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Abstract— Recently, 3D visual representation models such as 

light fields and point clouds are becoming popular due to their 

capability to represent the real world in a more complete and 

immersive way, paving the road for new and more advanced visual 

experiences. The point cloud representation model is able to 

efficiently represent the surface of objects/scenes by means of a set 

of 3D points and associated attributes and is increasingly being 

used from autonomous cars to augmented reality. Emerging 

advanced imaging sensors have made easier to perform richer and 

denser point cloud acquisitions, notably with millions of points, 

making impossible to store and transmit these very high amounts 

of data without appropriate coding. This bottleneck has raised the 

need for efficient point cloud coding solutions in order more 

immersive visual experiences and better quality of experience 

(QoE) may be offered to the users. In this context, this paper 

proposes an efficient lossy coding solution for the geometry of 

static point clouds. The proposed coding solution uses an octree-

based approach for a base layer and a graph-based transform 

approach for an enhancement layer where an Inter-layer residual 

is coded. The performance assessment shows very significant 

compression gains regarding the state-of-the-art, especially for the 

most relevant lower and medium rates. 

Index Terms—point cloud acquisition, point cloud compression, 

point cloud assessment, graph transform. 

I. INTRODUCTION 

ULTIMEDIA plays a major role in our daily lives as its 

overwhelming presence vastly influences many 

important application areas, such as entertainment, sports, 

education, communication, art and medicine. In this context, 

recent technological progresses have allowed multimedia 

applications and services to improve the way visual information 

is processed.  

With the advent of powerful imaging sensors richer visual 

information acquisitions are enabled, both in terms of light 

intensity for multiple directions at the same positions in space 

as well as in terms of three-dimensional (3D) geometry. Hence, 

this sensors are key enablers for a better and more realistic 

representation of the visual scenes which should be stored and 

transmitted. On the other hand, they generate massive amounts 

of visual data, making the development of efficient coding 

solutions mandatory for scenarios such as online streaming and  

 
This paragraph of the first footnote will contain the date on which you 

submitted your paper for review. It will also contain support information, 

including sponsor and financial support acknowledgment. For example, “This 

work was supported in part by the U.S. Department of Commerce under Grant 
BS123456.”  

The next few paragraphs should contain the authors’ current affiliations, 

including current address and e-mail. For example, F. A. Author is with the 

 

storage.  

As it is critical to represent the visual information acquired 

by these sensors in the most faithful and realistic way, 3D visual 

representations have become increasingly more attractive as 

they should allow the full representation of the visual 

information by acknowledging what is obvious, we live in a 3D 

world. These emerging representation formats should enable 

novel application scenarios that require additional 

functionalities not offered by the traditional two-dimensional 

(2D) formats, e.g. free viewpoint viewing. In this context, 

several multimedia application have become a reality, notably: 

3D free viewpoint broadcasting, real-time 3D immersive 

telepresence, geographical information systems, among others.  

Recently, a huge interest has been arising in the point-based 

representation, the so-called point cloud, which represents the 

object/scene using a cloud of 3D points on its surface. 

Specifically, a point cloud is a type of 3D representations 

consisting on as set of 3D spatial positions, with a certain 

density, defined by its coordinates xyz, and some corresponding 

attributes which may consist of colors, normal vectors and other 

relevant features. Point clouds are commonly characterized as 

static i.e. single frame for a single time instant, or dynamic, i.e. 

sequence of frames for a lapse of time. Under optimal 

conditions, a point cloud representation shall include all the 

relevant visual information about the original or synthetic 

scene. Hence, this powerful representation format has gained 

much relevance in the past years and is already widely used in 

several fields such as biomedical imaging, computer graphics, 

3D printing, robotics, architecture, manufacturing, among 

others.  

Knowing that there are already numerous applications for 

point clouds and that this representation format is associated 

with large amounts of information, efficient storage and 

streaming is mandatory to facilitate the arising of more thrilling, 

realistic and interesting application scenarios. Thus, suitable 

coding solutions shall be designed, implemented and properly 

assessed so that application requirements may be achieved. In 

this work a lossy coding solution for the geometry information 

of static point clouds is developed. More precisely, the target of 

this work is the design, implementation and assessment of a 
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novel point cloud lossy coding solution based on the emerging 

graph transform.  

This paper is structured as follows: Section II presents a brief 

review of the relevant static point cloud coding solutions 

available in the literature; Section III introduces the proposed 

graph-based point cloud coding solution by depicting its 

architecture and walkthrough; Section IV details the proposed 

solution main tools; Section V depicts the proposed coding 

solution performance is assessed and a benchmarking study is 

performed with state-of-the-art coding solutions; and Section 

VI outlines the final conclusions and proposes some future 

work regarding the topic of this paper.  

II. STATIC POINT CLOUD COMPRESSION: A BRIEF REVIEW 

As the scope of this paper lies on point cloud coding, this 

section presents a brief review of the most relevant coding 

solutions that target static point clouds.  Point cloud coding may 

be divided into two classes, depending on the type of data being 

coded: geometry and attribute coding. Three different 

approaches to code static point cloud data are available on the 

literature, notably: octree-based, patch-based and graph-based. 

