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Abstract: Traditional point cloud registration algorithms are often observed to converge to local optima.
This occurs when initial pose errors, noise, and repeated structures exist. To address this issue, a registra-
tion method was proposed to integrate deep feature consistency constraints with an attention mechanism.

An attention-enhanced deep feature extraction network (AENet) was constructed. It was trained via self-
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supervised learning to generate point-wise descriptors invariant to rigid transformations. Using these de-
scriptors, initial correspondences were established. A coarse transformation was then estimated, provid-
ing a reliable initialization for subsequent refinement. A deep feature consistency term was embedded into
a multi-scale iterative closest point (ICP) optimization framework. It formed a joint objective that unified
geometric alignment and deep feature matching for coarse-to-fine registration. By incorporating the feature
similarity constraint into geometric optimization, a unified model was established. This model jointly en-
forced geometric proximity and deep feature consistency throughout the registration process. Refinement
was performed progressively. It proceeded through coarse, intermediate, and fine scales. This improved
convergence stability and reduced sensitivity to challenging conditions such as large pose variations and
structural ambiguities. Extensive experiments are conducted on the ModelNet40 dataset. Results demon-
strate significant improvements across multiple error metrics. Specifically, the root mean square error of
rotation (RMSE R) is reduced by approximately 85.5%, 89.7%, 78.8%, 74.3% and 61. 6% compared
to FINet, OGMM, IDAM GNN, PREDATOR and RoCNet respectively. Similarly, the root mean
square error of translation (RMSE t) is lowered by about 88. 2%, 87.0%, 51.1%, 72.0% and 18.2%.
These results indicate that the proposed framework effectively improves both accuracy and robustness. It
provides a practical solution for high-precision point cloud alignment. The method performs well under
complex environments and structural ambiguities.
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Tab.1 Detailed settings of AENet

TR 24 FR iy A Y i o iy H A
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R 1 128 X N A T B I RE — RRAE AL 128 X N
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RS2 256 X N A TR B AR — R INAL 256 X N
Fk 228 3 256 X N HEARU(256>512) — R 2EEH 512 X N
R B 3 512X N A IR B IR — RRAE AL 512X N
i ik 42 512 X N HRU(512>128) — HLIH—1k — #IG 128 X N
4 Jry FRAE 42 H 128 X N A JRy dwe K AL 128 X 1
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Fig. 5 Registration results of each stage of the proposed method
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Tab.2 Quantitative analysis results of the proposed method
25 A B FFESE RRAEARIEE RMSE-R/() RMSE-t/m 12 AR/ Vo
#1453 DT e 1024 0.4819 39.270 8 0.090 2 —
Chair HHRUEE X 57 206 — 0.4147 0.007 0 98.9/92.2
o R X 57 645 — 0.3663 0.006 1 11.7/12.9
A1 R X 5% 1024 — 0.3135 0.004 7 14.4/8.2
Wb T i 1024 0.477 4 4.2372 0.059 4 —
Lamp HH R X 57 242 — 0.6039 0.005 1 85.7/91.4
o RUEE X 5F 669 — 0.569 6 0.003 7 5.7/27.5
il R X 57 1024 — 0.5128 0.002 9 10.0/21.6
Wb T i 1024 0.4736 30.1019 0.1976 —
HHRUEE X 57 474 — 1.204 9 0.114 1 96.0/42.3
Flower_pot
B 57 944 — 0.800 5 0.009 1 33.6/92.0
il R X 57 1024 — 0.7203 0.0057 10.0/37.4
Wb T i 1024 0.4777 23.1611 0.156 9 —
_ HHRUBE X 5% 210 — 0.9450 0.016 6 95.9/89. 4
Airplane
B X 5 603 — 0.8307 0.008 5 12.1/48.8
A RBE X 5% 1024 — 0.7310 0.004 7 12.0/44.7

() AR Z
(a) Input point cloud

(b) FINet

(c) OGMM

(d) IDAM-GNN

(e) PREDATOR
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Fig. 6 Comparison results of various methods
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Tab.3 Comparison of registration results among different methods

