GraphFit: Learning Multi-scale Graph-Convolutional Representation for Point Cloud Normal Estimation
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Introduction Method EXperiments

Goal Overview: GraphFit »GraphFit achieves the SOTA on common benchmarks.
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» Recent methods DeepFit and AdaFit employ a DNN to learn point-
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»Feature F = {fi|i = 1,2, ...,Np} eRNp*C correspond to the input

wise weights for WLS fitting, leading to good normal estimation

quality, precise normal estimation in complex regions are still difficult

patch N, (p;) eRVr*3, Like DGCNNIY, we get local neighborhood

information f; for each input feature f;

Jije — Qe (ﬂftj) L] € f\f(i), f; — maX gij

JEN (4) o R -
Adaptive Module Visualization Results
Noise i Density Ours AdaFit DeepFit  NestiNet ~ PCPNet
(a) PCPNet (b) NestiNet  (c¢) DeepFit  (d) AdaFit = = HJJJ L Sors o LA High : Gigdient:  Striped
I
o FeRV*C Os = = |_|—"H *@\_’l ml L I g £ > £ » B l f"o ;
Insig hts | ‘ \femh N o 49
| = u_l—u FpeRV*C FaeRC scalecRC sreRN*C ' : 5‘;.;,‘- A
| T ik
. . . . ! mNXC | i 1
» Previous methods directly adopt patches for normal estimation, and PR "B Point feature @ Local ncighbor feature (&) Elementewise sum (p) AveragePool \ 4 |
.9 | :
usually ignore intrinsic relationship between points in the same patch ) 3 , } 1704 1930
Multi-scale Layer i
¢ I
2 2 cale 5 j I
Contribution - gi :
x"" l
» We propose a new method for accurate and robust normal . "o =) ) © ruron \\j b s e o i
estimation via the graph-convolutional feature learning N, (f) € RO¥: f! € RS (©) Repeat Appllcatlons
@ Concat
» We design an adaptive module using the attention mechanism to Seales, o
. . . . . ®
fuse the point features with its neighboring features by == ¢ == (]
» We introduce a multi-scale representation module to extract more N (f) € RS R fleR o |
(a) Input (b) Ours (c) GT (a) Input (b) Ours (¢) Groundtruth
. [1] Wang, Y., Sun, Y., Liu, Z., Sarma, S.E., Bronstein, M.M., Solomon, J.M.: Dynamic graph CNN for learning on : :
expressive features point clouds. ACM Transactions On Graphics. 38(5), 1-12 (2019) noise removal surface reconstruction

Eureu AN CONFERENCE October 23-27, 2022, Tel A'VIV“ S =) =T e SO | i? httQSI { /a rxiv.org/a b5/220711484

ON COMPUTER VISION

TEL AVIV 2022 e AR s iy L W 3 s https://github.com/Uestclay/GraphFit



https://aka.ms/X-CLIP

