
   

 

International Journal of Computer Science and Information Technology 

ISSN: 3005-9682 (Print), ISSN: 3005-7140 (Online) | Volume 4, Number 2, Year 2024 

DOI: https://doi.org/10.62051/ijcsit.v4n2.03 

Journal homepage: https://wepub.org/index.php/IJCSIT/index 

 

   

 

Content from this work may be used under the terms of CC BY-NC 4.0 licence (https://creativecommons.org/licenses/by-nc/4.0/). 

Published by Warwick Evans Publishing. 

WEP
Warwick

Evans

Publishing

Artificial Intelligence in Point Cloud Compression 

Bowen Lv * 

School of Computer Science and Technology, Beijing Jiaotong University, Beijing, 100044, China 

*Corresponding Author: 22722063@bjtu.edu.cn 

 

ABSTRACT 

Point cloud is a data representation of a three-dimensional object or scene. It is created by collecting 
a large number of spatial coordinate points, which are used to discretely represent the surface 
information of a three-dimensional object. Compared to traditional two-dimensional images, point 
clouds are particularly suited to the presentation of three-dimensional models and geospatial 
information. They have had a significant impact on the development of smart cities, autonomous 
driving applications, and augmented reality technology. However, due to the irregularity, 
disorganisation, diversity and other shortcomings of the point cloud, the traditional point cloud 
compression faces significant challenges. This paper will review the traditional coding methods and 
focus on the current cutting-edge artificial intelligence technology to bring the point cloud 
compression advances. It will also consider the future development direction. 
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1. INTRODUCTION 

Point Cloud is one of the newest data to represent 3D objects or realistic scenes, which utilises a huge 

collection of 3D space. It uses a large collection of spatial coordinates to discretely represent the 

surface information of three-dimensional objects. Compared with traditional two-dimensional images, 

point cloud can directly and flexibly represent three-dimensional information, and has a wide range 

of application scenarios in the fields of robotics, immersive media, free-viewpoint broadcasting, 

geographic mapping, and automated driving, etc. It is a kind of data that will be used in the future. It 

has a wide range of application scenarios in the fields of immersive media, free viewpoint 

broadcasting, geographic mapping, automatic driving, etc. It is a kind of data object with great 

application prospects in the future, and is worthy of deep research. The characteristics of high 

dimensional data and the demand for high precision and large scenes have resulted in a huge amount 

of data in point cloud, which also brings pressure and pressure on its storage and transmission. storage 

and transmission brings pressure and challenges, which is a major bottleneck restricting the 

development of related applications. Therefore, point cloud data compression of point clouds has 

become an urgent research topic. Compared with traditional data such as images, videos, etc., which 

have a long history of research and mature compression methods, the compression of point clouds 

has become an urgent research topic. 

However, the characteristics of high dimensional data and the demand for high precision and large 

scenes cause the huge amount of data in point cloud, which also brings pressure and challenge to its 

storage and transmission, which is a major bottleneck restricting the development of related 

applications. Therefore, data compression of point cloud has become an urgent research topic. 

Compared with traditional data such as images and videos, which have a long history of research and 
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mature compression methods, point cloud compression is still in the development stage because of 

its irregular distribution and sparse characteristics, which make compression difficult. 

In the evolution of point cloud compression techniques, we observe two major trends developing in 

parallel. Firstly, there is the clever use and adaptive improvement of traditional data compression 

techniques, especially image compression algorithms. This approach is represented by the Video-

based Point Cloud Compression (V-PCC) technique introduced by MPEG (Motion Picture Experts 

Group), which provides an efficient means of compression for point cloud data by drawing on proven 

image compression strategies. Secondly, with vtinuous advancement of in-depth research on the 

characteristics of point cloud data, a series of new coding techniques for its uniqueness have emerged. 

These techniques are usually based on structures such as octrees, grids, graphs, etc., and aim to 

achieve more efficient data compression by capturing the intrinsic geometric and topological 

relationships of the point cloud data. MPEG's Geometry-Based Compression of Point Clouds (G-

PCC) is an outstanding representative in this direction. Whether based on adaptive improvements of 

traditional techniques or new coding techniques for point cloud data characteristics, these different 

schemes have demonstrated excellent compression performance in their respective application 

scenarios, providing strong support for the storage, transmission and processing of point cloud data 

[1-3]. 

Artificial intelligence technology has made significant advances in the field of traditional image and 

video coding [4]. These advances have resulted in a reduction in the bit rate and an improvement in 

reconstruction quality. Additionally, they have enabled the integration of intelligent analysis and 

processing functions, which foreshadow the future direction of video coding. Similarly, in the field 

of point cloud compression, technology based on artificial intelligence is receiving increasing 

attention and in-depth research in the industry. The challenge of optimising the compression 

performance of point cloud data while maintaining its accuracy and integrity has become a significant 

research topic, given the potential of intelligent compression techniques to address this issue. 

