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Abstract

3D point clouds are widely used in applications such as autonomous driving and augmented reality, and Video-based Point Cloud 
Compression (V-PCC) has been the primary approach for compressing such data. V-PCC projects 3D data onto two-dimensional (2D) 
images and compresses them using traditional video coding standards. In this study, we propose replacing conventional codecs with a 
neural network–based model, Deep Contextual Video Compression (DCVC), to compress 2D attribute images of point cloud. To 
adapt DCVC, originally trained on natural images, to attribute images, the proposed method employs an N-stage cascaded training 
strategy for fine-tuning, Experimental results on MPEG-I Common Test Condition sequences show that the proposed model achieves 
an average BD-rate gain of 28.00% over the baseline DCVC model and provides superior reconstruction quality, even at low bitrates. 
These findings demonstrate the feasibility of deploying learned video codecs for point cloud compression. 

Keyword : Point Cloud Compression, Video-based Point Cloud Compression, Deep Contextual Video Compression, 
N-stage cascaded training strategy

Ⅰ. Introduction

A point cloud is a data format used to represent objects, 
surfaces, or environments in three-dimensional (3D) space, 
consisting of a set of points distributed within that space. 
Recently, point cloud services have expanded beyond tradi-
tional graphics and augmented reality to location-based ap-

plications such as autonomous driving[1], further emphasiz-
ing their importance. However, point cloud data contains 
a vast number of points, resulting in large data sizes, and 
efficient storage and transmission have become critical 
challenges. To address this issue, point cloud compression 
techniques are essential[2].

Reflecting this demand, the Moving Picture Experts 
Group (MPEG) under ISO/IEC JTC 1 developed the 
Video-based Point Cloud Compression (V-PCC) stand-
ard[3]. V-PCC projects 3D point clouds into two-dimen-
sional (2D) images, generating attribute images that repre-
sent color and texture information, geometry images that 
encode depth information, and occupancy maps that in-
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dicate the spatial occupancy of points[4]. These 2D images 
are then compressed into bitstreams using traditional video 
codecs for transmission or storage.

V-PCC is codec-agnostic, allowing for the application of 
various video codecs[5]. This flexibility highlights the poten-
tial of incorporating recently emerging learned video codecs 
into V-PCC[6]. However, existing learned video codecs are 
primarily trained on natural images and therefore fail to fully 
capture the irregular and nonuniform characteristics of attrib-
ute images in point clouds. Considering this limitation, en-
abling learned codecs to adapt to the properties of the pro-
jected images of point cloud data would significantly en-
hance their contribution to V-PCC compression.

In this study, we propose an effective method of apply-
ing Deep Contextual Video Compression (DCVC)[7], a 
learned video codec, to the attribute image compression in 
V-PCC. DCVC leverages convolutional neural networks 
(CNNs) to capture spatial and temporal contexts in detail 
and jointly optimizes the encoder and decoder in an 
end-to-end manner, thereby achieving high compression ef-
ficiency and reconstruction quality. These characteristics 
allow it to preserve essential details in point cloud attribute 
images while effectively reducing redundant information 
during compression.

To address the limitations of existing DCVC models trained 
on natural images, this study fine-tunes DCVC on point cloud 
attribute images containing color and texture information, lead-
ing to improved compression efficiency optimized for attribute 
images. Moreover, by introducing an optimized training strat-
egy, this study demonstrates the feasibility of applying learned 
video codecs to point cloud compression.

Ⅱ. Proposed method 

1. V-PCC with a Learned Video Codec 

In this study, we propose a method to efficiently com-
press attribute images in V-PCC by projecting 3D point 
clouds into two-dimensional (2D) attribute images and em-
ploying DCVC, a learned video codec. Conventional V-PCC 
adopts signal processing–based video codecs as the standard 
for data compression, with High Efficiency Video Coding 
(HEVC, H.265)[8] being the most representative example. 
However, because V-PCC is not tied to a specific codec, it 
has the flexibility to incorporate different codecs. This prop-
erty highlights the potential of integrating recently emerging 
learned video compression methods into V-PCC.

Fig. 1. V-PCC Encoder structure using Learned Video compression for 2D attribute image of point cloud
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Attribute images, in particular, are characterized by ir-
regular boundaries and nonuniform object distributions, 
making it difficult for codecs trained on natural images to 
capture these features adequately. By training the codec 
specifically on attribute images, these limitations can be 
overcome, enabling more efficient compression. To this 
end, we employ DCVC and train it to adapt to the unique 
characteristics of attribute images, thereby improving both 
compression efficiency and reconstruction quality.

