR'* , CEM-
Net™, RIENet ™ 5.7 i) 52 46 45 S % H 2 2% ik
[28]. ARICH L RMSE(R)}0.008 6, MAE(R)
b 0.006 5, A & F IFNet™ 5 3% 4 7l W >
23.21% F126.96% . FHEER R AT A
2] J7 B AR b B R RS ) S 2 BOHE IR B A T TR
B A SCROE A BE AR R AL A MR L B0 IR T AR
5 1972 1L RE

F6 FHIETE ModelNetd0 B4R & (R ML) LR 1ERE
Xt
Tab.6 Performance comparison of various algorithms on

the ModelNet40 dataset(unknown category)

Method RMSE(R) MAE(R) RMSE(t) MAE(t)
Icp 34.2744  25.6378 0.2924 0.2519
FGR 3.1251  0.4469  0.0074 0.0013
SDRSAC  4.2475  3.0144 0.0139 0.0121
DCP 9.8374  6.6458 0.0338 0.0252
IDAM 3.0425  0.6160 0.0197 0.0048
FINet 2.3915  0.8015 0.0105 0.0045
FMR 9.1322  3.8593 0.0233 0.0113
CEMNet  1.1013  0.0804 0.0020 0.0002
RIENet  0.0298  0.0110 0.0002 0.0001
IFNet 0.0112  0.0089 0.0001 0.0000
Ours 0.0086  0.0065 0.0000 0.0000

3044 BFEARRNEER
M 7 2 iz PV R A R L T PRI 3R R R
VT A I A% TR 25 RO SR A B 05 B O 0 AR 05 A8
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AR S AR AL HEAT T T I A R AL MR R B
Wi, S 56 78 H A M R 24 51 ModelNet40 %5 4 I
HEAT I S5, R J5 A6 M ER 43 v 51T bR o O 22 4
0. 5 Y B AL =g 40y M 7, 6 M8 7 1 A7 380 59, 1 T FR
SERL-1,1] 0 o4 m Rl oy O =05 A )28 50
ModelNet40 £ 5 — 2, DL £ 52 58 3% B 19 ] L
PES — Btk 7RI A0 m e ]k 7
It 7, IFNet ™ 535 (1 52 56 45 5 o A S0 3,
ICP"Y ,FGR", SDRSAC™' ,DCP"™ , IDAM'*,
FINet'™ ,FMR'*, CEMNet®’, RIENet * 44 i 4
T EE ROk A S % S0k [ 28] AR U AE %
FAET ) RMSE (R) 5 0.016 2, MAE(R) K
0.006 8, %% F IFNet ™ , AR SCE 3 #) RMSE(R)
M MAE(R) 43 5108 /> T 31.93% #129.89% , %
H AR SCORVE AE 2 2 IR S B8 v ) B A g o

R7 HBHEIETE ModelNet40 IR L (SR ) LHyIEAERTLL
Tab.7 Performance comparison of various algorithms on
the ModelNet40 dataset( with noise)

Method RMSE(R) MAE(R) RMSE(t) MAE(t)
Icp 30.5018 24.0121 0.2391 0.2184
FGR 4.5798  1.2173 0.0186 0.0051

SDRSAC  3.8351  3.0619 0.0142 0.0128
DCP 16.4068 13.3563 0.1120 0.0887
IDAM  13.2725 11.1256 0.0831 0.0661
FINet 2.5171  1.7000 0.0163 0.0124
FMR 8.3698  3.9390 0.0291 0.0291

CEMNet  3.2477  0.4047 0.0076 0.0013

RIENet  0.1003  0.0386 0.0004 0.000 2
IFNet 0.0238  0.0097 0.0001 0.0001
Ours 0.0162  0.0068 0.0000 0.0000

3.4.5 B Fikey oAbtk

SR R TTo NI  N 7 < 5 o N 6 A NI g €
7Scenes B4 4 AR AT TR . EREAS
FEA BRI T 1 536 4> mi, I FH 3k 26 2 B A5
ARE R IEATI  3R 8 BN TR [H AL 1T
iz fy it E , Ho ICPY, FMR'™, RIENet ™ F1 TF -
Net™ 1y 5256 45 B ¥ ok A SCwk[36]. ICP" &%
gt (A fe e vE B S i FMR'™ RIENet ™ Al TF -
Net ™ ] & 5 F IR B 2% ) 1 oW Bk . A
QAT LUA e T IR B 2 2] 14 550 1 A 4 BRI (]

BRI — @ AU H, X T BT A T i ) S )
fiE £ 5 BE AL L S 30T e 8 LR sk
FrAL B o AR SCRT AR 0 SR ik AR S I DT T AR B
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W AR SCRE A AU AR BE HERT LA D 3, TR i
e SV T TR A
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Tab.8 Comparison of real-time performance of various

algorithms (s)

Method  ICP FMR RIENet IFNet  Ours
Time 0.4582 0.4286 0.4286 0.4231 0.4235

3.5 HRLXIE

R T B E AR SR A R A R A A b AR
CAE 7SCENES, ICL-NUIM #1 KITT1 %48 4
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A3 3.4. 1 AME . Method1 2675 S FH 35 i
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7R FE Method2 (¥ FE i i A & 4 R - Transformer
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AR CAE R 9~F 11 B T 1M il 52 56 1) 25
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0. 000 6,3X A JJUER] T FRAE fl & B AR VR BE A5 1B
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TREMAER . Method3 # 4% 034 45 45 i — 45
Ak, o H B AE ICL-NUIM %$#i 4 I, RMSE(R)
il MAE (R) /3 5 % Method2 [% ik T 0. 0049 Al
0.003 9, RMSE () #1 MAE () ¥ Method2 &A% T
0.000 5 #1 0.000 2, X & W], & #F (1 & &
-Transformer fill & B 8 B2 6% A 2508 I 78 43 FILH
RIS A R AT B DN 2 i S s o A S B
FRERNE LT TR E ., EEAEEN
S AE R NI SO R B 2 5 %6, Method4
AR B T B E R T B
w78 KITTIE O 4 &, RMSE (R) fl MAE (R)
53 3 3 Method3 B& ik T 0.050 9 F1 0.023 3,
RMSE () F1 MAE (&) W] 43 5| B AIK 7 0. 001 2 F
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®9 TFTSCENESHESE FHIHMEIWER
Tab.9 Results of ablation experiments on the 7SCENES

dataset

Method RMSE(R) MAE(R) RMSE(t) MAE(t)

Methodl  0.0118 0.0090 0.0001  0.0001
Method2  0.0111 0.0084 0.0001 0.0001
Method3  0.0099  0.0078 0.0001 0.0000
Method4  0.0090 0.0071 0.0000  0.000 0

R10 ZEICL-NUIMHEE FHHBIBER
Tab. 10 Results of ablation experiments on the ICL.-NU-
IM dataset

Method RMSE(R) MAE(R) RMSE(t) MAE(t)

Methodl  0.0678 0.0516 0.0046 0.0036
Method2  0.0622 0.0486 0.0036  0.0028
Method3  0.0573 0.0447 0.0031 0.0026
Method4  0.0544 0.0422 0.0029 0.0024

R11 FEKITTIHES FHEMREER
Tab.11 Results of ablation experiments on KIT T dataset

Method RMSE(R) MAE(R) RMSE(t) MAE(t)

Methodl  2.0819 1.0168 0.0301 0.0191
Method2  1.9726 0.9827 0.0296 0.0189
Method3  1.9136 0.9586 0.0279 0.0181
Method4  1.8627 0.9353 0.0267 0.017 2
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