Tk MAE-R/(") MIE-R/(*) RMSE-R/(") MAE-t/m MIE-t/m RMSE-t/m
FINet 2.617 3 4.9917 3.9289 0.0287 0.057 9 0.0381
OGMM 1.350 2 2.6830 5.5187 0.008 1 0.017 2 0.034 7
IDAM-GNN 0.917 1 1.8216 2.679 3 0.004 3 0.008 5 0.009 2
PREDATOR 0.8877 1.716 8 2.218 3 0.007 3 0.0156 0.016 1
RoCNet 1.1979 2.5208 1.4816 0.004 6 0.0103 0.005 5
KRS 0.5203 0.989 6 0.569 4 0.004 3 0.007 6 0.004 5

1 :MAE-R,MIE-R,RMSE-R,MAE-t, MIE-t }2 RMSE-t S M PEH 48 bR A8 8 /)N | 36 71 0 7 850 il it

RMSE-t 3% 5 0. 004 5 m 1 0. 009 2 m, MAE % 87.0%,51.1%,72.0% 1 18. 2% , I 7E MIE-t I
e S 25 - B8 A 22 A0 24, it RMSE 38 35 5 ek K PREFAROK -, E— 25 50 0E T 00 A 0K o0 E 42 H 8 B
B2 BEAR AL IR, B IDAM-GNN 74 35 43 B A FRAE — S ME i A A 850k

A AR R RE O, T AR S U 9k 19 RMSE-t 23 3.6 EBMLN

MAE-t, & 22 3 A5 A rh Hiafd, X154 T ik — 2DV AR RS AT B
FRA AL H 51T BE R AE — B0bE 29 3R, 3l 2 78 L Pk, S50 1 ) U e K e &% £ B2 Ry 90°, I Xt
] 8% 22 FE Al I 388 05 245 [R) DE DU 00, A5 A i R A B TR IMFRE 22 024 0. 04 Y 725 30 B AL 75, LA
TR AE L AT MRS T KR b A S I 25 T BUR B A0 s B 8 T Y A7 2 25 S AR R B o AE
BRVC AL, T 42 P F8 Al i AR 1k o AH L A ModelNet40 £ 48 4 b #F 47 50k, % b A [\ 5 i
771, A SCAE RMSE-t | 43 51 B ik 24 88. 2%, Y C 158 22, 45 R AN 4 FTR .

R4 BARHZAEICRE =0 UAEGFTHERENKER

Tab.4 Robustness results with 90° max rotation and ¢ = 0. 04 noise conditions

WRS MAE-R/(°)  MIE-R/(°)  RMSE-R/(*) MAE-t/m MIE-t/m RMSE-t/m
FINet 3.2716 5.990 2 4.9316 0.0359 0.069 5 0.047 6
OGMM 1.630 2 3.1759 6.070 6 0.009 3 0.0197 0.038 2
IDAM—GNN 1.0825 2.094 8 3.0819 0.004 7 0.009 4 0.0103
PREDATOR 1.065 2 1.974 3 2.5510 0.008 4 0.0179 0.0185
RoCNet 1.497 4 3.0254 1.703 8 0.005 3 0.0126 0.006 1
ATk 0.598 3 1.0380 0.653 8 0.004 6 0.008 2 0.005 0

15 90K f JE fifs 22 55 5 MR 75 T 40T, A SCT7 S5 R AW A SOT7 IR A W s 4 30 4% 1R T S RE AR 55

1) MAE-R F1 MIE-R 43 51 >4 0. 598 3°111. 038 0°, kS S R E v R B R S R
BFEM TR %, EMAE-t 5 0.004 6 m, 3.7 HERSCI®
MIE-t & 0.008 2 m, ¥ F A X} b 7 % . R B8 IE A5 9% R AE 2 B B B 4% B B (1) A Sk

