E-mail: jig@aircas.ac.cn EPEI%%H???E 1

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O HEERERFRIRIFE

FEES 25 :TP391. 41 XERFRIRAD: A XEHS: 1006-8961(XXXX)XX-0001-13

® X 5] A& : Jiang Zhaoyi, Shen Yuhui, Zhu Jiajun, Yang Bailin. Point cloud geometric compression integrating global frequency domain and local

spatial domain features[ J/OL]. Journal of Image and Graphics, XXXX: 1-13. DOI: 10. 11834/jig. 260535. (VI W83, PL30, ARAELR, bk, Fib
A B 42 )R 5 25 S8R T R AE Y 5 2z LR TR 45 [J/0L]. o [ B G BJE 22 4], XXXX: 1-13. DOL: 10.11834/jig. 260535. ) [DOI: 10. 11834/

jig. 260535

MENEE RS EE AN == LA TS

LRE, LT ERER, B

WL TR R AT AR S EOR =B, BU 310018

W E: B EXEUA S S U S 7 A7 e 2SO0 B M LAV s B RT3 2% BE (4 [ R, 32 1 T —Fh
A AR 4 Sy 5 A SRR AE I 8 2 LT R 5 v BAERRTHE AR MERE . ik BB S RGN g AT R
A L AR A I R 2 (AU B SR A A 25 (2 SR RAAE RO K T RS2 B, ikt T R RO AL e R A
[l BT —Fh T\ SR A B R SURE A 2 R A S5 40 FNE RO | R sl R BB 2 1 22 RUBE SR LA RFAIE
FOAR T 3T KR R B RO S AR R A BREE o AN SR T — o (57 A% 4 B, R S T R B AE L 7
ANTUAR N SR FRUAZ R/ IN I G AT 3 — 25 R 2 T A 8008 e/ \ SRS Ja a2 M i J 2 0 38 o 52 R ) . &85
B 7E 8iVFB(8i voxelized full bodies) ,Owlii (Owlii'dynamic human textured mesh sequence dataset) 1 MVUB (Microsoft
voxelized upper bodies) 55/ 5 = B & [ EATI2I098030E , LLEE 25 HE R4 (bits per point, bpp ) \ Za fffith Bsf (8] 1N A 5
FAVEAPEN TG bR, SCULS SR F I, B4 )y o675 I 5005 4 1 R) JROAR 4R IR 1 5 R S BUS A T 306 J vk (R TR i PR RE
FE 5 B0 4E 7 5t T 7 3 bpp B F LA B AL & F 46 5 75 G-PCC (geometry-based point cloud compression) Fl
SparsePCGC 73 B A 43. 00% F15. 91%, [ IS AH Lt SparsePCGC . 5 PR G IS R AN 7E G . 4638 PR i
7 S A A 4 R R AR AR 5 2 iR S A R B SR T T A s LA 2 R B B B T R o AR SR TR
FEARUEBAR A3 52 2% 3 14 [ S 301 B o s 85 1) o 2 T P

KEER U RS s /A SURHE R JRUsUEAT s 1T SO gt 5 b7 AR 2 3]

Point cloud geometric compression integrating global frequency domain and

local spatial domain features

Jiang Zhaoyi, Shen Yuhui, Zhu Jiajun, Yang Bailin"
School of Computer Science and Technology , Zhejiang Gongshang University , Hangzhou 310018, China

Abstract: Objective Existing point cloud geometry compression methods generally suffer from two major limitations. On
the one hand, most of them rely heavily on spatial-domain feature extraction and pay insufficient attention to frequency-
domain information, so the potential of frequency-domain cues in describing global geometric structures has not been fully
exploited. On the other hand, they find it difficult to strike a good balance between receptive field size and computational
complexity. Convolution-based methods are often constrained by limited receptive fields, especially in hierarchical octree
structures, where the effective receptive field decreases significantly as the resolution increases. Transformer-based meth-

