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IR B R A, TG R R A A AT B SR A A S e A e BB ST R M, R T A BB X R R
R AL B R MR R ARG BB, ﬁAﬁk‘eﬁwﬁsﬁaﬂ%%LLﬁkg%,ﬁ,DeepACG F ik F N A E S E 3DMatch L # B
BB EFEAEF 92.61% ; £HKIELE ModelNetd0 LT R AFRR I AR EZRERE,RBEEFTH O EHY T IREZEH A
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Deep Artificial Correspondence Generation for 3D Point Cloud Registration

BAI Zhengyao, XU Zhu and ZHANG Yihan

School of Information Science and Engineering, Yunnan University, Kunming 650500, China
Abstract To address the challenging problems of point cloud registration in 3D reconstruction(e. g. , difficulty in finding corre-
sponding points,etc. ) , this paper proposes a point cloud registration method based on cross-attention and artificial correspon-
dence generation mechanism.,Deep Artificial Correspondence Generation(DeepACG) . by fully utilizing the geometric information
of the source and target point clouds. Our method adopts a three-stage network model. The first stage is the deep feature encoding
module, which exchanges and enhances the contextual and structural information between two unaligned point clouds using the
cross-attention mechanism. The second stage is the artificial correspondence generation module, which synthesizes the artificial
correspondences by weighting the soft mapping. The third one is the correspondence weighting and outlier filtering module, which
assigns different weights to the correspondence pairs and rejects them with a small probability. Extensive experiments are conduc-
ted on both synthetic and real-world datasets. Our method achieves a registration recall of 92. 61 % on the real-world indoor data-
set 3DMatch,and we execute unseen partial registration experiments on ModelNet40,reducing the root mean square error of the
rotation matrix and translation vector to 0. 016 and 0. 000 09, respectively. Experimental results show that DeepACG has higher

registration accuracy and robustness,and its alignment error is lower than that of the existing mainstream registration approa-

ches.

Keywords Cross-attention, Artificial correspondence generation,Outlier filtering,3D point cloud registration
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bifi %5 3 % 7 35 $8 R (Light Detection and Ranging, Li-
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Fig. 1 Analysis of point cloud registration problem
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Fig. 2 Network architecture of DepACG
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X T BB 5 L AR SO ModelNetd0P™ 12 504l 45 AL
40 A B BRI G B, 3T 12 311 A CAD #E8L, R
TP AR B B A SO S A CAD BRI SRR
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[a] /I FH B g 45 R B (Farthest-Point Sampling, FPS) J5 ¥
SR R HC A [ B3l 1 768 A s R AL 9 #1214 SR A8 AL B 4
& .
5.2 FMIEIR

FHX] ModelNet40 % 5 45 , A< 3C 2R 1 39 77 3% 22 (Root
Mean Square Error, RMSE) Fl13F ¥ 44 %} %= 22 (Mean Absolute
Error, MAE) W 350 3F- 4 48 b5, I T 31 Al e 5% J5 [ -1 7 1) 2
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FER % T R 15 22 FTNC i 9 [0 3833 3 b8 b ok A AT L 38 1
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Errors, TE) H T DAl W 1 722 46 150 000 {15 R B S {B 22 T A R 22

Tr[(R* )R ]—1 )
2

RE:arccos(
24)

TE= |t —¢" |,



FAIESE , 45 - — R T Db 365 7 i A2 A 3D 5 2 BL vl 7 vk

215

Horp Tr( s )RR R

Tt ¥ 73 9] R (Registration Recall, RR) 3¢ 7~ i 3 B #E (19 5%
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4t . 3DMatch #1 KITTI Odometry % 45 09 58 4 F 45 /& Intel
19-10900X CPU #1 GeForce GTX3090GPU, Il % 1 #2 5% FH &%
K 2% 2] R 5 W 7 48, T AN BHE B 4% A 2R 120 56 Cep-
ochs) . % 3 BRAELS 48,72 F 96 ) UA 4 YR IR 43 31 ZE 8 90 %4 5
T ModelNet40 F¥5 4 19 7 F 5 & Intel Xeon E5-26530 v3
CPU # GTX 2080Ti GPU. iZ M I &5 20 4, 2% 3 KA
558,12 A 16 A0 b 6 Tk i 430 s e R SRR Y 1/10,

