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Robust Point Cloud Registration
Algorithm Based on Biased Attention
Edge Features

LIU Xianhui, GE Yifan

(College of Electronic and Information Engineering, Tongji
University, Shanghai 200092, China)

Abstract: Rigid point cloud registration is a fundamental
task in robotics and computer vision. To address the
sensitivity of traditional spatial distance-based iterative
closest point (ICP) algorithms to initial transformations
and noise, this paper proposed a robust rigid registration
algorithm based on bias-attention edge features. First, a
dynamic graph convolutional neural network was used to
extract hybrid features that fuse spatial coordinates, local
geometry information and global feature. Next, a biased
attention module was utilized to enhance the explicit point
cloud context information, which effectively reduced the
Then,

effects of point cloud noise. the algorithm
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computed soft matching matrix for the corresponding
relationship between the point clouds by defining
annealing parameters on mixed features and performing
alternate normalization of rows and columns. Finally, the
transformation between point cloud is estimated using
singular value decomposition in an end-to-end
framework, enhancing both the accuracy and robustness
of registration. Extensive experiments conducted on the
ModelNet40 dataset show that the proposed algorithm out
perform both traditional and state-of-the-art learning-

based methods.

Keywords: point cloud registration; hybrid features;

neural networks; iteration
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FEHLIE T TR s T A s B AR, (A R 4%
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2:For epoch = 1 to N_epoches:

3:For (X, Y)in 2% .

4.Fori=1ton,:

5: X, < WE PR S (X, 1 (Rt}

6:a, B < SHHMML (X, Y)

7: Fy < FHEBEHOADGCNN( X, ),

Fy<FHEF BRI OADGCNN(Y)

8:M,<e "' Sinkhorn 4k M, i
JE LB

9: Y <MY //HR4 VT B B 75 30 U 4 5 78 3
Je R I B A o7
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11:End for
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14 :End for

15:End for
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Fig. 1 Architecture of the model
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Horbr: B GI2 LA p, Al s R 1 SRR A 1 i
TS 2 2L (multilayer perceptron, MLP)
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g, — p AR R . SR G R max (+)
FEIBUITA T S BURAIE IR P0G, B
AR, B UL 3a.

SAELT Z UG R REA FARHEZ 5 TR
R RAERIERL S T2 RE BAURTREE. T
RTINS, BN OAREHSRARAR AR RIPE 1 CH
98 BN SUE R IZERAAGINE 3b s, 5 A B
VE LA v R A Il M8 () 50

HA OADGCNN BB A A I R s«

WA X, ERYRHAEE 1 Channel list=
[32,32,64,128 ]

Bty S,

1:For stage = 1to 4:

//EdgeConv

2:X_local RER <k NN(X,)// XA 4
237 k 4B (k—nearest neighbors , k-NN)

3. 4 ( X ) € R4 chamnel s [sage ]

ZJZHNL(X, X local_£— X))

4. ﬂﬁﬁj\f? c R channel list Lstage ] «— 11y 4 < h (X) )

Edge Conv

Offset-Attetion |

Offset-Attetion
Edge Conv
Offset-Attetion
Offset-Attetion |
Offset-Attetion
Offset-Attetion

i

Edge Conv

//Offset-Attention

5: fu<—f. /[ EFUERAEAE i B S IR
TN

6 . Q, K € R/ X channel _list [ stage ] /4’ 1% c R] X channel _list [ stage ] ¢
AR HUZ ()

7. AERVE< Q.KT’f;a € R chamnel list[stage] ¢ A4
1%

8: fuu € Rl LBR( fi,— f) +fu //
R EEE S

92 fn < fou» FHK E K step 6—8, SR 5k & step 10

10 frunge < fou // BBAFEEA B B FFAE

11: X, </, kSRR

12.End for

13:F €R/"# <MLP(Concat [ f., fo. fi, fi])
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Z)JEU I RRARE ] o, 5 A B i p
ZIFIREE ST, A RUE IR TG, I BhA BT
S B PR IBOCHE S SRR IR . IR g AUk
B, OADGCNNEHGRERT T 8l = ECHERE