ods can capture long-range dependencies, but they introduce considerable computational and memory costs, making them
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hard to apply to large-scale point cloud compression. To address these problems, this paper proposes a point cloud geom-
etry compression method that integrates frequency-domain global features with spatial-domain local features, aiming to
improve compression performance while keeping computational complexity low. Method First, a fast Fourier transform is
introduced into the point cloud compression network. The input node features are transformed into the frequency domain
based on the Morton order of octree nodes, and the resulting frequency components are analyzed and reconstructed. Low-
frequency components provide global structural information of point cloud regions, while high-frequency components pre-
serve local geometric details and boundary variations. In this way, the frequency-domain information of the point cloud is
exploited to construct global features, which effectively enlarges the receptive field and avoids the high complexity of atten-
tion mechanisms. Second, an octree-based convolution is designed. By leveraging the hierarchical structure and compact
representation of the octree, this convolution efficiently extracts multi-scale local geometric features of the point cloud,
overcomes the high computational and memory overhead of tensor-based sparse convolution, and avoids redundant computa-
tion on empty regions. Third, a channel-shift convolution is proposed. Using channel shiftoperations along the octree node
sequence, this design further enlarges the receptive field without changing the size of the octree convolution kernel or intro-
ducing significant additional computational overhead, thereby effectively alleviating the problem that the receptive field in
an octree becomes increasingly limited as the hierarchy grows deeper. Finally, a multi-stage occupancy prediction strategy
is adopted to progressively estimate child-node occupancy probabilities, and the predicted probabilities are combined with
context-based entropy coding to generate compact bitstreams. Within each octree level, the prediction is refined stage by
stage, so that the network can make full use of the available geometric context and produce more reliable occupancy esti-
mates. Through the collaboration of frequency-domain global modeling and spatial-domain local enhancement, the pro-
posed framework achieves more accurate occupancy. probability estimation and more efficient geometric compression.
Result Experiments were conducted on several public point cloud datasets, including 8iVFB (8i voxelized full bodies) ,
Owlii (Owlii dynamic human textured mesh sequence dataset) , and MVUB (Microsoft voxelized upper bodies). Bits per
point (bpp) , encoding and decoding time, and memory consumption were used as evaluation metrics. The proposed
method was compared with the traditional geometry-based point cloud compression method G-PCC and the learning-based
SparsePCGC method under both cross-dataset and within-dataset evaluation scenarios. Experimental results show that the
proposed method achieves better compression performance than existing methods in both scenarios. In the cross-dataset sce-
nario, the average bpp of the proposed method reaches 0. 5625, which is reduced by 43. 00% and 5. 91% compared with G-
PCC and SparsePCGC, respectively. Meanwhile, compared with SparsePCGC, the proposed method significantly reduces
encoding and decoding time, achieving approximately 30% acceleration in compression efficiency, and reduces memory
consumption by more than 70% on both the 8iVFB and Owlii datasets. The model size is also reduced, demonstrating the
compactness and efficiency of the proposed architecture. Ablation studies further verify the effectiveness of each proposed
component. The frequency-domain feature aggregation module improves global structural modeling, while the spatial fea-
ture aggregation module enhances local geometric representation. Combining these two modules achieves the best compres-
sion performance, confirming their complementary advantages. These results indicate that frequency-domain and spatial-
domain features play complementary roles. Conclusion By integrating frequency-domain global feature modeling with
spatial-domain local structure enhancement, the proposed method effectively improves the representation capability of point
cloud geometric structures and the accuracy of occupancy probability prediction. The designed octree convolution and
channel-shift convolution expand the feature modeling capability while maintaining low computational complexity. Exten-
sive experiments demonstrate that the proposed method achieves superior compression performance, lower computational
cost, and reduced memory consumption compared with existing approaches. The proposed framework provides an effective
solution for efficient point cloud geometry compression and has potential application value in large-scale three-dimensional
data storage and transmission scenarios.
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Table 1 ~Comparison of bpp required for lossless compression by cross—dataset scenario models

= G-PCC SparsePCGC FrR Ik Lk G-PCC AH Lt SparsePCGC
longdress_vox10 1.015 0.625 0.6040 ~40.49% -3.36%
loot_vox10 0.97 0.596 0.5754 ~40.68% -3.46%
redandblack_vox10 1.1 0.69 0.6717 -38.94% -2.65%
soldier_vox10 1.03 0.628 0.6060 -41.17% -3.50%
player_vox11 0.898 0.52 0.4609 ~48.67% -11.37%
dancer_vox11 0.88 0.514 0.4569 -48.08% -11.11%
Average 0.9822 0.5955 0.5625 -43.00% -5.91%
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F2 RIEHEEGSSRESUTRERE bpp Xt

Table 2 Comparison of bpp required for lossless compression of same—source dataset scene models

Mz G-PCG_ OctAttention  VoxelDNN.  MSVoxelDNN ](3)%6 TopNet 'iﬁl A Pt(t((_
loot_vox10 0.95 0.62 0.64 0.73 0.55 053 047 - -50.03%
redandblack_vox10  1.09 0.73 0.73 0.87 0.66 066 057  -47.45%
phil_vox9 1.23 0.83 0.92 - 0.79 079 072 -41.46%
phil_vox10 1.07 0.79 0.83 1.02 0.76 076 069 -3551%
ricardo_vox9 1.04 0.72 0.72 - 0.76 076 062  -40.38%
ricardo_vox10 1.07 0.72 0.75 0.95 0.69 069 062  -42.06%
Average 1.08 0.74 0.77 0.89 0.70 070 062  -42.94%
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Table 3 Time Performance Comparison
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iy i ity fif s
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Table 4 Memory Usage Comparison

Jrik 8iVFB(GB) Owlii(GB)
SparsePCGC 5.03 15.52
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Table 5 Model Size Comparison
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Fig. 6 Reconstruction results visualization comparison
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Table 6 Ablation experiment for different modules
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