AR B BE A SCAE 3DMatch A9 SE 1 48 H BEA B AL
1R Bt DeepACG WY HERE  BE A B LI B RANSACH AN
ICP™ B4R .
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Table 1 Different output channels C” of residual block % in each

cross-attention convolutional network

&)

3DMatch KITTI ~ ModelNet40
1 32 32 32
2 32 64 64
3 64 128 128
4 64 256 256
5 128 — —
6 256 — —

AR SCE IR T L RN 28 M i A% S8 T E B AR O L Rk o
Bl point-to-point ICP, point-to-plane ICP, RANSAC!'?!,
FGR', GC-RANSACH™ . 3% 5 B 5% 1 19 i A 29 02 DA
T RHE A= T3 B 2% LM 45 4E (Fully Convolu-
tional Geometric Features, FCGF)Y", Hdh fif 4 Fh & & i JH
Open3D PSR S8, 4% FhJy ik 10 L B2 85 R i 3k 2 Fi gl

B AR T o 7T AL A X e i 7 R

(a) JBf iz (b) T 1 (d) kiR 1
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Fig. 6 Visualization results of 8 different test scenes on 3DMatch

(h) 280 =

%% 2 3DMatch ¥ £ I 9 fic i 45 1
Table 2 Registration results on 3DMatch

7% RE(degy) TE(mYy) RR(%A) #tfE/s
FGRMT 2.91 0. 84 78.62 0.64
ICP(P2Point)[38] 4.06 0.10 10. 10 0.10
ICP(P2Plane) 8] 2.40 0.68 11.34 0.71
GC-RANSAC-1M13] 2.29 0.07 91.68 0.42
RANSAC-2k[12] 3.02 0.09 88. 42 0.15
RANSAC-20k 2.67 0.08 91.13 1.05
RANSAC-200k 2.47 0.08 91.99 10. 89
DGR w/osafeguard-19] 2.58 0.07 85. 20 0.70
DGR 2.43 0.07 91.30 1.21
PCAM-Sparsel39] 2.33 0.07 92.48 3.47
PCAM-Soft/39] 2. 44 0.08 91.86 3.50
DeepACG (& 30) 1.57 0.06 92.61 1.72
FHERIEZS
ICP(2Point)
RANSAC ARG
R,
DGR . j @4
PCAM-sparse . g :! “@
ik
PCAM-soft

DeepACG % R
(R30) %

() i (b jife i 4 5t (O FITY 5
B 7 ORI D7 i i AT AR 25 SRR
Fig. 7 Visualization comparisons of different methods
ICP Y P Fh ik J5 5 (P2Point I P2Plane) 78 K £ 500
355 v E A 2R L 3 J2 O 3DMateh B35 £ o 17 78 K S B W
PRIz 3l HooA 32 (i T 58 (9 e 30 R . i B T R AE I G /Y 7
FGR,RANSAC 1 GC-RANSAC Ky i #f % 5 b ICP g ik
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FEWNRRE NS, EHEFEENE . RANSAC BEHEES
FCGF 4R ME i R fF 5, HE MR ir, B MRk 8 T
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BEAR A SCEE BT DGRYY A A8 X 7 7 4 B & FRL (Pro-
duct of Cross-Attention Matrices, PCAM) P 3 W) fih 35 - 7% i
2 5] [ B PR VR R LR L v DGR 9 4% 35 31 I 48 b7 45 S 51 1 A
CHKL19]. ARCHEZR T DGR G R HLH] (BRI RANSAC) I
RIMEfE & B, Y DGR B £ b b et 2B [\ R AL R
85.20% . FERFIECHE A 2 W) U e e £ B B R B, AR SC4R Hh 1y
DeepACG J7 i ML #E 3 11 22 45 P I 48 A% 08 F 3% T IR 2 3
19 DGR F1 PCAM 1% , RE % A 25 Foe AR WP 2 e 1) 000 452 2%
R B K 7 Jm 3 0 = R RIX 5, B2 IR X £ B AR
Jrd FR L B I A5 A o 1 B0 B, 5 b 3 R T VR A L, AR S AR
) DeepACG J7 32 Al GRIE T 0K BE Y i v 43 1] 38 0 4 0
Bz A7 i )

