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Abstract – Point cloud videos play a crucial role in immersive applications enabled by holographic‑type communication,
which has been identiϔied as an important service for 6G and beyond wireless systems and the metaverse. The signiϔicant
volume of point cloud video demands efϔicient compression and transmission techniques to support the Quality of Experience
(QoE) requirements of real‑time immersive applications. A few Point Cloud Compression (PCC) techniques, such as MPEG PCC
and Draco, have emerged in recent years, and studies have shown that each technique has its strengths andweaknesses under
different system settings. This paper proposes amulti‑codec rate adaptive point cloud streamingmethod to satisfy the QoE re‑
quirements of interactive and live applications considering available system resources. The proposed method leverages three
common PCC techniques: MPEG V‑PCC, MPEG G‑PCC, and Draco. The performance of each PCC technique is evaluated under
various test conditions, and then estimation models are constructed to predict the bit rate, the decoding time, and the quality
of the reconstructed point cloud. Based on the user’s quality requirements and available computational and communication
resources, the proposed streaming method selects a codec along with appropriate compression parameters that can provide
the minimum latency for streaming. Evaluation results demonstrate that the proposed method can provide better QoE than
benchmark methods under various bandwidth and computation scenarios.
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1. INTRODUCTION
Holographic‑Type Communication (HTC), which can send
holograms and other multisensory data through wireless
and wired networks to remote locations, has been identi‑
ϐied as an important service for 6G wireless systems and
the metaverse [1]. A hologram is a recording of a light
ϐield that captures the original properties of depth and
parallax of real 3D objects and humans. Nowadays, a
point cloud is the most favored representation of holo‑
grams. A point cloud is a set of 3D points, where each
point is associated with a geometry position and addi‑
tional characteristics like color and reϐlectance. Point
cloud videos can easily support 6 Degrees of Freedom
(6DoF) immersive viewing experience, either through
head‑mounted displays or for naked eyes through light
ϐield displays. Point cloud videos are expected to ad‑
vance theuser experienceovermultiviewvideos and360‑
degree videos for a wide range of HTC and metaverse ap‑
plications, such as education, healthcare, entertainment,
and holographic telepresence [1, 2, 3].

The signiϐicant volume of point cloud videos poses chal‑
lenges in terms of processing, storage, and efϐicient trans‑
mission. For instance, transmitting a 0.7 million point
cloud per 3D frame at 30 frames per second requires a
bandwidth of around 500 MB/s [4]. Several Point Cloud
Compression (PCC) techniques have emerged in recent

years to address this challenge [5, 2, 6, 7]. MPEG Video‑
based Point Cloud Compression (V‑PCC) and Geometry‑
based Point Cloud Compression (G‑PCC) are the major
standards for point cloud compression [2]. V‑PCC con‑
verts point clouds into 2D patches and utilizes existing 2D
video codecs (e.g., High Efϐiciency Video Coding (HEVC))
to compress them. G‑PCC directly encodes content in the
3D space based on geometry presentation and attribute
transformation. The Draco software library developed
by Google compresses meshes and point clouds using KD
tree formation together with quantization and entropy
coding [5]. A few deep learning‑based point cloud com‑
pression techniques have also been proposed, which uti‑
lize neural networks to learn the underlying patterns and
structures in a point cloud to efϐiciently represent it with
fewer bits [8, 9, 10]. In [11], these PCC methods were
compared in terms of compression ratio, processing time,
and quality of the reconstructed point clouds, and the
results showed that each method has its strengths and
weaknesses in different test conditions, which suggested
the need in selecting or combining techniques to address
application‑speciϐic constraints.

Adaptive streaming methods have been proposed to
transmit pre‑recorded or stored point cloud videos to
meet users’ Quality of Experience (QoE) requirements.
Originating frommulti‑viewpoint andVRvideo streaming
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applications, a common method for point cloud stream‑
ing is based on tiling: a 3D video stream is split into tiles
in space, and a user can decide which areas of a scene
to download at higher qualities to avoid wasting commu‑
nication resources. Park et al. devised a method to re‑
duce the bandwidth consumption by employing 3D tiles
and adapting their level of detail based on the user’s view
[12]. They introduced a rate‑utility optimization algo‑
rithm to allocate bits among tiles, considering represen‑
tation quality, level of detail, and the user’s device res‑
olution and viewpoint while minimizing latency. Li et
al. proposed a strategy for resource allocation in QoE‑
driven point cloud video streaming considering limited
resources and selecting quality levels for each segmented
point cloud video tile [13]. Wang et al. proposed an adap‑
tive streaming approach for point cloud data transmis‑
sion that enhances user QoE and reduces transmission
redundancy. It incorporates factors like the user’s view
frustum, tile occlusion, and rendering device resolution
to model the QoE of each 3D tile [14].

The success of tile‑based streaming methods relies on
accurate prediction of a user’s behavior or viewing an‑
gle. Although viewing angle prediction has been well
studied in VR and 360‑degree video streaming systems,
user behaviors in point cloud video systemsbecomemore
complicated and difϐicult to predict due to the enriched
6DoF, where users can change not only the viewing an‑
gles but also the distances from the scene. Furthermore,
the aforementioned tile‑based methods are designed for
the streaming of stored point clouds, and it is more chal‑
lenging for interactive and live streaming applications to
predict and adjust to user behaviors under stringent time
constraints. The tile‑based streaming methods are also
limited for the use case of accommodating multiple users
and multiple viewpoints at one destination.

In our study, we aimat providing a holistic visualization of
an entire point cloud at a destination for interactive and
live applications. We propose to exploit the characteris‑
tics of existing PCC methods to design a multi‑codec rate
adaptive point cloud streamingmethod to satisfy the QoE
requirements of holographic‑type communication. The
contributions of our work are as follows:

• Weconducted a systematic comparisonof three com‑
mon PCC technologies (MPEG V‑PCC, MPEG G‑PCC,
andDraco) using different point cloud content at var‑
ious spatial resolutions. PCC techniques could in‑
volve high computational time to achieve good com‑
pressionperformance,which cannot beneglected for
interactive and live applications. Therefore, the per‑
formance of each PCC technique was tested in terms
of computational complexity and compression per‑
formance, counting in both computation and com‑
munication delays. Based on the test results, we
have developed accurate prediction models for the
bit rate, the decoding time, and the quality of the re‑
constructed point cloud for the three codecs.

