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Abstract: Objective Dynamic point clouds refer to collections of 3D data points that represent the surfaces of objects in a
scene at various instances in time. These point clouds are increasingly being utilized across a wide array of applications,
including virtual reality, augmented reality, autonomous vehicles, and robotics. Each of these applications demands high-
fidelity representations of dynamic environments, which makes the efficient handling of dynamic point clouds a critical area
of research. However, the compression of dynamic point clouds presents great challenges due to the complex spatial and
temporal correlations inherent in these 3D structures. As the demand for real-time and high-quality 3D data increases,
addressing these challenges becomes essential for the advancement of technologies in various fields. Method In recognition
of the intricate challenges associated with dynamic point cloud compression, this study proposes an innovative method that
effectively combines two distinct yet complementary techniques: a convolutional feature extraction algorithm and a target

neighborhood feature extraction algorithm. The first component of the proposed method, that is, the convolutional feature
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extraction algorithm, plays a crucial role in distilling local spatiotemporal motion information from aligned point clouds. By
applying convolutional operations, this method can extract hierarchical feature representations that encapsulate essential
spatial patterns and motion dynamics present in the point cloud data. This hierarchical representation is vital for under-
standing how objects within the scene move and interact over time. The second key aspect of the proposed compression
method involves the use of an adaptive k-nearest neighbor (ANN) algorithm. Given the varying motion amplitudes of
dynamic point clouds, capturing long-distance spatiotemporal information effectively is important. The adaptive £NN algo-
rithm helps achieve this capability by identifying relevant neighboring points across frames. By utilizing the ANN algo-
rithm, the proposed method can identify and focus on critical data points that provide context and continuity over time.
Therefore, even points that are not immediately adjacent in space but are relevant to the current data frame can still be con-
sidered, which maintains a broader view of the spatial dynamics at play. One of the fundamental innovations of this method
is its capability to predict the occupancy probability of each voxel block in the current frame based on the extracted dynamic
feature information. This prediction mechanism enables the compression algorithm to accurately determine which areas of
the voxel grid are likely to contain meaningful data points. By anticipating these areas, the method can be more selective
regarding the data it retains, which allows for efficient compression without sacrificing important details. This predictive
capability is especially useful in scenarios where computational resources are limited, as it enables effective data manage-
ment. Result The effectiveness of the proposed method is evaluated against established standards and cutting-edge tech-
niques in the field. The methodology adheres to general testing conditions recommended by the International Moving Pic-
ture Experts Group (MPEG) for training and evaluation. In comparative analyses, the proposed method demonstrates
impressive performance against existing dynamic point cloud compression standards such as GeS (inter) and MPEG’ s
video-based point cloud compression method (V-PCC). Specifically, the proposed method achieves average Bjontegaard
Delta (BD) rate gains of 94. 14% (96. 67%) and 82. 93% (72.57%) on peak signal-to-noise ratio (PSNR) for datasets D1
and D2, respectively. When compared with the two most advanced learning-based dynamic point cloud compression meth-
ods currently available, the results remain equally compelling. The proposed method achieves average BD rate gains of
22.53% (26.73%) and 14.21% (40. 80%) on PSNR D1 (D2). These metrics further illustrate the superiority of the pro-
posed approach, which showcases its capability to achieve high-quality reconstructions of dynamic point clouds while sig-
nificantly optimizing data size. The implications of this research extend beyond mere numerical improvements. The pro-
posed compression method represents a meaningful advancement in the field of dynamic point cloud data handling, which
provides critical support for applications that rely on the efficient transmission and storage of large volumes of dynamic data.
Conclusion The dynamic point cloud compression method proposed in this study effectively addresses the intricate chal-
lenges posed by dynamic data in 3D spaces through the innovative integration of convolutional feature extraction and adap-
tive kNN techniques. By accurately predicting voxel occupancy and leveraging the strengths of each component algorithm ,
the proposed method demonstrates significant improvements in compression efficiency while maintaining high-quality point
cloud reconstructions. The implications of this research extend beyond mere numerical improvements, which represents a
meaningful advancement in the field of dynamic point cloud data handling. This advancement provides critical support for
applications that rely on the efficient transmission and storage of large volumes of dynamic data. Future research directions
could explore additional enhancements, such as integrating diverse machine learning strategies, improving real-time pro-
cessing capabilities, and validating the approach with a wider range of dynamic datasets. Ultimately, these improvements
drive further innovation in dynamic point cloud technologies. The continuous evolution of this field has strong potential for
unlocking new possibilities in immersive experiences, autonomous systems, and various other domains that depend on pre-
cise and efficient 3D data management.