6.2 AR-TEZENFEERAE

A —2E#E KITTI Odometry $#E 4E 1174l T Deep-
ACG TE R ML E NG BR A = S P e e RE R A, 4 %
KITTI 83 2 85 0y B8 85 0 4 50, AR SO R BE K Y 30 em MR 3 )
MR S AT T SR AE, I MR R AL A = T BEALEE £ 2 048 4>
RGBT M=N=2084, WA EEH 7=060cm,28 XEE I HH
W 2% A L=4, 1 )2 38 X B ) 4 TR 4% rp ik 25 B 45 B
BB R E S B 2R 1 g . RE R TE () 8 {8 4 5 1%
R 5°H 60 cm, Bl RE<<5°H TE<(60cm i, J{ % &5 = Bic
HE L

KITTI #5405 4 ar 94k 7w 51 an &1 8 Jir 7 » o o YR A 41 2
g A RE A ZMBER AT RS R L 3 5771,

&8 KITTI L i nl AL 7R i) CF 7 Rk % D
Fig.8 Visualization examples of KITTI registration
R LU Y, A8 L H A B oE J7 125, A SCHR L ) Deep ACG J7
T RE A% A W AR I AR 4t T 3 22, A 2R Ad H ICP 53 % W)
3 I 28 40 300 {32 A7 00 Ak Ak B, 7R S 5 A 1 e 3R R R i
R, M2 F FCGF Bk it iy 26 BULM R4,
A KITTIEE 4 FSc Bl T dnem 19 A3 R, B A R
FHRARE, HEZ 178 ] 5 K, 2 5 F DeepACG, % & 3|

KITTI i 28 KRR 5 = 5 5% 19 52 Be i 35 5K B i 200 HoAG
Wl B o B R W A ZE Y, DeepACG SEBL T S5 AIK W e F%
W22 RE AP R 2 TE, Hig 17 B [ , X £ W] DeepACG
T WP 7 e 3500 5% 2% 0 As AT I E) G 3 22 a) S B T 4 Y
# 3 KITTI R4 LS5 5
Table 3 Registration results on KITTI

RS RE(degy) TE(mvy) RR(Y%4A) B /s
RANSAC-1kE12] 0.48 0.23 96.58 0.30
RANSAC-20k 0.38 0.23 97.48 3.59
RANSAC-200k 0.35 0.22 97.12 37. 44
GC-RANSAC13] 0. 44 0.23 96. 22 0.51
FCGFL™] 0.33 0.10 98. 20 6.38
DGRE19J 0.34 0.22 96. 90 2.29
DeepACG (A X) 0.39 0.09 94. 05 0.19
DeepACG+ICP 0.32 0.03 96. 21 0. 45

HAh, 3 2 MR 3 MR L 45 R W, DeepACG 5 35 7E
3DMatch I BT 75 17 I 48 b5 45 b €0 F 78 KITTI - /Y e o =
3 T A O A R AR P R I A X R R
BB B EMOMA ., BT RERSMAT AR,
3DMatch Fl KITTI H s 2= 088 (14 8 75 58 B 0 A 175 Ot R
[ 5 [ B, 3DMatch 28 935 5 8 2 30 R 3o U
6.3 AMmEHIEERE

Wang 210 [ E: T ICP S8 704 MR 4 ModelNet40
MR R AR ST BT SOOI A SR A R . s i
BB ZH0 L DL RBR 22 I 4 e 2 g B4 Hin 1L 3 38 %
1 KITTIOdometry 35 5 5¢ 4 — k.