RMSE-R 5 RMSE-t 43 ] 7 0. 653 8" i1 0. 005 0 £ ModelNetd0 £ 4fn 4 L AT TIHm g . S0
m, 3 R B AIG, 2% B I o 4% SR S IR N HL AT B TEORFFUINZR A NS A Ak 2 B0 b e A T 45 45 4 — B
Bi. M Z R, FINet 5 OGMM %75 ik 4 15 22 B PO HTEE T AT 45 8 A e E 47 B e sk BE B L 1 B
IR, B OGMM [ RMSE-R ik 6. 070 6°, )& JIHL 22 ROBE TCP A A HE B2 DL K % BE R ik — 3%
W L JHG X R A B e 2 5 R A Y BB M . SR e PR REAAS I T B 2 E 8K
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Fig.7 Registration results of the proposed method
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Tab.5 Quantitative comparison of different ablation experiments on the ModelNet40 dataset
MAE-R/ MIE-R/ RMSE-R/ MAE-t/ MIE-t/ RMSE-t/
F IR LR . . .
) ) ) m m m
AR A Fe KAl A Bl A 0.7406 2.2708  1.2540 0.0053 0.0132  0.006 2
AAB ARLREM HAR RS i 0.8019  1.7324 0.9507  0.0113  0.0381  0.0167
Ak C A2k Pl G + fe KAk 1.0422 3.5461 1.5738  0.0064 0.0260  0.0101
A AR pEmM T AR AR R A ok 0.5203 0 0.9896  0.5694  0.0043  0.0076  0.0045

32 B A RO RS E AR T B Rk Al 2E T 5
TR TR B . AR IR C BB BRAFAE Rl B B S
e & 1% 2 WL T, 7 I A AR A R B A 22 L E
B Jey 8RR AIE 15 4 JR R AR 9 Rl S X T B X R
A EICHEE . ML T, A S5 ik R 4R Ak
2R S R RO AL SRR AR RS TR BT A R bs L
PR BB AN, 5800 B UE 1 BT AR A 5 B AT RO
HHAME.

Bt XL Gt i 25 B T D7 5 A8 00 3 67 48 i 22 K
WA TR R A A A R AR IR T B A
Ja B A G KT A0 B 07 2 IR Y ) AL Y — il
B R LR AR — BOrE 5 0 T 4 Y R s BEE DT
Wk o ZTTWRE Se AR T TE 3 5 Y TR B R
S UM 2% AENet, i [ 55 o > 12 BOR A A 51
P EAS WA AR J5 f 45 R 1 i SRR R A 5 7
A A, R R B AR A AR L4 BE A7 4] 46 DL R

S E WK

(1] #Askah, xR, #&HE, F . T 4D KRB A
RS ES AR BRI ER L T]. sk ke
F ¥k, 2025, 62(20): 264-275.
HU B N, LIU K, ZHENG E H, et al. Improved
normal distribution transformation registration algo-
rithm based on 4D millimeter-wave radar point cloud
[J]. Laser & Optoelectronics Progress, 2025, 62
(20): 264-275. (in Chinese)

(2] BR,EZXRR,HE2E,F . AU SACIA 5N
BUICP 1 o 8 sd mBEHE DT 5 [J/OL]. # R % T
X #F % ik, 1-18[2026-01-21]. https://link. cnki.
net/urlid/23. 1235. t. 20251010. 1655. 006.
YIN G,WANG D Q, SUN Y X, et al. An efficient

T HLAS e 5 BRI, £ 2 RO TCP kAU AR AE 28
TR B R IE — SOk 2 R F A Al LA R 22
55 RFAE AR LR A 3B A O A F A, S B et RLE RS Y
o E W E . S EG A5 AL R WL, % U7 ¥ X Model-
Net40 B 5 BAT B4 9 e v RIOCR | 16 e 7% 1 22 |
7% R 22 L IC EE I AF PP A AR AR R T 2
ol 25 O R R T U T i o T U e e TR R R
AL G R, B TS S
55 G5 A S N TC RS SR RS . SR A R i
mERR T E B EARNIEE R RS,
Tk Iz AR A AFAE — 2 R R o ARk AN
BE— 0 PR R R AR R | A A AL
i, DL 5 Ty ik A T R S sh A B P S
.

fEE STk A A -
MRB SRR, BIHE;
MR i 5 e A4S B AE
R A kL F S BTN,

point cloud registration method integrating improved
SAC-IA and weighted ICP [J/OL]. Jowrnal of
Harbin Institute of Technology, 1-18[2026-01-21].

(in Chinese)

[3] Fh&u, Fr=, 28, Ml B CUBE-

ICP S =M HEF L LT]. w2 @ 4k, 2025(12) : 77-
81, 120.
LI X K, LI GY, WANG L. A multi-stage opti-
mized CUBE-ICP point cloud registration algorithm
[J]. Bulletin of Surveying and Mapping, 2025
(12): 77-81, 120. (in Chinese)

[4] AR, L, § &R, F . AWENCRES JL-2510
FRAERL G B mBCHELT]. B3 M % A2, 2025,
33(20): 3315-3330.