• We have designed a multi‑codec rate adaptive point
cloud streamingmethod using the developed predic‑
tion models. Based on the user’s quality require‑
ments and available computational and communica‑
tion resources, the proposed streaming method se‑
lects a codec alongwith appropriate compressionpa‑
rameters that can provide the minimum latency for
streaming. We have evaluated the proposed method
based on various streaming scenarios considering
different computational and bandwidth constraints.

The subsequent sections of this paper are organized as
follows: Section 2 shows our preliminary study on com‑
parison of point cloud codecs V‑PCC, G‑PCC and Draco.
Section 3 introduces the proposed bit rate, decoding time,
and quality estimation models followed by the multi‑
codec rate adaptive streaming method. Section 4 shows
the performance evaluation of the proposed method, and
ϐinally Section 5 concludes the paper.

2. PRELIMINARY STUDY
We have conducted a comprehensive study comparing
PCC methods based on coding experiments across vari‑
ous point cloud videos. In the rest of this section, we in‑
troduce the dataset, the evaluation methodology, and the
test results for this comparison.

2.1 Dataset and evaluation methodology
Our study selected 10 point cloud videos from the fol‑
lowing three public datasets: Microsoft Voxelized Upper
Bodies (MVUB)[15], 8i Voxelized Full Bodies (8iVFB)[16],
and Owlii Dynamic Human Textured Mesh Sequence
(ODHTMS)[17]. The selected point cloud videos, which
are summarized in Table 1, include varying spatial and
temporal details and three different resolutions: 512,
1024, and 2048. The dataset consists of human subjects,
both full‑body and upper‑body, and included both geo‑
metric and color properties. Prior research in the ϐield
of point cloud codec comparisons utilized these identical
datasets [11, 18, 19], and they were similarly employed
in examining solutions for point cloud streaming [13, 20,
21, 22].

We performed compression and streaming experiments
on the point cloud videos using a testbed with client‑
server architecture. The server is a high‑performance PC
with Ubuntu 18.04.5 LTS, an Intel Core i9‑7900X CPU @
3.30GHz × 20, NVIDIA TITAN Xp/PCIe/SSE2, and 64GB
RAM. It uses Python Flask and Nginx server, which is an
open‑source software offering support for web serving,
load balancing, caching, and media streaming function‑
alities [23]. The client is a Python script running on an
ofϐice laptop with Ubuntu 18.04.6 LTS, an Intel® Core™
i5‑5200U CPU @ 2.20GHz × 4, Intel® HD Graphics 5500,
and 16GB RAM. The server encodes a point cloud video
and sends it to the client, and the client decodes the video
and renders it for display.
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Table 1 – Point cloud videos dataset

Name Spatial Resolution No. of Frames Avg. No. of Points
Andrew9 512 318 279664
Sarah9 512 207 302437

Andrew10 1024 318 1276312
Sarah10 1024 207 1355867
Loot 1024 300 784142

Redandblack 1024 300 729133
Longdress 1024 300 765821
Soldier 1024 300 1059810

Basketball_player 2048 600 2880057
Dancer 2048 600 2592758

We evaluated the performance of three point cloud com‑
pression codecs: MPEG V‑PCC, MPEG G‑PCC, and Draco.
The encoding parameters are shown in Table 2. For
each encoder, each point cloud video was encoded us‑
ing ϐive bit rate settings with lossy compression. For V‑
PCC, the point clouds were encoded in intra mode ac‑
cording to the MPEG V‑PCC common test conditions [24]
using MPEG V‑PCC v11. V‑PCC utilizes three parame‑
ters to control the resulting bit rate: GeometryQP(GQP),
AttributeQP(AQP), and OccupancyPrecision(OP). For G‑
PCC, the G‑PCC v14 with octree‑predlift coding mode for
lossy geometry and color coding was applied under the
MPEG G‑PCC common test conditions [24]. G‑PCC could
adjust the rate through two parameters: PositionQuan‑
tizationScale(PQS) and qp(QP). The Google Draco v1.5.6
software was used for this experiment. For Draco, the pa‑
rameter QP controls the bits allocated for position quan‑
tization, and similarly the parameter QT controls the bits
for coordinate texture attributes.

2.2 Preliminary evaluation results
We performed a comprehensive evaluation of the three
PCC methods by assessing the compression ratio, the
quality of reconstructed point clouds, as well as the pro‑
cessing time and transmission latency under different
bandwidth settings.

First, for fair comparison, we selected the rate proϐiles of
the three PCC methods that result in comparable quality
of the reconstructed point clouds. We utilized the PSNR
D2 (point‑to‑plane Peak Signal‑to‑Noise Ratio) metric to
evaluate the quality of the reconstructed point cloud com‑
pared to the original point cloud [24] [25]. All the point
cloud videos with the same spatial resolution in Table 1
were encoded using V‑PCC, G‑PCC, and Draco at the ϐive
rate proϐiles, and then the average values were consid‑
ered. After averaging the results, one rate proϐile was se‑
lected for each codec at each spatial resolution based on
similar PSNRD2 valueswith theminimum standard devi‑
ation. Table 3 shows the selected rate proϐiles.

Under the selected proϐiles that generate a similar qual‑

ity of point clouds, the decoding times and the Compres‑
sion Ratios (CR) of the three codecs are summarized in
Table 4, with both average and standard deviation val‑
ues obtained from our dataset. Draco has the lightest de‑
coder, resulting in the smallest decoding time compared
to V‑PCC and G‑PCC at all spatial resolutions, with decod‑
ing recorded below 1 second for all spatial resolutions.
Compared to V‑PCC, although G‑PCC resulted in a smaller
decoding time at a lower spatial resolution (512), it in‑
creased signiϐicantly at resolutions of 1024 and2048. The
decoding times for V‑PCC did not change much when the
resolution increased from 1024 and 2048. On the other
hand, Draco resulted in much lower compression perfor‑
mance (lower CR values) compared to V‑PCC and G‑PCC
at all resolutions. V‑PCC performs impressively at higher
resolutions, while G‑PCC shows minor deviations with‑
out notable improvement. V‑PCC’s CR is over 10 times
higher than G‑PCC’s at 2048 resolution and about ϐive
times higher at 1024 resolution. This is due to V‑PCC’s
advanced 2‑D video encoding method for 3‑D point cloud
compression. Therefore, an encoder with a higher CR
can generate a smaller bitstream that can be transmitted
faster, but at the expense of a longer decoding time.

