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An implicit coding network for point cloud geometry compression

Chen Jiahui, Fang Guangchi, Li Haoran, Zhang Ye, Huang Xiaohong', Guo Yulan

School of Electronic and Communication Engineering , Sun Yet-sen University, Shenzhen 518107, China

Abstract: Objective Point clouds captured by depth sensors or generated by reconstruction algorithms are essential for
various 3D vision tasks, including 3D scene understanding, scan registration, and 3D reconstruction. However, a simple
scene or object contains massive amounts of unstructured points, leading to challenges in the storage and transmission of
these point cloud data. Therefore, developing point cloud geometry compression algorithms is important to effectively
handle and process point cloud data. Existing point cloud compression algorithms typically involve converting point clouds
into a storage-efficient data structure, such as an octree representation or sparse points with latent features. These interme-
diate representations are then encoded as a compact bitstream by using either handcrafted or learning-based entropy cod-

ers. Although the correlation of spatial points effectively improves compression performance, existing algorithms may not
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fully exploit these points as representations of the object surface and topology. Recent studies have addressed this problem
by exploring implicit representations and neural networks for surface reconstruction. However, these methods are primarily
tailored for 3D objects represented as occupancy fields and signed distance fields, thus limiting their applicability to point
clouds and non-watertight meshes in terms of surface representation and reconstruction. Furthermore, the neural networks
used in these approaches often rely on simple multi-layer perceptron structures, which may lack capacity and compression
efficiency for point cloud geomeiry compression tasks. Method To deal with these limitations, we proposed a novel point
cloud geometry compression framework, including a signed logarithmic distance field, an implicit network structure with
the multiplicative branches, and an adaptive marching cube algorithm for surface extraction. First, the point cloud surface
(serving as the zero level-set) maps the arbitrary points in space to the distance values of their nearest points on the point
cloud surface. We design an implicit representation called signed logarithmic distance field (SLDF) , which utilizes the
thickness assumption and logarithmic parameterization to fit arbitrary point cloud surfaces. Afterward, we apply a multipli-
cative implicit neural encoding network (MINE) to encode the surface as a compact neural representation. MINE combines
sinusoidal activation functions and multiplicative operators to enhance the capability and distribution characteristics of the
network. The overfitting process transforms the mapping function from point cloud coordinates to implicit distance fields
into a neural network , which is subsequently utilized for model compression. Through the decompressed network, the con-
tinuous surface is reconstructed using the adaptive marching cubes algorithm (AMC) , which incorporates a dual-layer sur-
face fusion process to further enhance the accuracy of surface extraction for SLDF. Result We compared our algorithm with
six state-of-the-art algorithms, including the surface compression approaches based on implicit representation and point
cloud compression methods, on three public datasets, namely, ABC, Famous, and MPEG PCC. The quantitative evalua-
tion metrics included the rate-distortion curves of chamfer-L.1 distance (L1-CD), normal consistency (NC) , F-score for
continuous point cloud surface, and the rate-distortion curve of D1-PSNR for quantized point cloud surface. Compared with
the suboptimal method (i. e. , INR), our proposed method reduces L1-CD loss by 12. 4% and improves the NC and F-score
performance by 1. 5% and 13. 6% on the ABC and Famous datasets, respectively. Moreover, the compression efficiency
increases by an average of 12.9% along with the growth of model parameters. On multiple MPEG PCC datasets with
samples taken from the 512-resolution MVUB dataset, 1024-resolution 8iVFB dataset, and 2048-resolution Owlii dataset,
our method achieves a DI-PSNR performance of over 55 dB within the 10 KB range, which highlights its higher effective
compression limit compared with G-PCC. Ablation experiments show that in the absence of SLDF, the L1-CD loss
increases by 18. 53%, while the D1-PSNR performance increases by 15 dB. Similarly, without the MINE network, the L1-
CD loss increases by 3.72%, and the DI-PSNR performance increases by 2. 67 dB. Conclusion This work explores the
implicit representation for point cloud surfaces and proposes an enhanced point cloud compression framework. We initially
design SLDF to extend the implicit representations of arbitrary topologies in point clouds, and then we use the multiplica-
tive branches network to enhance the capability and distribution characteristics of the network. We then apply a surface
extraction algorithm to enhance the quality of the reconstructed point cloud. In this way, we obtain a unified framework for
the geometric compression of point cloud surfaces at arbitrary resolutions. Experimental results demonstrate that our pro-
posed method achieves a promising performance in point cloud geometry compression.