The objective of this paper is to provide a comprehensive overview of the challenges associated with 

point cloud compression, to examine in depth the traditional point cloud compression algorithms, and 

to analyse the current research progress and future development trend of artificial intelligence in the 

field of point cloud compression [5]. In recent years, the rapid development of artificial intelligence 

technology has led to significant advantages in the application of AI in point cloud compression. In 

the case of dense point clouds, the use of voxel-based strategies combined with three-dimensional 

convolutional neural networks (3D CNNs) has surpassed traditional compression techniques in terms 

of geometric compression. This innovation not only improves the compression efficiency, but also 

dramatically improves the quality of the reconstructed point cloud. In the case of sparse point cloud 

geometry compression, the direct use of point set data in combination with advanced network 

structures such as PointNet has also shown impressive potential. This approach better captures the 

intrinsic structure and features of the point cloud data, leading to more efficient compression. 

Furthermore, for LiDAR point cloud compression, researchers have ingeniously borrowed ideas from 

intelligent image coding and achieved remarkable results [6]. These innovative applications not only 

enhance the compression performance, but also facilitate real-time transmission and processing of 

point cloud data. In addition to the aforementioned applications, AI methods have also been 

extensively employed in the optimisation of entropy coding, post-processing and other modules 

within the traditional point cloud compression framework. These enhancements not only enhance the 

compression efficiency, but also improve the accuracy and visual effect of the reconstructed point 

cloud. Looking ahead, the application of AI in the field of point cloud compression will become more 

profound and extensive. 
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2. CURRENT CHALLENGES 

Despite the development of a variety of applications based on point clouds in a number of scenarios, 

and the emergence of point cloud compression techniques that can be applied over short distances, 

the inherent characteristics of point clouds present significant challenges. 

2.1. Sparsity 

Due to the limitations of LiDAR sampling frequency, it is challenging to achieve uniform sampling 

in all directions when sampling objects. Furthermore, the distance, occlusion, reflections, and other 

factors contribute to the inhomogeneity of points sampled by LiDAR in practical applications. This 

results in high point cloud density in some areas, while there may be almost no point cloud in others. 

This presents significant challenges to 3D target detection. 

2.2. Disorder 

The generation of point cloud data typically occurs through the capture of raw depth information 

utilising sophisticated devices such as RGB-D sensors or LiDAR scanners. These devices are capable 

of measuring the distance from an object's surface to the sensor and combining it with other sensor 

data (e.g., RGB images) to construct 3D point-space coordinates. Following a series of data 

processing steps, including data fusion and noise filtering, the raw data is transformed into a high-

quality point cloud product. These point cloud data are subsequently employed in a multitude of 

downstream tasks, including 3D reconstruction, object recognition, and scene understanding. The 

point cloud generated in these processes is a collection of points, lacking any inherent order between 

the points. Instead, it is simply a set of points in space, representing the original ordered arrangement 

of the original data as a collection of unordered points. The compression of the point cloud has 

introduced challenges in this regard. 

2.3. Variegation 

The diversity of the point cloud is reflected in two main aspects. Firstly, the point cloud includes 

more than just geometric coordinates, which are the most basic information. Secondly, it includes 

laser reflection intensity and colour information, which reflect the material and other characteristics 

of the object. This makes the point cloud data richer and more intuitive. Moreover, point cloud data 

can be utilised in a multitude of applications, including automated driving and robot navigation. This 

data can be employed for environment sensing and obstacle detection, thereby providing accurate 3D 

spatial information for automated driving systems. Additionally, point cloud data can be employed in 

augmented reality and virtual reality, whereby it can be used to build real 3D environments and 

integrate them with virtual objects, thus creating immersive and interactive experiences. Furthermore, 

point cloud data can be employed in the field of building design and management. The use of point 

cloud data in the design and planning of new buildings and the digital management and maintenance 

of existing buildings is becoming increasingly prevalent. The diverse range of applications for point 

cloud data, however, introduces a significant degree of variability into the data itself. This, in turn, 

necessitates the use of a multitude of compression methods to ensure that a single solution can 

adequately address the diverse demands of these applications. 

3. TRADITIONAL ALGORITHM 

3.1. Octree-based Point Cloud Compression 

The core starting point of the technique is the recursive division of the 3D space into 8 sub-cubes, 

each of which is called a voxel unit (Voxel). When a voxel cell is occupied by a point in the point 
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cloud data, the voxel cell is further subdivided into smaller 8 subvoxels. This process represents the 

spatial division information recursively by constructing an octree structure [7]. 