6.3.1 BARKRZ0 B EFERE

AR ICE JETE ModelNet40 14381 H AR 8 1) J& &8 & = L
W 9843 4~ CAD HARKET H F YN 2R N 45, T 19 2468
A BARAE A TR, TR AR B AR R Y A 2 T
At B AN & 9 BT 7, H v R 8 R AT €8 43 ) A 2R 1R S =
Hirtizm, IWF 4 i LIF H, PCAM-Soft J7 ¥k SE B T & KA
B MAE,DeepACG J7 ¥ 9 RMSE ¥ I 48§ 45 1 T H fl %f £
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A
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(o B eSS
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Fig. 9 Registration visualization results on unseen partial point

clouds
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F 4 FBRARHAY R A o AL HEST R

Table 4 Registration results on unseen partial point clouds

VS RMSE(R*) MAE(R*) RMSE(t*) MAE(*)
FGRM7! 11.238 2.832 0. 03000 0.00800
1cpL) 33.683 25.045 0.29300 0.25000
Go-1CPL%] 13.999 3. 165 0.03300 0.01200
SymmetricICPL0) 20. 312 6.242 0.09000 0.03700
PointNetLK 2] 16. 375 7.550 0. 04500 0.02500
DCP-v2!10] 6.709 4,448 0.02700 0.02000
PRNet!?) 3.199 1.454 0.01600 0.01000
PCAM-Sparsel39] 0.023 0.012 0. 00020 0.00009
PCAM-Soft[39] 0.023 0. 006 0.00010 0. 00004
DeepBBSLiH 0.041 0.021 0. 00070 0.00040
DeepACG( & X) 0.016 0.008 0.00009 0.00005

6.3.2 KA K4ty EF A

H3 7 VAl Deep ACG X 28 3 R J i s = vz Ak Be 01 . &K
3CH% ModelNet40 $i 4 58 4% B8 H 42 25 51 43 25 S Il 25 48 Al 3
££0107  DCP,PRNet, PCAM, DeepBBS, PointNetLK 4% 3¢
121 9 DeepACG fdi il ModelNet40 B9 F 20 2 9 i CAD
LR BEAT YN 25, BT AT J7 B 00 T 4 20 A28 50 CAD 8
BEATIK . 3 5 AT LLA B, DeepACG S 2 51 1 # 5 = HY
12 AGRE T L HAt L %5 B vl 7 1 TE B A )L BRSO 2R
BRI RS

5 T YR Y T v 4G S

Table 5 Registration results on unseen point cloud categories
VRS RMSE(R*) MAE(R*) RMSE(t*) MAE(*)
FGRM7! 9.932 1.952 0.0380 0. 00700
1CPL] 34. 894 25. 455 0.2930 0.25100
Go-ICPL3] 12.533 2. 940 0.0310 0.01000
SymmetricICPM0] 19.058 5.847 0.0900 0. 03800
PointNetLK 24 22.943 9.655 0.0610 0. 03300
DCP-v2!10] 9.769 6.954 0.0340 0.02500
PRNet!) 4.986 2.329 0.0210 0.01500
PCAM-Sparsel39] 0.072 0.018 0.0002 0.00010
PCAM-Soft[39] 0. 056 0.013 0. 0006 0.00010
DeepBBSH1 0.075 0. 040 0.0011 0. 00060
DeepACG (A X) 0. 064 0.012 0.0002 0.00008

6.3.3 &@JHMARFEGEHHREFEE

KR T DeepACG X W75 & = (0 & # M 7E
6. 3. 1719 i B AR A S0 Jm 350 4 2 TC o 2 0 S il L% A SR
BIE A 0 bRER N 0.01 By i e 75, 8 [ —0. 05,0. 05