Figure 1 illustrates the overall point cloud compression 
framework proposed in this study. The input point cloud 
is projected into 2D images consisting of attribute images, 
geometry images, and occupancy maps. In this study, 
DCVC is first applied to attribute images as a representa-
tive case to verify the feasibility of learned video com-
pression within the V-PCC framework, while geometry and 
occupancy images are encoded using HEVC following the 
conventional pipeline. The outputs are then multiplexed to 
generate the final compressed bitstream.

2. Training of Deep Contextual Video 
Compression

DCVC is trained end-to-end using a rate–distortion ob-
jective, where different quality levels are obtained by vary-
ing the parameter  during training. Because each  pro-
duces a distinct operating point, multiple DCVC models 
are typically trained independently to cover various bitrate- 
quality levels. In addition, DCVC training is computation-

ally demanding, as each model is optimized from scratch 
using a large-scale video dataset. These characteristics 
highlight the need for more efficient training procedures. 
The three strategies proposed in this work are designed to 
reduce training cost and improve flexibility while maintain-
ing the baseline DCVC framework.

In this study,  we present three training strategies to im-
prove the attribute image compression performance of 
DCVC. The first strategy is to train the learned video codec 
specifically for 2D attribute images. DCVC is trained on 
the color and texture information of 2D attribute images 
generated from 3D point clouds, thereby reinforcing its 
ability to learn the spatial and temporal characteristics of 
attribute images. Unlike natural images, attribute images 
exhibit irregular and unique patterns; thus, customized 
training data are constructed to optimize the DCVC model.

DCVC has a strong ability to capture spatial and tempo-
ral correlations across frames, and by applying this to at-
tribute images, it can efficiently compress the fine details 
of projected point clouds, reduce information loss, and im-
prove reconstruction quality. The training data for the 
DCVC model consist of 2D attribute images derived from 
the 3D point cloud datasets provided by MPEG-I[9]. As 
shown in Figure 2, these images are generated by projec-
ting point cloud attributes onto a 2D plane using a V-PCC 
encoder, with each pixel containing 3D attribute information 
such as color and texture. This setup provides an effective 
environment for DCVC to learn point cloud data.

The dataset used for training is described in detail in 

Fig. 2. Example of 2D attribute images that project 3D attribute information
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Table 1 and is designed to reflect diverse data characteris- 
tics. To improve the generalization performance of the 
model and prevent overfitting, data augmentation[10] was 
applied. Specifically, random cropping to a resolution of 
256×256, vertical flipping, and horizontal flipping were 
employed. Using the augmented dataset, the DCVC model 
is trained to enhance learning efficiency and represent point 
cloud data more accurately.

Dataset name frames fps Number of Points
Levi 150 30 ~1,040,000

Thomas 300 30 ~1,050,000
Football 300 30 ~1,110,000

Mitch 300 30 ~1,280,000
Exercise 300 30 ~608,000
Model 300 30 ~810,000

Thaidancer 300 30 ~3,100,000

Table 1. Point cloud train dataset

DCVC requires separate training for multiple quality lev-
els, which leads to significant computational cost and long 
training time. In addition, independently training each mod-
el can cause inconsistent convergence behaviors across dif-
ferent operating points. To address these limitations, we in-
troduce two complementary ideas: the second strategy re-
duces training time through a cascaded training scheme, 
and the third strategy adjusts the set of quality levels to 
avoid unnecessary model training while retaining perform-
ance at relevant bitrates.

The second strategy aims to shorten training time by re-
placing the auto-regressive training scheme of the original 
DCVC with the “N-Stage-Cascaded” approach introduced 
in Temporal Context Mining for Learned Video 
Compression (DCVC-TCM)[11]. While the conventional au-
to-regressive model achieves strong compression perform-
ance through context modeling, it suffers from lengthy 
training time because the prediction of the current context 
from the previous one is performed sequentially. To ad-
dress this limitation, the training process is divided into 
multiple stages, and the number of frames processed in 

each stage is gradually increased. Each stage consists of 
a training mode, a learning rate[12], and the size of the de-
coded picture buffer (DPB), which are applied 
independently. The training modes are organized into four 
stages: (1) minimizing the distance between predicted and 
ground-truth motion vectors to improve motion estimation 
accuracy[13]; (2) optimizing the compression efficiency of 
motion vectors; (3) training with consideration of both sim-
ilarity between reconstructed and original frames and the 
number of bits consumed; and (4) integrating all previous 
steps to jointly optimize reconstruction quality and com-
pression efficiency. These training modes are sequentially 
applied throughout the overall training process.

