3DAC: Learning Attribute Compression for Point Clouds

Guangchi Fang'2, Qingyong Hu3, Hanyun Wang?, Yiling Xu®, Yulan Guo'256
ISun Yat-sen University, “The Shenzhen Campus of Sun Yat-sen University,” University of Oxford, Information
Engineering University, *Shanghai Jiaotong University, °National University of Defense Technology

Method Experiments

B Framework

> Quantitative Results

(@ Depth ) Bitratq vs PSNR-Y Bitrate vs PSNR

. 45 40
Initial Coding ® Weight hj —-G-PCC
: 4" ® Iocation 4>‘ MLP . —=G-PCC
;‘\ f’ | —> G eo m etry CO m p reSS I O n O\O Context Module o ngv.tﬁ?equency coefficients ; _._ﬁgg,r -—RAHT
: low-frequency coefficient ® Reconstructed attributes ——-RAGFT
\C / Ij ——Spconv AE o Transh
: high-frequency coefficient (1) Context from High-frequency Nodes o) w/0 Transform — +W O Srafisiorin
O\O ..... 4., S | =-3DAC (Ours) | 3DAC (Ours)
O : low-frequency node O O O 39| ] ;
Cg=s” — +— —» Attribute Compression © tigh romency noc inter-Channe’ O pf—0O— 4{ e A % s
®: feature aggregation Correlation Module 7 R
Point Cloud ‘ - , X (2) Context from Low-frequency Nodes
| ' Initial Coding Context Modul 30
X,y,Z 1,9,b RAHT Tree Deep Entropy Model R (i) 25+ P
- - MLP | 0 2 4 1 2 3 4
B Contributions fr‘j(-l),rj(?),..., j(,i—l) [ S () _ Bits per Point (BPP) Bits per Point (BPP)
e A learning-based framework for attribute compression. . (DInter-Channel Cocfficient Corrclation C; (a) ScanNet (b) SemanticKITTI
; AP — = - R —|4>{Arithmetic Coding]k z R “
e An attribute-oriented entrc.>py model. = | — ® O > Downstream Tasks
e State-of-the-art compressmn performance.. | , | 1 S ® o SparseConvNet | Bitrate vs EPE Bitrate vs GraphSIM
e Paper, code and project: https://fatpeter.github.io/ | “HEeEE Log® 20 2" o - N X / D . S 0.19 | | 17 | '
RAHT Attributes Bitstream RY,R¥W,...,R - -w/o0 RGB
Colored Point Cloud (2) Inter-Channel Spatial Correlation = - -w RGB
olored Foint Clou Initial Coding Entropy Coding Inter-Channel Correlation Module = ~-RAHT
Probl Definiti 5 [N\ NTEPRCC 1 =75
ropiem vertinition . . 50171 ~Ours | £
B Initial Coding B Deep Entropy Model £ \\ 3
3 3
. . . . - - - - ' ' ~RAHT
Goal: Given a 3D point cloud, its geometry is assumed to have been We adopt Region Adaptive Hierarchical Transform ~ » Formulation E | |
C . : . L o C L : 0.5 --G-PCC
transmitted separately and we mainly focuses on the task of point cloud (RAHT) for initial coding and construct the RAHT Given transformed coefficients R, we factorize its probability distribution | | = L eceoooo oo ~—Ours
attribute compression. tree for context feature extraction. at the a.ttrlbut.e channel i with initial coding context I and inter-channel 0.15 | | | |
correlation C®Was follows: 2 4 1 10
_ . . Bits per Point (BPP) Bits per Point (BPP)
. - . Va (2)\ __ (2) , (z))
. Compr955|on Plpellne y ‘ . ¢(R™) = H q (Tj | L, Cj ' (a) Scene Flow Estimation (b) Quality Assessment
5 j
l :
l o
Geometry 1 > Context Modelling > Qualitative Results
ositions . — y exploring context information from the ree and the previous »
—» Posit —> Combpression M n By exploring text inf tion f the RAHT t d the p
P hy encoded attributes, we model the initial coding context I; and the inter-
Overall channel correlation CJ@with our Initial Coding Context Module and Inter-
Point Cloud — Decoded Positions > Bitstream (a) RAHT (b) RAHT Tree Channel Correlation Module. g
. B Learnin i
. Attribute 2 S
—» Attributes —» ] . . . . . . | , e L o S :
Compression During training, we approximate the estimated distribution with the actual ) — _ Z Zlogq(rj(-z) L, ng))' BPP:346 PSNR,:3463  BPP:2.11 PSNR,:34.60  BPP:207 PSNR,:34.63

distribution by minimizing the cross-entropy loss: PR (a) RAHT (b) G-PCC (c) Ours



	3DAC: Learning Attribute Compression for Point Clouds