TU 1B P R R e Wl B . 2% 6 B HE T A% I IC oA T R Y Ll e 4
HCATLUA H L ICP B AR S F R 3B S A - FGR X 1 75 54
&, Go-ICP,PointNetLK,DCP FIZ& 42 Hi i DeepACG %}
MR T B M LU RS SR 2. DeepACG J7 ¥: 1) RMSE 45 4 T ¥
B 45 B3 45 9 e AR AE  3X %2 B DeepACG X Mh 75 5 = A % R i
(HE=S 2

6 i T T R R 0 R A s T 2 R
Table 6 Registration results on partial point clouds corrupted with

white Gaussian noise

7k RMSE(R*) MAE(R*) RMSE(t*) MAE(t*)
FGRH7) 27.65 13.79 0.070 0.0390
1CPLt] 35.07 25.56 0.294 0.2500
Go-1CPL3] 12.26 2.85 0.028 0.0290
SymmetricICPL10] 20. 69 6.77 0.092 0.0440
PointNetLK[24] 19. 94 9.08 0.057 0.0320
DCP-v2L10] 6. 88 4.53 0.028 0.0210
PRNet[?) 4.32 2.05 0.017 0.0120
PCAM-Sparsel-39] 0.58 0.15 0.002 0.0010
PCAM-Softl39] 0.47 0.15 0.002 0.0010
DeepBBSLi1] 4.20 1.72 0. 044 0.0230
DeepACG (K ) 0.37 0.14 0.001 0.0008

6.4 HEXBS5SH

ALV T Rl S5 LI IE DeepACG W 25 AN [H] #5 4
B9 P 4 DeepACG I 5 43 1 5l 2 7. 1) B R A B 3 {8
HE=SAWE S v =8 S R E TR 8 N v R
BEE T 6.3, 175 B AR A HUFNZE 5 R AR 88 A = T HE 52 3
ek,
6.4.1 Phyabp g A &R

by TR 38 O X 107 A AR e 1 A A AR S R TR H R R
R B B s AR X TR A S T
AR 2 B S S 2 AR RE 3 (B 0 i 1Y) 3D B 52
Hoyy BOAEN x5 BRI

j/ =arg m]ax(A);,

BRI SRR 7 5 1.4 470778 8 P X Rz R
o R T B B T L R TR M A 5 MO 1 1 i
Fr e BB H b5 s PR — A7 AE 8 V) 9 52X R T £ X
JNE s R LA A4 i v X 7 A UG T A B Y AT

(25)

T PR R A AR FR A AT A 1 9 i 5 56

Table 7 Ablation studies on artificial correspondence generation and outlier filtering
Py 3 B BEHA B 7R o oy R 3 8= R KRRty B R
R 3  RMSE(R*) MAEM®R*) RMSE(t*) MAE(t*) RMSER*) MAE(R*) RMSE(t*) MAEG*)
X N/ 0.031 0.0100 0. 00020 0.00007 0. 106 0.035 0.0007 0.00027
N X 0.023 0.009 0.00020 0.00006 0.101 0.021 0.0005 0.00015
X X 0.027 0.0100 0.00010 0.00007 0.070 0.015 0.0003 0.00011
NG J 0.016 0.008 0.00009 0.00005 0.064 0.012 0.0002 0.00008

6.4.2 HAETE

Oy 30 TE 5 2o B B 1 A RO AR SO B B AR
PeE SR W 4.3 Ao gHiE s s

Yi=pi (26)

W IR Sz 2 BAR AT 2 T R S 1 2 5 )
AR A TR SR AR B . NFR T R RAE 2.4 AT RO R L 25 R

AT LA 256 B B o B R B 5 L B R S R ) A
RMSE $5 7 [6] B 35 3 T e IR K -, 53X 2% W] 8 B i 2o D A B 11y
BT fE % 4% 38 DeepACG M 28 Il 25 1 54 5 1, 2 o5 0 V0
B .

GEWRIE A T PSR SO R A R A A
A R AE 7 5 L B DeepACG. 28 XM & A HLHI Al LG S =
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