For processing time estimation, we focused on decoding
time. In on‑demandpoint cloud streaming, the time taken
for encoding is a crucial factor. We omitted it while calcu‑
lating the total latency, assuming the existence of a high‑
performance server that can handle real‑time encoding.
This assumption allowsus to assess the efϐiciency of other
components in the streaming pipeline, such as network
transmission and decoding, as they signiϐicantly impact
on the overall user experience. The total latency, includ‑
ing the processing time and the transmission time, is es‑
timated by:

𝑇 𝑜𝑡𝑎𝑙 𝐿𝑎𝑡𝑒𝑛𝑐𝑦 = 𝑇 𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑡𝑖𝑚𝑒 + 𝐶𝑜𝑚𝑝𝑢𝑡𝑎𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒

= 𝐵𝑖𝑡𝑠𝑡𝑟𝑒𝑎𝑚 𝑠𝑖𝑧𝑒
𝐵𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ + 𝐷𝑒𝑐𝑜𝑑𝑖𝑛𝑔 𝑇 𝑖𝑚𝑒

(1)

To study the effect of different bandwidths on total la‑
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Table 2 – Encoding parameters for V‑PCC, G‑PCC and Draco

Rate V‑PCC Rate parameters G‑PCC Rate parameters Draco Rate parameters
Proϐile GQP AQP OP PQS QP QP QT
R1 32 42 4 0.125 51 7 6
R2 28 37 4 0.25 46 9 8
R3 24 32 4 0.5 40 11 10
R4 20 27 4 0.75 34 15 14
R5 16 22 2 0.875 28 15 14

Table 3 – Selected rate proϐiles for comparison for 512, 1024 and 2048 spatial resolution

Codec 512 Spatial Resolution 1024 Spatial Resolution 2048 Spatial Resolution
Rate
Proϐile

Avg. PSNR
D2

Std.
Dev.

Rate
Proϐile

Avg. PSNR
D2

Std.
Dev.

Rate
File

Avg. PSNR
D2

Std.
Dev.

V‑PCC R3 64.91 0.23 R2 70.04 0.73 R1 75.63 0.20
G‑PCC R4 64.89 0.02 R4 70.42 0.75 R5 74.72 2.44
Draco R5 64.96 0.47 R5 70.40 0.73 R4 75.44 0.61

tency(eq. (1)) to stream point clouds, the average bit‑
stream size for each of the resolutionwas streamedunder
varying bandwidths ranging from 1 Mbps to 512 Mbps,
and the results of total latency are illustrated in Fig. 1.
Though for an uncompressed point cloud, the decoding
time is zero, it is clear that the total time to stream the en‑
tire uncompressed point cloud sequence is really high at
lower bandwidths, which demands for efϐicient compres‑
sion solutions. Although the bitstream sizes of V‑PCC and
G‑PCC are signiϐicantly smaller than that of Draco, their
total latency is very high and remains constant when the
bandwidth increases. This is mainly because the high de‑
coding times of V‑PCC andG‑PCC are the dominant factors
in total latency. Alternatively, Draco’s decoding time is al‑
most negligible but the higher bitstream size is the domi‑
nant factor for its total latency.

Fig. 2 shows the impact of quality representations on
latency for three bandwidth settings (low, medium, and
high) for point clouds with 1024 spatial resolution. The
quality of a point cloud is evaluated by PSNR D1 (point‑
to‑point Peak Signal‑to‑Noise Ratio). V‑PCC consistently
achieves higher point cloud quality compared to G‑PCC
and Draco, and it would be selected when there is high
quality demand and the client has high computational
power to reduce the decoding time. The smaller total
latency of G‑PCC with lower reconstructed quality could
be useful for smaller resolution devices with lower band‑
width and lower computational power. Draco may be
adopted to achieve lower latency when there is sufϐicient
bandwidth to support its larger bitstream size.

3. MULTI‑CODECRATEADAPTIVE STREAM‑
ING

The preliminary results in the previous section reveal the
trade‑off between computational complexity and com‑

pression performance, and they also indicate the need to
consider both communication time and computation time
for real‑time applications. Depending on the available re‑
sources and the QoE requirements, different codecs may
be used to optimize system performance. Our ϐindings
in the previous section indicate that V‑PCC is selected
for scenarios with severely constrained bandwidth, while
Draco is the favored choice in cases of abundant band‑
width availability. On the other hand, G‑PCC is the optimal
selection when resources like computational power and
bandwidth are limited. Furthermore, codec choice is also
inϐluenced by the quality requirements of the user. We
propose a multi‑codec rate adaptive (MC_RA) point cloud
streaming solution for real‑time HTC applications. The
key components of the solution are illustrated in Fig. 3.
After a point cloud video is acquired from a capturing sys‑
tem, the server runs the MC_RA optimization algorithm
to decide the best codec along with the encoding param‑
eters that result in the minimum total latency while sat‑
isfying the quality requirement. To make intelligent deci‑
sions, the algorithm leverages estimation models on bit
rate, decoding time at the client, and point cloud video
quality. At the client side, the point cloud video stream is
buffered, decoded, and displayed, and feedback informa‑
tion (e.g., the end‑to‑end bandwidth and the client’s com‑
putational power) are sent back to the server to improve
the accuracy of the proposed estimation models. Our es‑
timation models are constructed based on four datasets,
each with different spatial resolutions: andrew9 (512),
loot (1024), soldier (1024), and dancer (2048). We also
tested the computational capability of the client device in
our testbed to derive the estimationmodels. In the rest of
this section, we ϐirst introduce the proposed estimation
models on bit rate, decoding time, and quality, and then
we explain details of the entire MC_RA which leverages
the constructed estimation models.
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Table 4 – Comparison of decoding time and compression ratio

Codec 512 Spatial Resolution 1024 Spatial Resolution 2048 Spatial Resolution
Decoding
Time(sec)