The third strategy involves controlling the quality level 
of DCVC for efficient compression. In video compression, 
the quality level determines the trade-off between bitrate 
and reconstruction quality. To balance computational effi-
ciency and model specialization at different quality levels, 
the training process is divided into two phases. In the initial 
phase, the model is trained at high quality levels to pre-
serve fine details, while in the fine-tuning phase, the model 
is adapted to lower quality levels. The two phases differ 
in terms of stage configuration and training mode 
application. Specifically, in the initial phase, greater em-
phasis is placed on training modes 1 to 3 to adequately 
learn motion vector estimation and reconstruction quality. 
In contrast, the fine-tuning phase builds upon the 
high-quality model from the initial phase and applies only 
the fourth training mode to prevent unnecessary overfitting. 
Furthermore, the DPB size is increased in the fine-tuning 
phase to allow reference to a wider temporal range. 
Different learning rates are also applied: a uniform learning 
rate across all stages in the initial phase, and a lower rate in 
the fine-tuning phase for more precise model optimization.

The loss function for training DCVC follows the princi-
ple of Rate-Distortion Optimization (RDO)[14], defined as:

   (1)
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where  is a hyperparameter that balances the distortion
( ) between the original and reconstructed attribute i-
mages and the bitrate cost() predicted by the entropy 
model. DCVC is trained using five quality levels, with  
values set to {128, 256, 512, 1024, 2048} during training. 
The proposed training strategies are expected to optimize 
the performance of the learned video codec by adapting to 
the characteristics of 2D attribute images generated in 
V-PCC, thereby improving both compression efficiency 
and reconstruction quality.

Ⅲ. Experiments 

For performance evaluation, we used sequences from the 
Common Test Conditions (CTC)[15] provided by MPEG-I, 
specifically Queen, Redandblack, Loot, and Soldier from 
Category A, and Longdress from Category B. To quantita-
tively assess the effectiveness of fine-tuning on attribute 
images in V-PCC, two models were built: a natural image
–based DCVC (Base Model) and an attribute image–
based DCVC (Ours Model). The Base Model was 
fine-tuned on the Vimeo-90k dataset[16] consisting of natu-
ral images, while the Ours Model was fine-tuned on a data-
set of 2D attribute images derived from point clouds. Both 
models share the same network architecture and training 
settings, with the only difference being the training dataset.

To validate the efficiency of the proposed training strat-
egy, we compared the coding performance of the Base 
Model, the Ours Model, and the traditional codec HEVC 
with two presets (x265 veryslow and x265 veryfast)[17], us-
ing reconstruction quality in the attribute image domain—
that is, the 2D packed representations of point clouds—as 
the evaluation criterion. The rate–distortion (RD) curves 
showing the relationship between Peak Signal-to-Noise 
Ratio (PSNR)[18] and bits per pixel (BPP) for the three 
models are presented in Figure 3.

Fig. 3. RD-Curve Comparison for Cat-A and Cat-B: Base Model, Ours 
Model, and HEVC (H.265) Presets

To enable a fair comparison between the learned models 
and the signal processing-based codec, the rate points are 
selected according to the native contral parameters of each 
compression framework. For the learned models (Base 
Model and Ours), rate points are generated using the five 
predefined DCVC quality levels corresponding to   values 
of {128, 256, 512, 1024, 2048}. In contrast, the HEVC co-
dec is evaluated using two x265 presets (veryslow and 
veryfast), where QP values of {22, 27, 32, 37, 42} are se-
lected to span a bitrate range comparable to that of the 
learned models. Although the two systems rely on different 
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rate-control mechanisms, aligning their output bitrates in 
this manner allows for a fair and meaningful comparison 
of rate–distortion performance.

Under the same bitrate conditions, the Ours Model gen-
erally achieved higher PSNR across most bitrate ranges 
compared to the Base Model, demonstrating superior re-
construction quality. In addition, the results confirmed that 
performance remained stable across different quality levels. 
The quantitative performance metrics of the two models are

Cat-A Cat-B

Loot Redandblack Soldier Queen Longdress

BD-rate
[%]

-20.65% -56.54% -19.49% -7.73%
-35.61%

-26.20%

-28.00%

Table 3. BD-Rate of the RD Curves for the Base Model and Ours 

 

presented in Table 2, and the Bjøntegaard Delta-rate 
(BD-rate)[19] analysis results are summarized in Table 3. 
The Ours Model achieved an average BD-rate gain of 
28.00% over the Base Model, demonstrating its capability 
for more efficient compression.

Figure 4 presents a visual comparison of the r-
econstructed attribute images, showing that the Ours Model 
reconstructs color and texture details more accurately than 
the Base Model. This observation is consistent with the 
quantitative analysis results and further supports the super-
ior reconstruction quality achieved by the proposed 
method.