ZHANG W, FANG Q, ZENG Z L, et al. Point



1328

e

K TR

34 %

[5]

[6]

[9]

[10]

[11]

cloud registration using adaptive sampling and geo-
metric-spatial feature fusion [J]. Opt. Precision
Eng. , 2025, 33(20): 3315-3330. (in Chinese)
REH, IR, AL, F.OETRIBREENX
R BEE =R s RHEL]. &5 2T,
2024, 39(9): 1255-1263.
NIE J X, WANG Y B, SHEN Q B, ez a/. Unders-
ampled non-uniform density multi-station 3D point
cloud alignment method based on manifold clustering
[J]. Chinese Jowrnal of Liquid Crystals and Dis-
plays, 2024, 39(9): 1255-1263. (in Chinese)
EELE, FHA, BEF . AT R IRREA L
HILE IS s HER LT, e dh 5 2 7, 2024, 39
(1): 89-99.
WANG X M, LIX C, TAO ZY. Point cloud reg-
istration algorithm based on statistical local feature
description and matching [J]. Chinese Journal of
Liquid Crystals and Displays, 2024, 39 (1) : 89-
99. (in Chinese)
FRA, WEW, 4%, F . HTEAAHELN
AR S ZRCHE T LT P EEFE(FEL),
2024, 17(4): 875-885.
LIMY, XU S B, MENG L Q, e a/. An im-
proved point cloud registration method based on the
point-by-point forward method [J]. Chinese Optics,
2024, 17(4) : 875-885. (in Chinese)
XIEY F, WANG B Y, LI S Q, et al. Iterative
feedback network for unsupervised point cloud regis-
tration[ J]. IEEE Robotics and Automation Letters,
2024, 9(3): 2327-2334.
A, RXK, AR, & T ABEUILA O W
W% M BaE[I]. & F $ 4, 2025, 54(9):
232-244.
TANG J, CHEN W W, ZHOU X R, et al. Deep
learning-based point cloud registration via neighbor-
hood geometric centroids [J]. Acta Photonica Sini-
ca, 2025, 54(9): 232-244. (in Chinese)
HARZ, XF, BEHM, F. RPMNet++: 457
Copula 2% MEAR R [ UL 1) 7 35 T 05 = B HE M 2% [T ].
W IE AL B 5 B S AR, 2025, 37(6) -
944-960.
CHEN R X, WU J, ZHAO X M, et al. RPM-
Net+ —+ : a bidirectional attention point cloud regis-
tration network combining copula denoising [J].
Journal of Computer-Aided Design & Computer
Graphics, 2025, 37(6) : 944-960. (in Chinese)
HAFE, XK, &, F. MERAESE LA T

[12]

[13]

[16]

[17]

[18]

[19]

ISR E B A s ST, b A
#2, 2025, 33(20): 3281-3298.

YIJ B, XIONG W W, PENG X, et al. Unsuper-
vised point cloud registration algorithm integrating
feature interaction and point matching enhancement
[J]. Opt. Precision Eng. , 2025, 33(20) : 3281-
3298. (in Chinese)

EHE, TRE, K&, WA AGEMEMLS 24
REM GBS T]. o Fhf 5, 2025, 52
(S2): 502-508.

YUE Q W, WANG D Q, ZHANG Q. Point
cloud registration network integrating adaptive opti-
mization and multi-dimensional focusing[J]. Com-
puter Science, 2025, 52(S2) : 502-508. (in Chi-
nese)

XU H, YE N J, LIU G H, et al. FINet: dual
branches feature interaction for partial-to-partial
point cloud registration [J]. Proceedings of the
AAAI Conference on Artificial Intelligence, 2022,
36(3): 2848-2856.

SLIMANI K, TAMADAZTE B, ACHARD C.
Rocnet: 3D robust registration of points clouds us-
ing deep learning[J]. Machine Vision and Applica-
tions, 2024, 35(4): 100.