Offset-Attetion
Offset-Attetion
Edge Conv

B 2 OADGCNN #&ih
Fig. 2 OADGCNN module
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Fig. 3 Process of module in OADGRPMNet model
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TENGRid B & n, = 2, 2 JE R4 T LB SGTE A
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X FARFAE 4 BRURN 2 85 30000 0 285, 75 5k fie s — =2 A1
A T2 A A A — AL ReLU 300 o RRAE4R B
254 0=0. 3, I th 4k FE Sy 96 BYFRRIE . A SO ]
2] 3850 0.000 1Ay 3 0 AR A T A SR 1 25
2% o YIZRTCHE M 25 7F Py Torch V1. 10 HEZ2 R 47,
HENZRA/NBEE N 16, 7E—B NVIDIA 3060 EljE2 4k
HigR B2k 16 h,
2.2 LR

A SN 2 AN A 7E ModelNet40 45 4 I ik
1T ZBHR AL Tk A 40 N RS 5L
4 BT (computer-aided design, CAD )R, AXSC
S5 HIPAPAS [R) 2 B B B AR I 2R 25 . D 4012
S A R s © 2042800 A A B . A, S
5 1B B — A AN ) 288 A0 A 00 3 85 B 4 ok SR B T
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TEVNGRATHNE , e d Nl B[ O, 45 [JERINRAE =
ARIPLFATER LA AE[—0. 5, 0. 5 [N PN SRR
BIVER I Ry, )0 BN 7278401 SR 1
ZEARVERNIE SR = X IR A S BRI EN BiR B Y

SR BIF ICP et 4 Ry ic i ™ (fast global
registration, FGR) RPMNet” 3 F mi FFIE 2L 1
To B LR (registration point hop, R-PointHop )
FFEF RS B A H L HER (deep information
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R ARSI S 2 (g, SEE T PR kS
B4R 5 = B s RPMINet W5 AT 4RE R EE R
VPR AL L 2 R34 7 10 3 R-PointHop J&—FP It
B SR MR R IE 5 AR R AR AL 1
XA DIT VR b i = mof ke 5 A T
Transformer HTHE G s = H RS54 G 2R L i 2
SGIZFHERAAC R R . BEREPIAME S A I
i 2RI GRS AR R AL TR SR TR B 2 2] i
BVEHEA T, AU AS SCHE B A T i I
TR IR A R DT P VR SR A LB A AT
2.3 ModelNetd0: T 7

5 — SR A AN HE AR S BT,
ModelNet40 i 4 i e A 55 = BEHLI 3R 1 25
LEFNMRAE , ZE U A ) (o AN R A9 2, 5K
B VAL BT A AL T e, B RS A TRS
Z I8 i34 5 # % 2% (root meansquared error, RMSE)
H2 X} - 1412 2% (mean absolute error, MAE) . FfAH
T O AR WX 55 R 58 6 1Y, SEgR 45 SR NZN 0,

f DIT

DRZEEHUN  BOAERS BB R . SR EE RN 2 PR .
LR BT A TRt iy L e A L R DA LA

% 2 (¥ ModelNetd0 Fr #iER Il 2R F0 iR
Tab. 2 Training and testing on all data of Model-

Net40
e T
Bk Ayt A BOrHR oy
1 ECH -

TR R - S e
ICP 29.914 835 23.544 817 0.290935 0.248 755
FGR 9.362772  1.999290 0.013939 0.002 839
RPMNet 1.472100  0.132300 0.008129 0.000 826
R—PointHop  2.842217  0.566934 0.022118 0.000 386
DIT 3.239815 0.666211 0.009 146 0.000 672
ARSI 0.600100 0.016100 0.004517 0.000 136

MW 20 LLE B R SC M B Rk
OADGRPMNet Jiet 715 22 W 5 A5 T 15 50 ) s, 2= B o
75 FIRPMNet ,R-PointHop 5 DIT X S TR 2%
SRR T, BARRR T 10 MESR. K ABRT
FHAAE ModelNetdO FEEXT 42 T (1) e PERCESS S

g AL

H4 BEFERFRE MR LSRR

Fig. 4 Qualitative registration results’ examples on each algorithm model
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Sr OB RON BCHE B 1 w22 , SRR AR s T
2SR, TP Ac (&1 Ad FHIE] AL RS BRI I, U A4
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HI SRR ANt J B R T 1 Ag 7 A5 5 A A
ERBE T R NRZE  HAR AR — e R
BAGESR LIS . 28 BITAR,
TR A SCHGHF 557 OADGRPMNet #1745 A
IR AN F AL A, T LA B AR A A P
SR I A R
2.4 ModelNet40: 7 £13 & 2K 5