Key words: point cloud geometry compression; implicit representation; surface reconstruction; model compression; sur-

face extraction algorithm
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[F1] e 3 Ao 484 0 ) 4 22 5l A 2% K/ e 4
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2, = sin (wx + @, ), PRI — RIVHF IE 5L B0 PR
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I, MINE [ £5 7 45 A B2 i i o 8 s s A1
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b)® sin(wax + @,)o T2, i Ltk 4% B2 2
XN PR E y = W™z, + b

58 LR 5 I 26 IR N 55, AR SOR RS Y TR 45 44
TR v P 2B (Y N AR . R T B9 AL (Han 55,
2016) 57548 (Hinton 25, 2015 ) X FE RS 3 52 0 K HL
BF 1] A @, A% SCHF ] COIN (compression with
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Fig. 4  Multiplicative implicit neural encoding network
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Fig. 5 The surface reconstructed by MC algorithm and
AMC algorithm
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I, R MRS S AR FEAR T M SLDF Hh e 4 i1 i 28
T 5 G S = R 20 (AR ES
[, P T AS SCOCTE Y 2 i 2 SR R4 R AMC
PN RAE ST ARIR i 2= R TH A R0, 7T LAA 3 2%
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A1 FoR,

B = HE MRS SRS X B RE IR T, A=
R BELS, , N )2 R 1Y I {E.5 5

AL S Y EE SR S,

1) FIERALR T S, = MC(X,3,),S, = MC(X, 8,);

2) WAL S, KD 5

3) for each Tii 5. v, in S, do;

&) AR A, S KD RIS 2 0
5) IESHEEL = b, - ol

6) IEEHET R, =0 - v/l - vll;

7) end;

8) MU LIEI B d = S d/;

9)t=0;

10) while ¢< T do;

1) HEEHERMES, ={v, + nd|v, €S.};

12)  HIBJREREE P C S, P C S

13) TR R FR R T s 1 P-4 07 22 5
o’ = E{var(x,7E P KD #5200 40 55 0 )
| xeP.t;
o = E {var(x, 76 P! 1) KD ) Hv 1) 5 35 < 5
FE) lxePlt;

14) if o?<0o? do;

15) HUHTRINS, = S);

16) else;

17) R d = d/2;
18) end;

19) t=t+1;

20) end,

3 5L

TEAT T o AR SR S A A E R s L
i) F 407 1 B R = 4k RS 25 O T R AT T TR A X
oo Behh AT i@ i T SLDF RAE5 MINE [£5 (1
TH SRR A5
3.1 XHEE
3.1.1 Hdigk

PRUESEER A 2P, A SO i e e 2 3 1 5
b R s BAREE FE TS R s AR A T 0 — kA
i, ABC(Koch%%,2019) Famous(Turk fl Levoy, 1994)
(http://www-graphics. stanford. edu/data/3Dscanrep/) F1
MEPG PCC %4 #& £ (https://mpeg-pce. org/index. php/
pec-content-database/) F T PR A Bk 69 5 = L
] 46 P4 BE , ShapeNet 04 4 (Chang %5, 2015) T
PR A AR S E AR . Hoh  ABC 2%
FLiF B TAF CAD (computer-aided design ) 15t % %5 45
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48, Famous J& M\ 22 f) JIE PG v i 4 119 3% 282 3% T A8
B XA EE S SRVFTEAR T 0 PR T 0 3 I e ik
17K A . MPEG PCC H1 ) MVUB (Loop %, 2016) |
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IO 43 HE %N 5121 0242 048 [ F Ak 5 = B 4
ShapeNet £ 48 4 ] T 1 5925 1) 2 T e A PR
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L=l
3012 HERE

TE R 2 1 T 28 T R 45 5 T, AR SCSE R 5 NP
(learning signed distance functions from point clouds
by learning to pull space onto surfaces ) (Ma %§,2021) |
BACON (band-limited coordinate networks for multi-
scale scene representation) (Lindell ¢ , 2022) . INR
(implicit neural representations for image compres-
sion) (Striimpler 5% , 2022) | LevelSetUDF (Zhou 55 ,
2023) B HEAT T ILE . DU O BT AR O
i NP 55 LevelSetUDF R 47 ReLU 1 PR Y MLP
W2, 2355 IO 25 e P2 M52 22, DT AR AR AR 38 4B 3R
AT (9007 B 225 s BACON 5 INR 433K I 1 2 s
FL 2 A% B MFN 5 265 57 1E 3% 9005 R LAY SIREN [
2 Ak SDF X 5 = [ RAE g

TE 5 25 1 AL TR 46 D7 T, A SO A G-PCC
(Schwarz%#,2019) 5 INR (UDF) 83 [L# . G-PCC
AL G = U R A bR ek R I\ SUR 4544 LA
REAR S 45 B 04 BT INR B0 SDF R AR Tk
HEAEH T BRI, A e RS 2 R4 55
FLACH) INR 33 UDF 3R AL SIREN 45 I 5