In an octree, each node represents a voxel unit, and if the density of point cloud data within that node 

exceeds a certain threshold, the node is subdivided into eight sub-nodes [8], each representing an 

eighth of the original node space. In this way, the octree is able to adaptively divide the space 

according to the distribution of the point cloud data, resulting in an efficient data representation. 

Importantly, there is correlation between parent-child nodes and neighbouring nodes in the octree. 

This correlation can be used to make efficient predictions of voxel occupancy information. Through 

prediction, the coding algorithm is able to determine more accurately which voxels are occupied and 

which are vacant, leading to more efficient arithmetic coding. This prediction and arithmetic coding 

based approach can further reduce the data storage and transmission requirements and improve the 

compression efficiency of point cloud data. The representative algorithms are MPEG's G-PCC and 

V-PCC methods. 

3.2. KD-tree Based Point Cloud Compression 

The KD-tree based point cloud compression method represents an efficient solution for the rapid 

indexing and searching of point cloud data utilising the KD-tree data structure. The KD-tree enables 

the identification of similar points or regions, as well as the selection of representative points for 

compression, thereby reducing data redundancy. This method not only improves the compression 

efficiency, but also ensures the data quality. The flexibility of the KD tree allows the compression 

strategy to be adjusted according to the specific needs, which is applicable to various point cloud 

processing scenarios. Consequently, it can be considered a practical point cloud compression 

technique. 

3.3. Mapping-based Point Cloud Compression 

Another innovative approach to point cloud compression is to map the 3D point cloud into a 2D 

image, which can then be efficiently compressed using a mature video image encoder. The research 

of this approach focuses on the development of a lossless mapping and reconstruction process from 

3D to 2D, as well as on ensuring that the mapped image exhibits good spatio-temporal correlation for 

video coding techniques. Currently, a leading mapping technique is to project the point cloud slice 

by slice onto a cube surface and convert it to a depth map for compression. This approach has been 

adopted by the MPEG V-PCC standard and is especially suitable for dense dynamic point clouds. For 

sparse LiDAR point clouds, the original depth image can also be compressed directly by mapping. 

This mapping strategy greatly improves the compression efficiency of point cloud data [9]. 

3.4. Point Cloud Compression Based on Attribute Coding 

Once the geometric coding of the point cloud data has been completed, various transform and 

predictive coding methods can be employed for the further compression of the attribute information. 

Among the transform coding techniques, Region Adaptive Hierarchical Transform (RAHT) is an 

effective method, which is based on the octree model and performs a weighted wavelet transform on 

the attribute information according to the number of nodes to achieve efficient compression. Another 

transform coding method is the Graph Fourier Transform (GFT), which constructs the graph structure 

on the point cloud and converts the attribute information from the spatial domain to the frequency 

domain for decomposition. This is achieved by decomposing the graph Laplace matrix and 

constructing the transform using the eigenvectors, which improves the compression efficiency [10]. 

In contrast, predictive coding methods focus on compression using correlations within the point cloud. 

The point cloud is typically divided into distinct sections or layers, such as by grouping points 
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according to their distance from one another. This enables the coding of each layer individually, with 

the attributes between layers then predicted to reduce the amount of redundant information. 

In addition to the aforementioned techniques that encode attributes directly in 3D space, mapping-

based coding schemes map the point cloud to a 2D image and then compress the attributes directly 

using a sophisticated image-video encoder. This approach makes attribute coding more efficient by 

simplifying the data structure and capitalising on the maturity and efficiency of image and video 

coding techniques. 

4. ARTIFICIAL INTELLIGENCE IN POINT CLOUD COMPRESSION 

4.1. Artificial Intelligence Applied to Image Compression 

In the field of image and video compression, intelligent techniques have been extensively investigated 

and yielded significant outcomes [2,3,6]. The integration of neural network technology has not only 

facilitated the advancement of traditional coding frameworks, such as feature transformation, intra- 

and inter-frame prediction, entropy coding, and pre- and post-processing, but also enabled the 

development of an end-to-end full neural network framework. This technological innovation not only 

optimises compression efficiency, but also optimises for different evaluation metrics. Furthermore, 

image and video compression techniques can also be organically combined with computer vision 

tasks, such as target detection and recognition, to promote each other and show broader application 

prospects. 

4.2. CNN-based Point Cloud Compression 

The CNN-based point cloud compression technique employs a convolutional neural network (CNN) 

to achieve efficient compression of 3D point cloud data. The technique enables the CNN to learn the 

feature extraction and representation of point clouds, resulting in a high compression ratio and low 

distortion rate. Compared to traditional compression methods [11], CNN-based point cloud 

compression significantly reduces the bandwidth and storage space required for storage and 

transmission while maintaining data integrity and detail information. Furthermore, the technology is 

capable of GPU parallel processing, which enhances the compression efficiency and is well-suited to 

scenarios requiring high real-time performance, such as autonomous driving and virtual reality. 