T MERAR SCRIEAEA RIS 1 103z A
JURETT LB HE I 20 2R 4 I 2
BIE 20 MR AR A . X TR I I 44
SRR FEHT 20 42800 BNk, ZE A I 2R 20
A AT, PPA Iz A6 . ICP AT FGR I
JE AR A PTG 20 X R 25 b B it
R, N 3 Frm , A8 2% 2 W R MOt T Il 5
1255 ABTER N ZRat 19 55 = 8 dE b AR SCE TR R I
AT & 2 A Bk DA A [ 7 35
SOl fE ok, B N R 22, Ul
OADGRPMNet HA I B A4 A

% 3 7£ModelNet40 K AT KA HIEHE ik

Tab.3 Testing on unknown object class data of

ModelNet40
et T
Sk AXPPHR BRI 4oty
¥ iR . a
O MR = 5 o

ICP 29.876 431 23.626 110 0.293 266 0.251 916
FGR 9.848997  1.445460 0.013503 0.002 231
RPMNet 0.399500  0.068 700 0.001781 0.000 486
R—PointHop  3.412259  0.810272 0.039 655 0.001 053
DIT 4.979076  0.169 105 0.006 727 0.000 251
ARSI 0.009 100  0.004 100  0.000 141 0. 000 065

2.5 ModelNetd0: = HilE =

S0 DU A X A A B 5 RS RS IR
IIAE R 05 224 0. 01 Y = 37 M s b 47 37 R A
IFYERAE[—0. 05,0. 05 o ARUELE R 2. 4715 1Y 5%
ISR AR TE ModelNet40 B 20 /M4 51l
ToWE R BE LA TIINERA A2 20 200 i Eicds I
I S0 RS A A A

4P S 2 R B ICP . FGR 1 RPMNet
XIS AR BHURE , 23t ) T 3] — N0 1Y [ 5 (L, 177 R-
PointHop 1 DIT X M 5 84 B 17— i) & 45
P, OADGRPMNet % T 5 il M 75 J5 14T 4 Ak 114
A B B e T IR 28 2 5 2 4 R-PointHop
FEART 45 90, FEB 7S B9 PR A 11 B RO R b

% 4 7 ModelNet40 if 0 H g A RO 2R bt 1Tinlis
Tab. 4 Testing on ModelNet40 data with added

Gaussian noise

i T
EREN - éﬁﬁ%;ﬁﬁ% i’«ﬂﬁgi% X T
R

ICP 29.707 983 23.557 217 0.290752 0.249 092
FGR 24.651468 10.055918 0.108977 0.027 393
RPMNet  44.054400 22.483100 0.182800 0.098 160
R—PointHop  7.734856  4.389318 0.062912 0.038 724
DIT 9.113178  7.302423 0.031729 0.025231
AR 5.227500 1.874000 0.042670 0.014 340

DIT, 8¢ 2 H 8 OADGRPMNet 38 1o #4) £ 5 25 K]
A R A AT B, PR 23 U8 A = (R 28 %)
S, T e T 7 T RS T X AR AL A AN RS AE , 1
153 W XELAER A TP 248k (BT LT R
T FFIER) RPMNet, A SCREA R R AR H X &
Shy i T T 0 AT L i AR TR X DG B RRAE 1 DG T B
T3, 5 BB AR X 55 B B G U T OGRS R .
THGE R BT FPERE , AT LA 0 3-SF- A5 AR 4 1)
YIZAEAS 38 o AE Y ZRAR rh 3 i 24 5 P A8 e
(RIREAS , T LS B O - b 2 2 Kb FSPFS
2.6 HBLLIG
2.6.1 FHERR

ARSI RPMNet FPs A Y PointNet #E5t  OA £
e 0 8h 25 K] i 28 9 2% (dynamic graph convolutional
neural network , DGCNN ) B 3 MEHfIE HE BUBTE Al
AR SR OADGCNN BT AN G228 1|52 56 |
T AR . PointNet i1t £ ZEAIHL AT LA R: > 5
SR AJREEE ; OA U858 T 51 A 5 = B2 [ Rk ]
B IR BB PP IEIE SRAT 5 o A TG R
A, FECRR T R E USSR s DGCNN i@ i 14
1 K ATABIEAE S AS AL A 5 2 B JRyiB LA RFAE 4 [ s
i Z R E R 2 2 RFHIE . RPMNet XN
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Tab.5 Comparison of feature learning among OA,
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Fig. 5 Influence of different loss weights on conver -

gence accuracy and speed
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