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Abstract: The unsupervised representation learning of point clouds is crucial for understanding and analyz-
ing point clouds, and a 3D reconstruction-based autoencoder is an important architecture in unsupervised
learning. To address the rotation interference and insufficient feature learning capability of existing autoen-
coders, this study proposes a rotation-invariant 2D views-3D point clouds autoencoder. First, a local fu-
sion global rotation-invariant feature conversion strategy is designed. For the local representation, the in-

put point clouds are transformed into handcrafted rotation-invariant features; for the global representation,
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an alignment module based on PCA is proposed to align the rotating point clouds under the same pose to
exclude the rotation interference while complementing the global information. Then, for the encoder, the
local and non-local module are designed to fully extract the local spatial features and non-local contextual
correlations of the point cloud and model the semantic consistency between different levels of features. Fi-
nally, a PCA alignment-based decoding method for 2D-3D reconstruction is proposed for reconstructing
the aligned 3D point clouds and 2D views such that the point-cloud representation output from the encoder
integrates rich learning signals from the 3D point clouds and 2D views. Experiments demonstrate that the
recognition accuracies of this algorithm are 90. 84 % and 89.02% on the randomly rotated synthetic dataset
ModelNet40 and real dataset ScanObjectNN, respectively. Moreover, the learned point-cloud representa-
tions achieve good discriminability without label supervision and have a good rotational robustness.
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Fig.1 Structure diagram of rotation-invariant 2D views-3D point clouds auto-encoder
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Fig. 2 Handcrafted rotation-invariant features
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Tab. 2 Classification accuracy of the unsupervised methods on ScanObjectNN
OBJ_BG PB_T50_RS
Method Input -
z/z z/S03 S03/S03 z/z z/S03 S03/S03
FoldingNet'"” pc 66.21% 23.16% 35.16% 55.03% 21.85% 31.53%
PointGLR™ pc 87.20% 33.96% 60.38% 75.47% 30.12% 52.14%
CrossPoint ! pctimg 81.70% 25.13% — — - —
PPF-FoldNet™® pc+n 43.05% 43.05% 43.05% 46.67% 46.67% 46.67%
ELGANet-U" pctn 87.48% 87.48% 87.48% 76.47% 76.47% 76.47%
Ours pctn 89.02% 89.02% 89.02% 78.39% 78.39% 78.39%

TE IR e Al 45 2R

33 7EScanObjectNN F4RADsS LAY HBREE R
Tab.3 Ablation results of encoder on ScanObjectNN

Model F“ F’ L.y Jfi f: ScanObjectNN
A N NN 73.93%
B NN NN/ 86.11%
C v NG NG 87.14%
D NN N NN 87.48%

T JIHL g e e 4 4

8T R AR R 3 -4 R i X — B UR L
(BRI D), MER R B EFF1.37% . AL C
PR T AE 4 SR AR AR R T G R A 1 R A, o
W R AR DA I F . 25 5L U0RA , i 4 10 45
N EERBIT T s &R R N AA &
ZAEM .

[ 5 S % 7%, 360 TF A A5 2 P 9 A A B e 1 A
Mk SR R R AR . NS RE  EIMA S
JA X FAL R PCA-GA J5 (BT E) | i SRR L7
D EJFT 0.68% ,BiH] PCA-GA g4 &2 TH B 52
s T WIERE B R L RS A 2D IR E
B B 5 3] 58 B g R R, k2 AR SCHR Y RT
2D-3D AE, f£ ScanObjectNN %42 4E 415 T i
FROR

WY HE— B AIE 5 2 2D P TE R E G A o
1A R, WF5E 2D PR 4 S BTk, 4 AN

%4 7E£ScanObjectNN L f s A B 45 R
Tab.4 Ablation results of decoder on ScanObjectNN

Model PCA-GA Ly, Ly ScanObjectNN
D N, 87.48%
E N N 88.16%
F N NEENG 89.02%

T < IR F AL 45

(€)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved.

[vi] AL 1 178 1R P16 A5 80 4 A7 N 2, IR AE 2/ SO3 1 1
T % ModelNet40 1 PF Al 42 SVM 43 K 4% o 5%
WA RMEL S Fin. IWNEERFE BN H Ay
] 1 i 2D Rt Al L7 A e ) 2R A 25 4
Fo XTI T R IR R 2 R 4 T
KR T oA IR 3 4 i 6 G S FL AR 1B A] A
AL 4 BT 7R .

&R5 7EModelNetd0) E RN EREMER

Tab.5 Ablation results concerning each view on Model-

Net40
View Accuracy
0 View 89.91%
Top 90.36%
Left 90.11%
Front 90.28%
3 Views 90. 84 %

TE L f fI 4k

P4 B Rz g KA IR AT AR AL
Fig.4 Visualization of partial point cloud objects and

their views
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I 4 7] DU H, — 28 6 2 0 00 A0 T S e i
T3DXMEM R FEFER ) —FTELSS
SR A G s o TR s H Y s
TR & 43 305 A Y TR 4R S
SHEXTRAYER AR, 5] GRS A )RR R 2
D5 16} EAT 2 2T, 58 ik 0 2% i 1
3.5 AIRHER

TR G b R R FAE A AT X oM ff -
A1 B ML AT 4B % A (t-distributed Stochastic Neigh-
bor Embedding, t-SNE) & 2 X} 2 £ {55 = F Ak
PEAT AT A4 . 1 56 FoldingNet ™ 7F 2/SO3 1% il
T #) ModelNetd0 b Az J8¢ 4 78 53 2 ] F AE 7T 41 Ak
SR 5 TR o ] WAE eSS T OL R L Fold-
ingNet A4 Ji Y 2 2 1) R AEME LA X 53

K5 FoldingNet £AiF Ay -SNE F 1] M4k
Fig.5 t-SNE clustering visualization of FoldingNet

A S A R 2D-3D AE a] 44k 25 5 4 &
6 T o BRIV 7 B A Bl BILBE B 10 1 0 T, 4 S
Az I B FAE Y 2 )R B A K, T X A
L UE T R AR B R L nT X o R
ek

MEL 638 F B HE X 43 1 26 9] & Desk
(¥R % ) Al Table (K €4) , i B 76 F 3% 9 2K 4 44
FRAE o AL, BR R A B S K . H
TRAS IR SBEA R . A SCHRE B H AT

(€)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved.

Bl 6 RI2D-3D AE KAL) -SNE R K] #fk
Fig. 6 t-SNE clustering visualization of RI 2D-3D AE

K7 ERo iR A
Fig. 7 Examples of misclassification
AN BB IX 73 3 2 o B2 RH DL B0 A [ 28 0 B A Skl 2
A — A1

ARSCEXT A 5 A G b 25 A7 AE 10 Jid 5% 1+
P AR AF 42 O AL ) A, 42— AN AN AR
2D WA -3D A A g o BN g S )
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