Key words: dynamic point cloud compression; inter frame features; target neighborhood feature extraction; k-nearest

neighbor (ENN) ; convolutional feature extraction
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TERERIPEAG b, B $12 07 148 ] bpp (B4 A5 LG
T ) e Ay i B A ST AR 1Y FE AR EGE . PSNR D1 CASXF
AU (B 4 B ) A PSNR D2 (5% - 17 e {1 175 14 1)
BT G AL F b A I A R LU AR AR EA T ORI A
MLz B PSNR MK, 2k BOBUDN . 33 4 MPEG
CTC (Alexandre &5 ,2022) , it $2 t (9 0 4 5 #% 7%
10 FERPRS B Y Owlii Al BE gEA T I, B8 5 = 00
PERSHON 1023,
2.2 SKIGXTEE

ATy 125 MPEG 4t 1 3l 2 s = AR R 4 7
75 GeS (geometry-based solid content test model)
(inter) (Lasserre Fll Taquet, 2023) L } V-PCC (video-
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based point cloud compression) (Schwarz &5, 2019) 3t
T X I B ET 3R et i 3 T2 2T 1 o)
A =R 46 77 1« Akhtar 25 A (2024) | Fan %5 A
(2022) P K Xia 25 A (2023) 42 B 973 il bk
3T IRTE MPEG 28 FF 8 S h i 45 SR R A7 X6 L,
1, Akhtar 55 A (2024) J7 % H 45 7 PSNR D1 E#Y
258 R B PSNR D1, 4036 1 s, Jrd iy
P2 O RN A R 1 2 5 M VB S B N R = 8
IR, LR A HE PR MPEG 48 H (%) gt 7
% GeS (inter) Fl V-PCC, Fr $& J5 % K & @ 55 , 7£
PSNR D1(D2) b ~F ¥ 45 5l 94. 14% (96. 67%) Fl
82.93%(72. 57%) ) fi. 3 BD-Rate 3% 25 ; #H b H mi
RERCAERY Fan 55 A (2022) Fll Xia 58 A (2023) 77k, 7E

PSNR D1 (D2) I s °F ¥ 22. 54% (26.72%) F
14. 21%(40. 80%) ) BD-Rate 4 25 ; [7] i}, JF 42 75 1=
WAL T Akhtar 25 A (2024) () 773 , 76 PSNR D1 _F5F
¥4 34. 80% 1Y) BD-Rate 34 %5 o

AN, A VR 7E 24 K% 41 9 R-D il &
WELS s, Hor, 20 i 8 AR A g i ik, i
o g bR 4243 9 8 Fan 48 A (2022) | Akhtar
2N (2024) Xia %5 A (2023) A 7k, b (0 FN 85 €2 il
£ 73 R V-PCC 1 GeS (inter) . 84K , 7EHLIE Y
MPEG CTC i 25 F b, Brd th 19 7 i AR 3 v 1) L
FERIE BN LT 7k DA B S g 4 Rk — 20k
SET TR TR AR B A B R SR A AT A TR
AR

F1 AR ELE S EESZWIEFR PSNR D171 PSNR D2 /)4 BD-Rate 1 55
Table 1 The average BD rate gain of different dynamic compression methods on objective indicators PSNR D1 and PSNR D2

1%

S S Basketball Dancer Exercise Model 14
vox10 vox10 vox10 vox10

GeS(Lasserre Fll Taquet , 2023 ) -94.29 -94.04 -94.72 -93.50 -94.14
V-PCC(Schwarz%:,2019) -81.94 -83.57 -81.55 -84.66 -82.93
Fan %5 A (2022) PSNR D1 -26.25 -26.74 -14.66 -22.49 -22.54
Akhtar % A (2024) -32.71 -37.61 -32.08 -36.78 -34.80
Xia % A (2023) -16.33 -18.83 -9.13 -12.55 -14.21
GeS(Lasserre Fll Taquet,2023) -97.36 -96.53 -97.86 -94.91 -96.67
V-PCC(Schwarz%:,2019) -72.81 -73.41 -72.63 ~71.43 -72.57
Fan % A (2022) PSNR D2 -30.93 -31.54 -18.85 -25.57 -26.72
Akhtar % A (2024) - - - - -
Xia %% A (2023) -42.61 -43.80 -40.21 -36.58 -40.80

T2 =" IR N SCHR T R X IZ IR AR R AR DG L .