TE M 25 33 T A 1 AR 78 S5 AR S0 P2s
(learning implicit surfaces from point cloud) (Erler
45 2020) . NDF (neural unsigned distance fields for
implicit function learning) (Chibane &5 2020) .
GeoUDF (Ren %5 ,2023) \NP (Ma %§,2021) .BACON
(Lindell 4% ,2022) .INR (Strﬁmpler 45 2022) . Level-
SetUDF (Zhou 4%, 2023) 53k BEAT Hu . Horr, P2S,
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& 53 B 28X N AF 1Y 52 0 220, A SO INR
(Striimpler 55 ,2022) #Y5LEFR N AE 5 HIFEFR (KB) , i
I3 PR AR R WA 58 0 5 i . AR B
N 4 i RO
3.1.4 T SHL

A AE— A Bl % Intel® Core (TM) i7 CPU,
NVIDIA GeForce RTX 3090 GPU, Ubuntu20. 04 1
ARG AN FIT AR DY SRR . X SR 1Y
it FHAR OGS ST IR AR RS A T 55 0

AR 3053 BIHE ABC  Famou ,MPEG PCC 34 45 I+
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1 0242 048 (1) MVUB 8iVFB , Owlii 53 5 JE 17 25 13K
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% ) BG4k R 107, i A ReduceLR-OnPlateau
JIE SR R 2 2] R Qb 2k pREGEE £ 500 epochs AR
R, W) 2 2 S o AN AR SR AT Model Effi-

ciency Toolkit PR AU 1t Ak 28 8 i AE BE, JF 1 — i il
BRGS0 LS AR A T IR R

AN AR SCTE ABC B4R itk AT TS n 3R
AT )V RS2 35, IF 43 5l A MPEG PCC ) 8iVFB £ 4
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A AT Al LR, 56 IE SLDF R AE  MINE ¥ 2% 5
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Table 1 Datasets used for experiments

G EE e RVE e Bt
ABC(Koch %,2019) - 96
Famous (Turk Fll Levoy, 1994) armadillo ,dragon hand .happy .horse .bunny liberty .tortuga ,netsuke .angel 10
MVUB(Loop %%,2016) andrew, david, phil, sarah 4
8iVFB(d’ Eon%,2017) longdress, loot, redandblack, soldier 4
Owlii(Xu%§,2017) basketball player, dancer, exercise model 4
ShapeNet( Chang % ,2015) airplane ,cabinet . chair display lamp .sofa , car .vessel 80

R NP2 610 SPE LT e Y SN
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Fig. 6 Result of continuous point cloud geometry compression on the ABC dataset((a) L1-CD; (b) Normal consistency; (c) F-score)
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Fig. 7 Result of continuous point cloud geometry compression on the Famous dataset

((a) L1-CD; (b) Normal consistency; (¢) F-score)
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Fig. 8 Visualization of continuous point cloud geometry
compression on ABC and Famous detaset ((a) original surfaces;

(b) INR (128); (¢) ours (128); (d) ours (64))
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Fig. 9 Result of discrete point cloud geometry compression on the MPEG PCC dataset ((a) MVUB; (b) 8iVFB; (c) Owlii)
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Table 2 Surface reconstruction results achieved on

the ShapeNet dataset
Jr ik (L ><11_(():(]))) NC  F-score
P2S (Exler % ,2020) 1.03 0.79 041
NDF (Chibane %5,2020) 0.42 090 072
GeoUDF(Ren %,2023) 0.36 093  0.80
NP (Ma %,2021) 0.44 093  0.80
INR (Striimpler %5 ,2022) 0.30 092  0.88
LevelSetUDF (Zhou % ,2023) 0.34 092 0.84
ES'S 0.27 095 092
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Fig. 11
ShapeNet dataset((a) LevelSetUDF; (b) INR;

(¢) ours; (d) origin surfaces )

Visualization of surface reconstruction on
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Table 3 Ablation study for surface reconstruction

Ik L1-CD(x100) NC F-score
INR 0.310 0.924 0.881
wlo AMC 0.304 0.943 0.884
wlo SLDF 0.281 0.949 0.901
w/o MINE 0.273 0.945 0.914
AL 0.272 0.954 0.916
IR RPN AL EE IR, wio T A Al HZAH B,
ABC
0.50 —e—INR
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0.45 ~#=w/o SLDF
S - w/0o MINE
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Q
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Fig. 12 Ablation study for continuous point cloud compression
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Fig. 13 Ablation study for quantized point cloud compression
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