Compression
Ratio(CR)

Decoding
Time(sec)

Compression
Ratio(CR)

Decoding
Time(sec)

Compression
Ratio(CR)

V‑PCC 1.27±0.04 601.08±85.8 3.41±0.63 1112.61±97.1 3.83±0.16 3278.15±67.5
G‑PCC 0.96±0.07 185.87±41.9 4.28±1.88 206.34±37.5 12.67±0.45 313.81±24.3
Draco 0.05±0.00 4.92±0.72 0.16±0.03 5.86±2.63 0.66±0.05 5.96±0.43

(a) 512 Resolution (b) 1024 Resolution (c) 2048 Resolution

Fig. 1 – Total latency under varying bandwidths

3.1 Bit rate estimation
The estimationof bit rate (i.e., the compressedpoint cloud
video size per unit time) is necessary as it is directly re‑
lated to the transmission time. The size of a bitstream is
not only related to the content characteristics of a point
cloud video but also determined by the level of compres‑
sion. Similar to 2‑D videos, quantization is a crucial step
that controls the compression level by reducing the preci‑
sion of data. We introduce bit rate models for each codec
(V‑PCC, G‑PCC, and Draco) based on speciϐic quantization
parameters.

V‑PCC bit rate estimation: The V‑PCC bitstream is com‑
posed of four primary sub‑streams: geometry video, at‑
tribute video, occupancy map video, and atlas data. The
occupancy video and the atlas are encoded in a lossless
manner, and they do not signiϐicantly impact the overall
size of the bitstream. Thus, the most dominant parts for
the compressed bitstream size are geometry video and
attribute video which are encoded using the 2‑D video
encoder HEVC. The encoded geometry video size is con‑
trolled byGeometryQP (𝐺𝑄𝑃 ), and the encoded attribute
video size is controlled by AttributeQP (𝐴𝑄𝑃 ). Fig. 4(a)
gives an example of the V‑PCC bit rate for the Loot dataset
under different 𝐺𝑄𝑃 and 𝐴𝑄𝑃 values. We also observed
similar relationships among bit rate, 𝐺𝑄𝑃 , and 𝐴𝑄𝑃 in
the other point cloud videos in our dataset. We adhere
to the previous study in [26] for estimating the bit rate
of V‑PCC. The bit rate for V‑PCC in intra mode can be esti‑
matedby summing the geometry bit rate and the attribute
bit rate [26], which is given by:

𝑅𝑉 −𝑃𝐶𝐶 = 𝑣𝑒1 ⋅ 𝐺𝑄𝑃 𝑣𝑒2 + 𝑣𝑒3 ⋅ 𝐴𝑄𝑃 𝑣𝑒4 (2)

where 𝑣𝑒1, 𝑣𝑒2, 𝑣𝑒3, and 𝑣𝑒4 are content‑dependent param‑
eters. We have estimated these parameters and veriϐied
the accuracy of this model using our dataset.

G‑PCCbit rate estimation: A recent G‑PCC bit ratemodel
was introduced in [27] based on tests on sparse point
cloud datasets; however, we have found that this model
does not ϐit dense point cloud sequences. Therefore, we
have developed a new G‑PCC rate model based on our
dataset. In G‑PCC, the parameters PositionQuantization‑
Scale (𝑃𝑄𝑆) and 𝑄𝑃 (attribute quantization parameter)
control the bit rate. The former determines the depth of
the octree and affects the geometry bitstream size, while
the latter controls the attribute quantization and inϐlu‑
ences the attribute bitstream size. We experimentedwith
10 different 𝑃 𝑄𝑆 values and 10 different 𝑄𝑃 values, re‑
sulting in the encoding of 100 combinations using the
octree‑predlift coding mode for lossy geometry and color
coding. In G‑PCC, the total bit rate is the sum of geome‑
try bit rate and attribute bit rate. To estimate the geome‑
try bit rate, we tried to ϐit a curve using the power model
given by:

𝑅𝐺_𝑃𝐶𝐶,𝑔𝑒𝑜𝑚𝑒𝑡𝑟𝑦 = 𝑔𝑒1 ⋅ 𝑃𝑄𝑆 𝑔𝑒2 (3)

The attribute coding in G‑PCC is dependent on the de‑
coded geometry, which means that the attribute bit‑
stream size is also inϐluenced by the geometry quantiza‑
tion [2]. To investigate this effect, we set the 𝑄𝑃 values
at 11, 21, 33, and 43 and analyzed its impact on the total
attribute bit rate using the model which is given by:

𝑅𝐺_𝑃𝐶𝐶,𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 = 𝑔𝑒3 ⋅ 𝑃𝑄𝑆 𝑔𝑒4

𝑄𝑃 𝑔𝑒5
(4)
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(a) Low Bandwidth ‑ 4 Mbps (b) Medium Bandwidth ‑ 128 Mbps (c) High Bandwidth ‑ 512 Mbps

Fig. 2 – Impact of different quality representations on total latency for 1024 spatial resolution

Fig. 3 – System architecture of MC_RA

Finally, the total bit rate for G‑PCC is estimated by the sum
of the geometry bit rate and the attribute bit rate, which
is given by:

𝑅𝐺−𝑃𝐶𝐶 = 𝑔𝑒1 ⋅ 𝑃𝑄𝑆 𝑔𝑒2 + 𝑔𝑒3 ⋅ 𝑃 𝑄𝑆 𝑔𝑒4

𝑄𝑃 𝑔𝑒5
(5)

where 𝑔𝑒1, 𝑔𝑒2, 𝑔𝑒3, 𝑔𝑒4, 𝑔𝑒5 are content‑dependent param‑
eters. As an example, the estimation of the G‑PCC bit rate
for the Loot dataset is given in Fig. 4(b).