2.3 HRRSEIE

M TR B B A R ARG T T £
ZH I Rl S5, 7E Owlii M 08 A2 1 H 38 i B2 07 vk % L
T T ANN B9 HFRBFIE R AR e i 3 T 5 1
) I I MTARR AF B2 OB B () BD-Rate 3 25, AKX L
giRmE 2N . Hi wio TKFA Fn 28 3L T
ENN 89 H b4 B S HH  w/o concat /28 AL T
GARBY RS WURPAE SR s B . 4551 R R4 7 vk xs
e 24538 T ENN (19 H FR R 1R 2R G B 7E PSNR D1
AD2 FFHIA 10. 95% Al 11. 63% ) BD-Rate 14 25 ,
S ) 5 B L e T AR A I JS IR i B2 R

FEHeHE PSNR D1 A1 D2 45 5. 03% Fi15. 52% 1 BD-
Rate H 55 . X W], 52T ENN A HARFRE 5 A H bk
NS T LAY I WA 3 BRURS B AT A — 2 7
JE 4R 2 Bh A A 2 T R] U
2.4 EFELER

9T UE B TR IR AT A AT L
TR 5 0 G A R] , E AH [ (4 525657 13 Intel
Core i7-8700K CPU, 32 GB N /£, NVIDIA GeForce
RTX 3090GPU (#3153 #L_E I i Ak Ry 10 o AehG
(1) 8iVFB 4l £ 400 i , Jf- >R F- ¥ g itiz A7 i ], B
RN HE 25 SN 3 T m o FIrdR A0 Bh 25 05 = R 4
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Fig.5 Comparing R-D curves of different methods on multiple datasets
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Table 2 Comparison of structural ablation experiment results

/%
ZEH T FERR Basketball vox10 Dancer vox10 Exercise vox10 Model vox10 Sy
w/o TKFA -11.67 -7.03 -13.37 -11.73 -10.95
PSNR D1
w/o concat -5.73 -2.14 -7.60 -4.66 -5.03
w/o TKFA -12.29 -7.89 -14.15 -12.18 -11.63
PSNR D2
w/o concat -6.12 -2.32 -8.23 -5.39 -5.52

PLas AT iR /N T V-PCC, 3X A& 1 T V-PCC 7E S AT
YR Y B B R A X L Fan A
0. 2 s/t , {L B T Akhtar Fil Xia B9 7% ; X H MPEG
P2 B AD )7 15 GeS (inter ) {UIS A AE K 1 i 47 A H]
X5 H AR AR IR AR LR AT A2 1 . 1t
Hb % U RIBE T2 2 B ik R RN 25 R n gk 4
iR FHET SRR/ N 2.5 MB, x5 B AT k5
{14 TR 2 T R B 2 > 1) 7 i WSS R R /N Ak T ] — 7K
T AP AR B AEACR IS T B AT

3 AEZELSF RN 5 i 2% 5D R )

Table 3 Average encoding and decoding time of different

dynamic compression methods on test sequences

/(s/ft)

Tk g g Bt
V-PCC(Schwarz % ,2019) 81.01 1.25 82.26
GeS(Lasserre Fll Taquet 2023 ) 0.77 0.11 0.88
Fan 2§ A (2022) 0.96 1.04 2.00
Xia 55 A (2023) 0.87 0.87 1.74
Akhtar % A (2024) 047 0.68 1.15
A 079 101 1.80

x4 FAEEFEINFTERERRN
Table 4 Model sizes for different learning based methods

ik IR K/ IVMB
Fan %% A(2022) 2.83
Akhtar 28 A\ (2024) 2.03
A3 2.50
3 &

AR SR — P IR 5~ B A8 R = R4 5

L, BRI R AN Bh A s R AR IR T S~ T A
Fikk, FTEEITIALGE A T X5 8 205 6 BURRIE 3 I
S AR ABSRRAE S BRI B N B R AN [
iz By B A 2 A ot (B REAE A B, DA T i g R A1 4 B
R PR DL G-PCC I i i 28 R4 F RAE IS
B AR AR B, LUR AR is 28 48 Ak 5 3R 2215 B 9T
i 3b AL T A B S R v o 0 T S S =
TRZE B IE & AR T4 0 s A ROR . il
FEMPEG fi = 462 R s HEAE A B 4 1 kA7 5200
B E R B T BT O vk HAT 3 i Y R 48 ORI AR
(52 A= 0T Sebr i BT RAFIFE S 8 L. It
Ab T EE T VA T A 35 4 K 2B A8 sl s 5 4R .
SR, BRE I, 7F 45 2538 sl B 2k Kk, ir 4y i ]
Al 2 B ENN B 0 ¢ R TR A s o . I
I, AR — A5 D7 AT XA SR B B B
SR AN T LiDAR 5 2= EA7 Sh A TR 45
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