MEI G F, POIESI F, SALTORI C, et al. Over-
lap-guided gaussian mixture models for point cloud
registration[ C|. 2023 IEEE/CVF Winter Confer-
Applications Vision
(WACV). January 2-7, 2023, Waikoloa, HI,
USA. IEEE, 2023: 4500-4509.

LIJH, ZHANG C H, XU Z Y, et al. lterative

ence  on of  Computer

Distance-aware similarity matrix convolution with
mutual-supervised point elimination for efficient
point cloud registration[ C]. Computer Vision-EC-
CV 2020. Cham: Springer, 2020: 378-394.
HUANG S Y, GOJCIC Z, USVYATSOV M, et
al. PREDATOR: registration of 3D point clouds
with low overlap [C]. 2021 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition
(CVPR). June 20-25, 2021. Nashville, TN,
USA. 1EEE, 2021: 4265-4274.

FU K X, LUO J Z, LUO X Y, ez al. Robust
point cloud registration framework based on deep
graph matching[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2023, 45(5) :
6183-6195.

R, TX R, K. BT R RS AR LR



5 8 ]

AR , 2 < Bl S TR R AR — Bk 5 T R ) 9 2% 1) 0 2 T T 7 i

1329

[20]

[22]

FEM S mBCHE(T]. & ek &2 4R, 2025, 20(3):
621-630.

LU J, WANG W H, DU H J. Point cloud regis-
tration based on feature fusion and network sam-
pling [J]. CAAI Transactions on Intelligent Sys-
tems, 2025, 20(3): 621-630. (in Chinese)

ME, THH, FTha, F. ETHERER
PointNet (1) = 4t Jay #RHE R R AT T]. 3+ HAudh )
&t 5 B2 F R, 2025, 37(1): 89-99.

ZHAO B, WANG Z H, JIA Z H, et al. Three-di-

mensional local feature descriptor based on dynamic

graph convolution and PointNet [J]. Jowrnal of

Computer— Aided Design & Computer Graphics,
2025, 37(1): 89-99. (in Chinese)

Ak, B X, B, F. TR S s A0
=N AR I 7 iR (7], w2 a@ 4k, 2025(3)
33-38.

HAOJ, YAO GY, ZHOU J, et al. 3D small ob-
ject detection method based on image and point
cloud fusion [J]. Bulletin of Surveying and Map-
ping, 2025(3): 33-38. (in Chinese)

R YA, 44, B9, F . HET PointNet+ -+ Fil
Uk ConvNeXt #58 #1 Y 45 2= > 1k B 43 LU Iy 2

EER T

BRB1982—) &, INARIGIT A,
& HR L WL BF ST AR R U, 2007 4F
2019 423 33 7 Vi 42 A0 R =7 P AL R
R LR A, FE R
TV 44 4k 38R0 = 4 F 4 J7 1 A BF O
E-mail: fuqunzhao@126. com

[23]

[24]

[J]. RAALME MR, 2025, 56(7): 567-574, 595.

ZHAO KX, WANG JJ, GAO S, et al. Individu-
al cow identification method based on Point-
Net+ -+ and improved ConvNeXt network [J].
Transactions of the Chinese Society for Agricultur-
al Machinery, 2025, 56 (7) : 567-574, 595. (in
Chinese)

AR, Bk, 48R . TRRHIE Y BRI 1R 1R = 4 M)
MEE] A EMHENERTS AN FFR,
2023, 35(3): 354-361.

XING Y, MA J, TAN J Q. Feature preserving
mesh reconstruction from a single image[J]. Jour-
nal of Computer-Aided Design & Computer Graph-
ics, 2023, 35(3): 354-361. (in Chinese)

AEE, FE, TN, F.OETRY HUE AR
Woof I M R G HE SR [T]. 3 SE AL A BF 5,
2025, 42(11): 3265-3274.

TANGIJP, LIM, CAO W M, eral. Graph diffu-
sion-augmented based contrastive learning frame-
work for recommendation systems[J]. Application
Research of Computers, 2025, 42 (11) : 3265-
3274. (in Chinese)

R A& 35 (2000—) , Lo, BEPE BUP A, 4
T AFFELE , 2023 4F T 7Y & W 28 K 2 4R
135 2, IR T R W 2 K2,
F BN FE Y B G AL, E-mail:
¢jx1596@163. com