Draco bit rate estimation: The Draco documentation
also speciϐied geometry and texture quantization param‑
eters, in which 𝑄𝑃 controls the precision of quantization
used for position data and 𝑄𝑇 controls the texture quan‑
tization [5]. Based on our experimental results, 𝑄𝑃 is the
dominant factor contributing to bit rate. When the 𝑄𝑃
value is ϐixed, we observed that the value of 𝑄𝑇 has no
impact on the total bitstream size. As shown in Fig. 4(c),
the Draco bit rate for the Loot sequence is linearly corre‑
lated with 𝑄𝑃 , and similar linear relationships were ob‑
served in the other point cloud videos in our experiment.
Therefore, Draco’s bit rate can be estimated using 𝑄𝑃 as
follows:

𝑅𝐷𝑟𝑎𝑐𝑜 = 𝑑𝑒1 + 𝑑𝑒2 ⋅ 𝑄𝑃 (6)

where 𝑑𝑒1 and 𝑑𝑒2 are content‑dependent parameters.

3.2 Decoding time estimation
To estimate the total latency for streaming point cloud
videos, we need to estimate the decoding time at the des‑

tination device. Given a certain level of computing ca‑
pability, the decoding time for a codec is related to the
compression level and the number of points in the point
cloud [24]. We have developed decoding time estimation
models using the conϐiguration of the client device in our
testbed, and the same models could be applied to other
computing devices using customized parameters.

V‑PCC decoding time estimation: Based on our experi‑
mental results, we have identiϐied that the decoding time
for V‑PCC is linearly related to 𝐺𝑄𝑃 and 𝐴𝑄𝑃 . Fig. 5(a)
shows such linear relationship for the Loot sequence. The
decoding time can be estimated by:

𝐷𝑇𝑉 −𝑃𝐶𝐶 = 𝑣𝑑1 + 𝑣𝑑2 ⋅ 𝐺𝑄𝑃 + 𝑣𝑑3 ⋅ 𝐴𝑄𝑃 (7)

where 𝑣𝑑1, 𝑣𝑑2, 𝑣𝑑3 are parameters that are dependent on
both the point cloud content and the computing platform.

G‑PCC decoding time estimation: Based on our experi‑
mental results, the parameter PositionQuantizationScale
(𝑃 𝑄𝑆) is the dominant factor in decoding time and 𝑄𝑃
has a slightly smaller impact on the total decoding time.
An example for the Loot sequence is shown in Fig. 5(b).
The relationship between 𝑃𝑄𝑆 and the decoding time
can be depicted as a power model, while a linear model
can be considered for 𝑄𝑃 and the decoding time. The to‑
tal decoding time for G‑PCC is estimated by:

𝐷𝑇𝐺−𝑃𝐶𝐶 = 𝑔𝑑1 ⋅ 𝑃 𝑄𝑆 𝑔𝑑2 + 𝑔𝑑3 ⋅ 𝑄𝑃 (8)

where 𝑔𝑑1,  𝑔𝑑2,  and 𝑔𝑑3 are parameters that are 
dependent on both the point cloud content and the 
computing platform.
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(a) V‑PCC (b) G‑PCC (c) Draco

Fig. 4 – Illustration of the bit rate estimation models for Loot

(a) V‑PCC (b) G‑PCC (c) Draco

Fig. 5 – Illustration of the decoding time estimation models for the Loot dataset

Draco decoding time estimation model: As the time for 
decoding in Draco is really small, it is hard to capture the 
decoding time pattern. However, our experimental re‑ 
sults imply a linear relationship between 𝑄𝑃 and decod‑ 
ing time as seen in Fig. 5(c). So, the total decoding time 
for Draco is given by:

𝐷𝑇𝐷𝑟𝑎𝑐𝑜 = 𝑑𝑑1 + 𝑑𝑑2 ⋅ 𝑄𝑃 (9)

where 𝑑𝑑1 and 𝑑𝑑2 are parameters that are dependent on
both the point cloud content and the computing platform.

3.3 Quality estimation model
Quality estimation models are also needed to satisfy
users’ requirements. We propose estimating the com‑
monly used PSNR D1 metric [24] [25], which is derived
from the point‑to‑point mean square error (MSE_P2P).

V‑PCC quality estimation: The quality of the V‑PCC
point cloud’s geometry is dependent on the parameter
geometryQP (𝐺𝑄𝑃 ), which regulates the compression of
geometry and, thus, its quality. We chose to utilize the
exponential model for V‑PCC quality estimation in [26],
which is given by:

𝑄𝑉 −𝑃𝐶𝐶 = 𝑣𝑞1 ⋅ 𝑣𝐺𝑄𝑃
𝑞2 (10)

where 𝑣𝑞1 and 𝑣𝑞2 are content‑dependent parameters.
Thismodel produced superior curve ϐitting results on our
dataset, and an example for the Loot sequence is shown in
Fig. 6(a).

G‑PCC quality estimation: As shown in Fig. 6(b),
the quality of a G‑PCC point cloud is correlated with
PositionQuantizationScale(𝑃𝑄𝑆). Based on our experi‑
mental results, wepropose apowermodel to establish the
relation between 𝑃𝑄𝑆 and MSE_P2P.

𝑄𝐺−𝑃𝐶𝐶 = 𝑔𝑞1 ⋅ 𝑃 𝑄𝑆 𝑔𝑞2 (11)

where 𝑔𝑞1 and 𝑔𝑞2 are content‑dependent parameters.

Draco quality estimation: Similar as the case for for V‑
PCC, the quality of a reconstructed Draco point cloud ex‑
hibits an exponential relationship with the key parame‑
ter 𝑄𝑃 . Based on our experimental results, we have con‑
structed the followingquality estimationmodel forDraco:

𝑄𝐷𝑟𝑎𝑐𝑜 = 𝑑𝑞1 ⋅ 𝑑𝑄𝑃
𝑞2 (12)

where 𝑑𝑞1 and 𝑑𝑞2 are content‑dependent parameters.

