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Abstract

In recent years, implicit neural 3D modeling algorithm has become a popular research direction in
the field of computer vision, especially the method based on signal distance function (SDF). How-
ever, this kind of model is often not strong generalization. To solve this problem, this paper uses
the dynamic graph convolutional network to encode the shape of objects, introduces the shape
prior hypothesis, and proposes an implicit 3D modeling algorithm that combines the individual
characteristics of objects and the generic information of their categories, which improves the ac-
curacy and generalization of the model. On ShapeNetV2 dataset, better results are obtained com-
pared with the existing algorithms, which shows the superiority of the proposed method in three-
dimensional implicit modeling.

EFIH: ARA, T RE TR R =@ BRE D] LR A5, 2023, 13(11): 2012-2021.
DOI: 10.12677/csa.2023.1311199


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2023.1311199
https://doi.org/10.12677/csa.2023.1311199
https://www.hanspub.org/

TRRA, i R4

Keywords

Implicit Neural Field, Deep Learning, 3D Modeling, Point Cloud Convolution, Signal Distance
Function

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

Rz, fEA— M= RmRATT A, MR UL MRS, & MRS, ERHAT
ISR R, MEGEARIFAEM, ik, AW BALGFELI T NG = BRI, BT,
WAL FIREE 2 2 FER AL, I HRZHUE S I AR 5 A2 Bk R, T2
WEERF SRR R, UM =R R, T b 8 A 30 1) = 4 B SRV T LA AR 2 kB,
HAREE Z A BN ZE BN, BRI 2R, IFAEe2k R R 3, AR 25T s
J AR AR

FEFET R SIS, REER 2N TR Z A, EAERMIER ERRIA . XEH
Ny AT TIARZ B, X TR MERIRRIN S, A R RS A ROZE AR, FF
RER T ENMET S, ENRRNER, AR 250 H13& (1% S5 Pk A4 DL 2 AR I ) )

P, ASCHR W T — MR BB, ZABRES & T R SRR A SRR o SEAB R AR AE
AR [ — M A S PR AN GE R TRl 2 TR, JFAEIZBRR S, S AR AR, 2 AR I JAiAT
ke AU T EL A S, LR T DL ) A AR R — R (FEIL SN SDF {8, JFERIS EAT BASE R
TERAE FEI s o = 4R M . FRATAE ShapeNetV2 H¥E 5 b AT T AR =M 258, JFIIE T
WA AT AT PEAIROR -

2. XIE
2.1. BRFTEER

BT =R RN IR B 2 ) SRR I VR R AT, BRI R AR RE A T /s T s i, X
SR AR RIS B r] DUR R AT BSOS BE R =4 ), T R XX a2 A RS e kG B . [1]38H T
IM-NET I H 4fi 2, 75 22 sUARAR AT AR B RHE ) & B 5N, K T AR 28 ROt B AR B i iz s i o A 26
(2152t 1 — Bl T 22 W B R TE L 1) 77 AR (o R gl B 2 o) =4y, Hoh 31457 [ SDF fH S AvE 3
Z IRV ARE 22 T SR I R PR UM 4% . FaR Tyl 2 56 T 2D AT = 4efa st i fh vk o7k, EA
R EASRR R T R e Ak, B —REER A, (4B 2 2 AL AN s SDF 14,
IR T M RS AR O ZE, 1R LR 7R —RIRIRIIRE Sy o [S]3RH 7 — MR AL AHELE AtlasNet,
B 3D IRFE R NS EERH TR NES, BEEMHER R R I RR. [0 T —RET HEFRKM
#% Occupancy Network, JF5IN T 243 R E(EHPEIE S, DI IFH R EGERT . (7131 T R EEa =N M k%
Fon, BAWT REMERE, NG A 3igibaRk: IR 1% RS R 3D TR SR 41t

DOI: 10.12677/csa.2023.1311199 2013 MR 5 R


https://doi.org/10.12677/csa.2023.1311199
http://creativecommons.org/licenses/by/4.0/

RS, R4

2.2. ETHREZF IR ZFERN

BN R TEFE s ToiE s, AR EIVE BT UL T IiE B AR, K 2D B E RN T 3D. i,
X R TR 2 SRR B A BEE R —MESS . [813RH T PointNet fRilE /A siIHESIAARNE, JFH
HARF B R BEJAR[91003% 1 PointNet JCiFili #E /R AR 45 H ), mT LA 3 22 RUZ S5 & 1 Rl w451k, [10]
e 7 LB, BE T RS RAERE B B DS S e RTARE M, 1R S0 B EIUE

% LR T AT
3.

3.1. B

Estimation

Figure 1. The whole algorithm framework of this paper
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Figure 4. The network of decoder
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Figure 5. Presentation of source data and preprocessed data
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Figure 6. Chair, sofa, table training loss trend
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Table 1. Comparison of average chamfer distance, earth movers’ distance and

mesh accuracy of test samples
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T3 B BIMEE(1K)  HELEEE PSR
AtlasNet Chair 0.953 0.095 0.041
DeepSDF Chair 0.523 0.049 0.019

Ours Chair 0.355 0.036 0.006
AtlasNet Table 1.131 0.121 0.052
DeepSDF Table 0.901 0.045 0.024

Ours Table 0.699 0.038 0.011
AtlasNet Sofa 1.389 0.177 0.077
DeepSDF Sofa 0.508 0.057 0.021

Ours Sofa 0.268 0.037 0.009

Table 2. Comparison of the median of chamfer distance and earth movers’ distance of test samples
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DeepSDF Chair 0.363 0.038
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