4.3. Point-based Point Cloud Geometry Compression Algorithm 

Voxel-based compression algorithms are constrained by fixed accuracy, particularly when processing 

point cloud data with uneven and sparse density distributions. In contrast, neural networks that 

directly handle point sets [12], such as PointNet, offer novel solutions for geometric compression of 

point cloud data. These networks accept point cloud coordinate values as direct inputs, effectively 

resolving the issue of unordered arrangement of point clouds by pooling isosymmetric functions. In 

the decoding stage, the coordinate values of the point cloud are generated directly through network 

structures such as fully connected layers and optimised using point-to-point distance as a loss function. 

This point-based method is free from the limitations of voxelisation and can flexibly handle point 

cloud data with various distribution densities. Furthermore, it directly optimises for the objective 

evaluation metric of point-to-point distance, showing significant advantages and great potential. In 

the case of sparse small point cloud datasets (e.g., ShapeNet), the scheme has already demonstrated 

performance beyond that of the octree coding algorithm. Furthermore, the scheme is capable of being 

extended to the processing of large point cloud data through the strategy of chunked compression. 

Nevertheless, despite the satisfactory performance of the scheme at low bit rates, there is still room 

for improvement in the decoder part of the point cloud generation network at present. Specifically, 

there are still challenges in high-precision decoding and reconstruction. Future research should 
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therefore focus on optimising the decoder network structure and improving the decoding accuracy in 

order to better meet the needs of practical applications. 

4.4. Artificial Intelligence Applied to LiDAR Point Cloud Compression 

The extensive utilisation of LiDAR sensors in the domains of autonomous driving, robot navigation 

and 3D modelling has led to the emergence of compression techniques for sparse point cloud data 

collected by LiDAR as a subject of significant interest within the research community. Given that 

LiDAR point clouds are typically characterised by a high degree of sparsity in 3D space, traditional 

compression methods are unable to achieve efficient and lossless results. 

The current research landscape can be broadly categorised into two main areas of focus. On the one 

hand, researchers have attempted to achieve efficient compression by compressing LiDAR data in its 

original 2D format, such as distance images, and using deep learning models such as recurrent neural 

networks (RNNs). This method can improve the compression efficiency to a certain extent by 

reducing the dimensionality of the data and combining the powerful learning ability of deep learning 

models [13]. 

On the other hand, the improved method based on octree encoder has also received wide attention. 

Researchers have optimised the entropy model through deep learning methods, which in turn 

improves the performance of entropy coding. This method makes full use of the spatial structure 

information of point cloud data to achieve more efficient compression. Furthermore, these 

improvements are not only applicable to static point cloud data, but also able to be extended to the 

compression of dynamic point cloud sequences. This provides the possibility of real-time applications 

such as autonomous driving. 

These novel compression techniques not only enhance the compression efficiency of point cloud data, 

but also provide a superior quality database for subsequent point cloud processing and analysis. As 

research progresses, it is anticipated that more innovative methods will emerge in the future to further 

advance the development of LiDAR point cloud compression technology. 

5. A RETROSPECTIVE AND PROSPECTIVE ANALYSIS 

In general, after years of researchers studying various aspects of point cloud compression, the 

traditional approach has reached a point of maturity. Similarly, in the field of artificial intelligence, 

point cloud compression has also made significant progress. However, the research in this area is still 

in its infancy, with numerous avenues for future exploration. For instance, there is a need to develop 

point cloud attribute compression, sparse point cloud compression, large-scale point cloud 

compression, dynamic point cloud compression, and point cloud compression optimised for human 

eyes or machine perception. These needs are close to our lives, and new research is urgently needed 

to satisfy them. At the same time, it is possible to put literally as much research as possible into real 

production and life. The resolution of these issues necessitates the investigation of novel concepts 

and techniques, including the integration of existing deep learning-based tools. 

For instance, the extension of existing deep learning-based geometric compression schemes to the 

compression of attributes is a promising avenue for further research. Similarly, the exploration of 

neural network structures with more expressive capabilities, the introduction of artificial intelligence 

approaches to projection-based compression, and the incorporation of quality evaluation methods 

more in line with human eye or machine perception as a loss function to be applied in the optimisation 

of end-to-end learning are all areas that warrant further investigation. Finally, the application of point 

cloud compression with other point cloud processing tasks such as scene segmentation and target 

detection represents a promising avenue for future research. It is our contention that with further 

research into these matters, the future prospects of AI application in point cloud compression will 

become increasingly promising. 
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