©International Telecommunication Union, 2023

ITU Journal on Future and Evolving Technologies, Volume 4, Issue 4, December 2023

596



(a) V‑PCC (b) G‑PCC (c) Draco

Fig. 6 – Illustration of the quality estimation models for the Loot dataset

Table 5 – Average accuracy of the bit rate, decoding time and quality estimation models

Codec bit rate Decoding time Quality
Model

parameters 𝑅2 RMSE NRMSE Model
parameters 𝑅2 RMSE Model

parameters 𝑅2 RMSE

V‑PCC 𝑣𝑒1, 𝑣𝑒2, 𝑣𝑒3,
𝑣𝑒4

0.96 8969.6 0.042 𝑣𝑑1, 𝑣𝑑2, 𝑣𝑑3 0.92 0.072 𝑣𝑞1, 𝑣𝑞2 0.99 0.088

G‑PCC 𝑔𝑒1, 𝑔𝑒2, 𝑔𝑒3,
𝑔𝑒4, 𝑔𝑒5

0.98 10579.6 0.027 𝑔𝑑1, 𝑔𝑑2, 𝑔𝑑3 0.99 0.036 𝑔𝑞1, 𝑔𝑞2 0.99 0.274
Draco 𝑑𝑒1, 𝑑𝑒2 0.99 25218.5 0.001 𝑑𝑑1, 𝑑𝑑2 0.91 0.001 𝑑𝑞1, 𝑑𝑞2 0.93 0.144

The curve ϐitting for this model is veriϐied in Fig. 6(c).

3.4 Estimation of model parameters
In this section,we explain how to estimate theparameters
in the bit rate, decoding time, and quality models. The
values of all the parameters depend on the point cloud
content. In addition, the parameters for decoding time
are also dependent on the computing capability at the
client/destination. Consequently, the parameter values
implicitly capture the spatial resolution of the point cloud
content. To obtain the model parameters, we encode
three pairs of quantization parameters and also test the
decoding time at the client machine in our testbed, and
then we can ϐind the solutions to the corresponding sys‑
tem of linear equations. For instance, by utilizing quan‑
tization pairs (𝑃𝑄𝑆1, 𝑄𝑃1), (𝑃𝑄𝑆2, 𝑄𝑃2), (𝑃𝑄𝑆3, 𝑄𝑃3),
we can derive the model parameters associated with G‑
PCC’s bit rate, decoding time, and quality estimationmod‑
els using equations (13), (14), (15), respectively, as fol‑
lows:

⎧{{{{{{
⎨{{{{{{⎩

𝑅𝐺_𝑃𝐶𝐶,𝑔𝑒𝑜𝑚𝑒𝑡𝑟𝑦,1 = 𝑔𝑒1 ⋅ 𝑃𝑄𝑆 𝑔𝑒2
1

𝑅𝐺_𝑃𝐶𝐶,𝑔𝑒𝑜𝑚𝑒𝑡𝑟𝑦,2 = 𝑔𝑒1 ⋅ 𝑃𝑄𝑆 𝑔𝑒2
2

𝑅𝐺_𝑃𝐶𝐶,𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒,1 = 𝑔𝑒3 ⋅ 𝑃𝑄𝑆 𝑔𝑒4
1

𝑄𝑃 𝑔𝑒5
1

𝑅𝐺_𝑃𝐶𝐶,𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒,2 = 𝑔𝑒3 ⋅ 𝑃𝑄𝑆 𝑔𝑒4
2

𝑄𝑃 𝑔𝑒5
2

𝑅𝐺_𝑃𝐶𝐶,𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒,3 = 𝑔𝑒3 ⋅ 𝑃𝑄𝑆 𝑔𝑒4
3

𝑄𝑃 𝑔𝑒5
3

(13)

⎧{
⎨{⎩

𝐷𝑇𝐺_𝑃𝐶𝐶,1 = 𝑔𝑑1 ⋅ 𝑃𝑄𝑆 𝑔𝑑2
1 + 𝑔𝑑3 ⋅ 𝑄𝑃1

𝐷𝑇𝐺_𝑃𝐶𝐶,2 = 𝑔𝑑1 ⋅ 𝑃𝑄𝑆 𝑔𝑑2
2 + 𝑔𝑑3 ⋅ 𝑄𝑃2

𝐷𝑇𝐺_𝑃𝐶𝐶,3 = 𝑔𝑑1 ⋅ 𝑃𝑄𝑆 𝑔𝑑2
3 + 𝑔𝑑3 ⋅ 𝑄𝑃3

(14)

{
𝑄𝐺_𝑃𝐶𝐶,1 = 𝑔𝑞1 ⋅ 𝑃𝑄𝑆 𝑔𝑞2

1

𝑄𝐺_𝑃𝐶𝐶,2 = 𝑔𝑞1 ⋅ 𝑃𝑄𝑆 𝑔𝑞2
2

(15)

where 𝑅𝐺_𝑃𝐶𝐶,𝑔𝑒𝑜𝑚𝑒𝑡𝑟𝑦,1, 𝑅𝐺_𝑃𝐶𝐶,𝑔𝑒𝑜𝑚𝑒𝑡𝑟𝑦,2,
𝑅𝐺_𝑃𝐶𝐶,𝑐𝑜𝑙𝑜𝑟,1, 𝑅𝐺_𝑃𝐶𝐶,𝑐𝑜𝑙𝑜𝑟,2, 𝑅𝐺_𝑃𝐶𝐶,𝑐𝑜𝑙𝑜𝑟,3 are
corresponding geometry and color bitstream sizes.
𝐷𝑇𝐺_𝑃𝐶𝐶,1 , 𝐷𝑇𝐺_𝑃𝐶𝐶,2 and 𝐷𝑇𝐺_𝑃𝐶𝐶,3 are correspond‑
ing decoding times and 𝑄𝐺_𝑃𝐶𝐶,1, 𝑄𝐺_𝑃𝐶𝐶,2 are the
corresponding reconstructed point cloud qualities.

3.5 Multi‑codec rate adaptive streaming
With the aforementioned estimationmodels, we can then
complete the MC_RA streaming solution that selects the
best codecwith encoding parameters at the server side to
minimize the total latency while satisfying the quality re‑
quirement. The steps for the proposed solution are sum‑
marized in Algorithm 1. More speciϐically, after a point
cloud video clip is captured, and given the user‑required
quality level in PSNR D1, we begin with the selection on
the set of codecs, namely V‑PCC, G‑PCC, and Draco. We
use three different pairs of quantization parameters for
each of the codec to obtain the model parameters related
to bit rate (for communication time), decoding time (for
computation time) and quality estimation models (line 3
in Algorithm1). The server could estimate the parameters
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Table 6 – Conϐiguration table