Meanwhile, the proposed model consistently improved 
PSNR across all BPP ranges compared with the Base 
Model, but its performance was comparable to the veryfast 
preset of HEVC (H.265) and somewhat lower than the ve-

Cat-A Cat-B
PSNR BPP PSNR BPP

Base Model Ours Base Model Ours Base Model Ours Base Model Ours
Rate 1 33.999 33.916 0.018 0.014 30.671 30.278 0.041 0.032
Rate 2 35.675 35.767 0.022 0.018 31.695 32.414 0.056 0.045
Rate 3 37.313 37.529 0.035 0.026 33.392 34.143 0.088 0.069
Rate 4 38.656 39.244 0.056 0.039 34.870 35.677 0.138 0.102
Rate 5 39.868 40.981 0.079 0.060 36.017 36.952 0.189 0.149

Table 2. PSNR and BPP of the RD-curves for the Base Model and Ours Model

Fig. 4. Reconstruction Results for Each Trained Model: Original Video, Base Model’s Reconstruction, and Ours Reconstruction 
(from left to right)
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ryslow preset. These results indicate that the proposed mo-
del still has certain limitations in comparison with the trad-
itional signal processing–based codec HEVC. Neverthe- 
less, research on learned video codecs has been rapidly a-
dvancing, with continuous improvements in performance. 
Therefore, if a learned video codec with higher perfor-
mance than DCVC were adopted as the base model, further 
performance gains could be expected.

Table 4 presents the End-to-End BD-AttrRate evaluation 
results comparing the attribute compression performance of 
the Ours Model with the Base Model. This metric quantita-
tively evaluates attribute compression performance by re-
flecting the correlation between bitrate and reconstruction 
quality in 3D point clouds. The experiments were con-
ducted under the 32-frame Random Access (RA) config-
uration of the V-PCC standard[20].

Category Sequence
End-to-End BD-AttrRate [%]

Luma Chroma Cb Chroma Cr

Cat-A

Loot -0.2% 79.3% 3.0%
Redandblack -40.4% -62.3% -36.5%

Soldier -9.4% -5.7% 32.1%
Queen 42.9% 87.7% 197.7%

Cat-B Longdress -20.6% -29.9% -23.8%
Cat-A average -1.8% 24.7% 49.1%
Cat-B average -20.6% -29.9% -23.8%

Overall average -5.5% 13.8% 34.5%

Table 4. End-to-End BD-AttrRate Results for 3D Point Cloud 
Sequences

The results show that, while the Ours Model exhibited 
average performance degradation of 13.8% and 34.5% in 
Chroma Cb and Cr, respectively, it achieved a 5.5% im-
provement in Luma. Considering the relative importance of 
Luma and Chroma, the Ours Model can be regarded as 
showing an overall trend of meaningful performance im-
provement compared with the Base Model.

On the other hand, the results in Table 4 indicate a 
smaller gain than those observed in the 2D re-
construction-based evaluation. This difference can be at-
tributed to the evaluation criteria: whereas 2D evaluation 

measures quality across the entire image area, 3D evalua-
tion considers only the quality within the occupancy region 
of 2D attribute images. For instance, in the Queen se-
quence, even though the non-occupancy regions were re-
constructed with high visual quality, those areas do not cor-
respond to the point cloud and are thus excluded from the 
3D quality assessment, leading to lower overall perform-
ance metrics.

To overcome this limitation, improvements in network 
architecture and optimization strategies that explicitly in-
corporate occupancy information during training are 
required. Incorporating occupancy-aware training would al-
low the model to better capture the characteristics of 
V-PCC data and, ultimately, lead to enhanced attribute 
compression performance for 3D point clouds.

Ⅳ. Conclusion

In this study, we demonstrate the feasibility of deploying 
learned video codecs for point cloud compression and pro-
posed an approach to enhance the compression perform-
ance of both 2D attribute images and 3D point cloud data 
by improving the training strategy of the DCVC model. 
Experimental results demonstrated that the proposed strat-
egy achieved superior efficiency in 2D video coding, with 
overall PSNR improvements over the Base Model as 
shown in the RD-curve. In addition, BD-rate analysis con-
firmed its effectiveness by reporting an average gain of 
28.00%.

In comparison with HEVC (H.265), the proposed model 
achieved performance comparable to the veryfast preset but 
somewhat lower than the veryslow preset. These results 
suggest that the proposed training strategy holds strong po-
tential for further improvements if applied to more ad-
vanced learned video codecs. They also provide positive 
implications regarding the applicability and scalability of 
learning-based video compression techniques.
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In terms of 3D point cloud attribute quality, the improve-
ments were relatively modest compared with those ob-
served in 2D packed image quality. This is because only 
the occupancy regions of 2D attribute images determine the 
quality of 3D point clouds. To overcome this limitation, 
future work should focus on network architectures and op-
timization strategies that explicitly incorporate occupancy 
information during training. In addition, while this study 
employs the original DCVC as the baseline, applying the 
proposed training strategy to more advanced variants—such 
as DCVC-TCM[11], Neural Video Compression with 
Diverse Contexts (DCVC-DC)[21]—is an important direc-
tion for future research. Exploring these models may fur-
ther improve both 2D attribute image compression eff-
ciency and 3D point cloud reconstruction quality.
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