Quality (PSNR_D1)
Level Bandwidth(Mbps) Computation 512 spatial

resolution
1024 spatial
resolution

2048 spatial
resolution

Low 4 0.5 55 56 60
Medium 64 1 58 62 65
High 256 2 61 68 70

Table 7 – Subset of streaming scenarios

Group No. Bandwidth(Mbps) Range Computation Range Quality (PSNR_D1)
0 Low ‑ Medium Low ‑ Medium Low
1 Low ‑ Medium Low ‑ Medium Medium
2 Low ‑ Medium Low ‑ Medium High
3 Low ‑ Medium Medium ‑ High Low
4 Low ‑ Medium Medium ‑ High Medium
5 Low ‑ Medium Medium ‑ High High
6 Low ‑ High Low ‑ Medium Low
7 Low ‑ High Low ‑ Medium Medium
8 Low ‑ High Low ‑ Medium High
9 Low ‑ High Medium ‑ High Low
10 Low ‑ High Medium ‑ High Medium
11 Low ‑ High Medium ‑ High High
12 Medium ‑ High Low ‑ Medium Low
13 Medium ‑ High Low ‑ Medium Medium
14 Medium ‑ High Low ‑ Medium High
15 Medium ‑ High Medium ‑ High Low
16 Medium ‑ High Medium ‑ High Medium
17 Medium ‑ High Medium ‑ High High

Algorithm1Multi‑CodecRate Adaptive (MC_RA) stream‑
ing method
1: Set 𝑄𝑅 ▷ Set the Quality Requirement
2: Set 𝐶𝑂𝐷𝐸𝐶𝑆 ← 𝑉 𝑃𝐶𝐶, 𝐺𝑃𝐶𝐶, 𝐷𝑟𝑎𝑐𝑜
3: Use three different pair of QPs for each of the codec to learn model

parameters for bit rate, decoding time and quality estimation mod‑
els.

4: for each 𝑔 ∈ 𝐺𝑜𝐹 do ▷ 𝑔 is basic unit for playback, 𝐺𝑜𝐹 is Group
of Frames

5: Set 𝐶𝑆 ← {} ▷ 𝐶𝑆 is Candidate Set
6: for each 𝑐𝑜𝑑𝑒𝑐 ∈ 𝐶𝑂𝐷𝐸𝐶𝑆 do
7: AdjustQPsof𝑐𝑜𝑑𝑒𝑐usingquality estimationmodel such that

𝑄𝑅 requirement is met, use eq. (10) for V‑PCC, (11) for G‑PCC, (12)
for Draco

8: Calculate 𝑐𝑜𝑑𝑒𝑐 communication time using eq. (2) for V‑PCC,
(5) for G‑PCC and (6) for Draco

9: Calculate 𝑐𝑜𝑑𝑒𝑐 computation time using eq. (7) for V‑PCC,
(8) for G‑PCC and (9) for Draco

10: Calculate 𝑐𝑜𝑑𝑒𝑐 total time (latency) using eq. (1)
11: Add 𝑐𝑜𝑑𝑒𝑐 setting to 𝐶𝑆
12: end for
13: GoF 𝑔 ← 𝑚𝑖𝑛_𝑡𝑖𝑚𝑒(𝐶𝑆) ▷ Select 𝑔 from 𝐶𝑆 with minimum

total time
14: StreamencodedGoF𝑔 to the client (with speciϐic codec and rate)
15: end for

for bit rate and quality based on the speciϐic point cloud
content, whereas the server would require the client to
update its computation capability to estimate the decod‑
ing time model parameters. After the model parameters
are obtained, we canmeet the quality requirement by ad‑
justing the quantization parameter using the developed
qualitymodel for each of the codec. For adjusting the QPs,
we employ a modiϐied binary search to ϐine‑tune QPs and
identify the QP pair that satisϐies the desired quality stan‑
dard and then we can calculate the total latency for each
of the codec using the bit rate and decoding time estima‑
tionmodels (lines 6‑12 in Algorithm 1). We then select the
codec with the minimum total time for streaming (lines
13‑14 in Algorithm 1). Our adapted binary searchmethod
operates within a predeϐined range of possible QP values
for a codec. This approach aims to determine and return
the QP value that most closely aligns with the speciϐied
quality requirement. However, if the user’s quality re‑
quirement (PSNR D1) falls outside the bounds of the pre‑
setQP range for the codec, ourmodiϐiedbinary searchwill
automatically select either the lowest or highest available
QP value, depending on the requirement. For instance,
if the user speciϐies an exceptionally low quality require‑
ment that cannot be met by the codec, we will opt for
the best feasible QP value with the lowest possible qual‑
ity. Conversely, if an extremely high quality requirement
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(a) Andrew9 (b) Loot (c) Dancer

Fig. 7 – Comparison of average quality

is given, which the codec cannot achieve, we will choose
the feasibleQP valuewithin the codec’s capabilitieswhich
achieves the highest possible quality. In all other scenar‑
ios, our implementation strives to identify the optimal QP
value that best aligns with the speciϐied quality require‑
ment. The processing time for each group of frames is
minimal due to the binary search’s efϐicient time complex‑
ity. Moreover, our search is conϐined to a range of QP val‑
ues for each codec. When compared to the encoding time,
this processing time is relatively short, allowing it to be
excluded when calculating the total latency.

4. PERFORMANCE EVALUATION

In order to validate the viability of our proposed scheme,
we developed a simulation platform and carried out ex‑
tensive experiments on the same testbed as in our prelim‑
inary study. First, we tested the accuracy of the proposed
estimationmodels, and thenweevaluated thenetworking
performance of the entire MC_RA solution.

4.1 Evaluation of estimation models

In our experiments, three different pairs of QPs were suf‑
ϐicient for obtaining the model parameters for a speciϐic
point cloud sequence. For V‑PCC the (𝐺𝑄𝑃 , 𝐴𝑄𝑃 ) pairs
we selected were (15, 15), (30, 30) and (45, 45), while for
G‑PCC the (𝑃 𝑄𝑆, 𝑄𝑃 ) pairs were (0.759, 11), (0.548, 25)
and (0.958, 40). For Draco, only the 𝐺𝑄𝑃 was the con‑
tributing factor for the proposedmodels, and the selected
𝐺𝑄𝑃 values were 10, 15 and 20. Our estimation models
are constructed and evaluated based on four point cloud
video sequences, each with different spatial resolutions:
andrew9 (512), loot (1024), soldier (1024), and dancer
(2048). In addition, the clientmachine in our testbedwas
used for characterizing the decoding time. Table 5 shows
the average 𝑅2 and 𝑅𝑀𝑆𝐸 for bit rate, decoding time,
and quality estimation models for each of the codec. As
the bit rate could be large we show the Normalized Root
MeanSquareError (NRMSE),which is calculatedbydivid‑
ing the RMSE by the maximum value of the bit rate. The
high average 𝑅2 for all the developed models and lower
RMSE andNRMSE values demonstrate the accuracy of the
developed models.

4.2 Evaluation of MC_RA streaming
In our simulation, we deϐined three levels of bandwidths
(low, medium, and high), three levels of computation
power (low, medium, and high), and three levels of qual‑
ity (low, medium, and high). Additionally, the point cloud
sequences were rendered for a duration of 20 seconds at
a frame rate of 15 FPS and the unit for playback of point
cloud video, referred to as the Group of Frames (GoF) de‑
noted by g, is 15. This suggests that the point cloud videos
are encoded and streamed in sets of 15 frames. Table 6
displays the values assigned to bandwidth, computation,
and quality. The computational power of our client ma‑
chine falls into the medium category, so the computation
value on our system would be 𝑐𝑜𝑚𝑝𝑢𝑡𝑎𝑡𝑖𝑜𝑛 = 1 (level
MEDIUM). A computation value of 0.5 would imply twice
the decoding time on our system and a computation value
of 2wouldmeanhalf thedecoding timeof value compared
to our setup.

To evaluate the effectiveness of the proposed method, we
createdmultiple tests that simulate different scenarios by
combining the levels outlined in Table 6. In total, we gen‑
erated 108 unique tests that cover all possible streaming
scenarios, and a subset of the streaming scenarios we in‑
vestigated are presented in Table 7. We introduced three
baseline approaches: 1) encoding with only V‑PCC, 2) en‑
coding with only G‑PCC, and 3) encoding with only Draco.
All the three baseline approaches include the same QP se‑
lection strategy in Algorithm 1 to satisfy a certain quality
requirement. We assess the performance of the proposed
method using three point cloud sequences with varying
spatial resolutions: andrew9 (512 resolution), loot (1024
resolution), and dancer (2048 resolution). For each point
cloud, we conduct ϐive simulations and present the aver‑
age values for comparison.

The average quality attained by each method is shown in
Fig. 7. It is evident that all the methods have met the re‑
quired quality levels of low, medium, and high. This is be‑
cause all the methods have incorporated the QP selection
scheme in Algorithm 1, which adjusts the QP to ensure
that the quality requirement is met.

In addition to quality, we compare MC_RA against the
three baseline approaches using the total latency and the
average stall duration. The total latency, including the
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(a) Andrew9 (b) Loot (c) Dancer

Fig. 8 – Comparison of total latency

(a) Andrew9 (b) Loot (c) Dancer

Fig. 9 – Comparison of average stall duration

transmission time and the decoding time, is a key fac‑ 
tor for interactive and live streaming applications. A stall 
during a media playback refers to temporary pauses or 
stop, typically due to buffering issues, slow network con‑ 
nectivity, or insufϐicient system resources [28]. Stalling is 
a major factor that could degrade user experience.

Fig. 8 compares the total latency of MC_RA and the base‑ 
line approaches. In all scenarios, the total latency of 
MC_RA is at least equivalent to the baseline approach. 
The increased total latency observed in G‑PCC can be at‑ 
tributed to the longer decoding time required at higher 
quality levels. On the other hand, V‑PCC exhibits rela‑ 
tively consistent total latency across all subsets of sce‑ 
narios. It is also evident that higher quality levels re‑ 
sult in greater overall total latency. In group numbers 
12‑17, where higher bandwidth and computational re‑ 
sources are available, MC_RA’s total latency is compara‑ 
ble to that of Draco for all the datasets. This is because 
MC_RA selects Draco due to its lower total latency com‑ 
pared to V‑PCC and G‑PCC. In the majority of scenarios 
within group numbers 0 to 11, MC_RA demonstrates sig‑ 
niϐicantly lower total latency compared to baseline ap‑ 
proaches. Its total latency (for group numbers 0 to 11) 
was on average 36.5% lower than that of the best baseline 
approach, showcasing the adaptability of MC_RA to vary‑ 
ing resource conditions. Furthermore, across all the sub‑ 
set of scenarios presented in Table 7, MC_RA consistently 
achieved an overall total latency that was 22.37% lower 
than the most optimal baseline method, with only a 1.85%
standard deviation in results across ϐive simulation tests. 
This highlights the consistent performance improvement 
offered by MC_RA in various streaming scenarios.

The average stall duration, as shown in Fig. 9, 
demonstrates MC_RA’s smoother point cloud video 
playback with fewer stalls. MC_RA has a lower average 
stall duration compared to the baseline approaches in 
most scenarios, indicating minimal disruptions and 
shorter stall durations. However, G‑PCC exhibits longer 
average stall durations for high‑quality requirements 
due to its extended decoding time. Overall, for the 
streaming scenarios presented in Table 7, MC_RA 
consistently achieved an overall average stall duration 
that was 22.69% lower than the most optimal baseline 
method with a standard deviation of 1.88% in results 
across ϐive simulation tests. These results conϐirm that 
MC_RA satisϐies the quality standards efϐiciently and can 
adapt to various bandwidth and computation scenarios.

5. CONCLUSION
In this paper, we have investigated the streaming of point 
cloud videos for interactive and live HTC scenarios. We 
presented comparison of three point cloud codecs V‑PCC, 
G‑PCC, and Draco, in terms of compression performance 
and computation and communication costs. Since each 
codec has its best operating conditions, we have designed 
a Multi‑Codec Rate Adaptive (MC_RA) streaming method 
that uses bit rate, decoding time and quality estimation 
models to select the best codec along with encoding pa‑ 
rameters to achieve the minimum total latency while sat‑ 
isfying a user’s quality requirement. Experiments were 
conducted for different point clouds with various system 
resource constraints. The proposed method has achieved 
much better performance in terms of latency and average 
stall duration compared to the baseline methods, 
boosting the QoE of real‑time applications.
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