The octree-based approach organizes the point cloud data using 

a tree-based data structure where every branch node represents 

a bounding volume in the 3D space, the so-called voxel. The 

patch-based approach organizes the point cloud data into a set 

of 2D bitmap images, the so-called patches, thus allowing the 

usage of standard image codecs. The graph-based approach 

organizes the point cloud data in a graph structure, thus 

enabling the graph transform application. Although there are no 

solutions yet in the literature where the graph-based approach 

is applied to geometry data coding, it shows great potential. In 

fact, the graph-based approach is part of the state-of-the-art on 

attribute point cloud coding (as it will be posteriorly seen). 

Hence, the coding solution proposed in this work wonderfully 

fills the existing gap by adopting this powerful signal 

processing tool to compress point cloud geometry information. 

In the following subsections, the most relevant point cloud 

coding solutions available in the literature will be briefly 

reviewed. 

A. Octree-based coding: the PCL Intra coding solution 

The solution proposed in [1] follows the octree-based 

approach and was designed to achieve real-time compression of 

both geometric and attribute data of dynamic point clouds for 

network streaming, i.e. real-time transmission; this solution has 

been implemented in the popular PCL. The objective of this 

solution is to reach high compression efficiency by exploiting 

both the spatial and temporal correlations in point cloud data, 

for geometry and attribute (color) data, using a lossy 

compression approach. However, given the scope of this work 

only geometry coding of stating point clouds will be reviewed. 

In this solution, the compression process is performed as 

follows: i) all points of the point cloud are organized in an 

octree structure and the binary serialization of this structure is 

created; ii) the relative position of each point inside each octree 

leaf octant is encoded in the point detail encoding module; iii) 

to encode the point cloud geometry, it is only necessary to 

combine the binary serialization of the octree structure and the 

point detail data and apply the entropy coding. The steps in the 

PCL Intra coding solution are detailed next: 

 Octree Creation and Binary Serialization: In this 

module, an octree structure is created, which is basically a 

tree structure with some depth, where each node can have 

eight children nodes (i.e. forming a branch) or none 

(implying this is a leaf node/octant). The octree structure 

can be serialized for transmission, i.e. a binary 

representation of the octree structure can be obtained. The 

octree depth (i.e. number of octree levels) defines the 

number of possible divisions in the structure and can be 

limited either directly (i.e. with a coding parameter) or 

indirectly by specifying the leaf octant resolution, this 

means the octree resolution. To perform the octree 

decomposition, the bounding box that includes all the cloud 

points is recursively divided into eight octants, each 

represented by a unique bounding box in the 3D space. The 

main task of the octree decomposition is to determine the 

correct leaf octant for each cloud point. The first step is to 

divide the root node into eight octants, i.e. thus creating 

child nodes, to determine to which octree octant a cloud 

point belongs. Afterwards, it is necessary to check if the 

target leaf octant resolution already corresponds to the 

resolution of the current octant. If not, the creation of 

additional child nodes in the tree continues until the octant 

resolution is equal to the target leaf octant resolution. If no 

further subdivisions should be made, the corresponding 

octant is called leaf octant and the point is added to the list 

of points associated to that leaf octant. The process 

continues so that every cloud point is added to the octree 

and belongs to a leaf octant. To obtain the binary 

serialization for the octree structure created, every branch of 

the octree is represented by a single byte which indicates if 

the octant is further divided or not. Notice that the serialized 

bit stream has to convey some additional parameters such as 

the root node bounding box volume and the octree depth, so 

that it is possible to fully reconstruct the point cloud.  

 Point Detail Encoding: To improve the precision of the 

point cloud without increasing the octree depth (i.e. without 

using smaller leaf octants, thus increasing the octree 

resolution), an additional tool called point detail encoding 

is proposed. In the context of this technique, the point 

precision of the point cloud is defined as the maximum 

difference, i.e. the error, between each decoded point 

location and the corresponding original point location. This 

tool can avoid increasing the computational complexity 

when very small size leaf octants are created and coded (i.e. 

large octrees with many levels); in this case, every leaf 

octant may contain more than one point, which position is 

coded using a reference point within the corresponding leaf 

octant. 

 Entropy Encoding: The main goal of this module is to 

create a bit stream exploiting the statistics of all the data 

(output by the previous steps) that needs to be transmitted 

to the decoder. This entropy encoder takes into account the 

specific (very likely non-uniform) symbol frequencies for 

the three data streams to be entropy coded. In this solution, 

the entropy coder is a range coder [2], which is a variant of 
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an arithmetic coder. Besides the entropy encoded bit stream, 

the corresponding symbol frequency tables are transmitted 

so that it is possible for the decoder to properly decode the 

three coded data streams, i.e. binary serialization, point 

component stream and point detail coefficients stream. 

This solution is the state-of-the-art solution for Intra coding 

of geometry information. Hence, in the RD performance 

assessment of the proposed coding solution a benchmark study 

shall be performed with respect to this octree-based solution. 

B. Graph-based coding: attribute compression 

The objective of the solution proposed in [3] is to efficiently 

compress point cloud attributes, for static models, using a graph 

transform. The main goal is to reduce the bitrate associated to 

the alternative octree-based schemes as the one reviewed in [1]. 

Using a graph-based representation and treating the attributes 

as signals over the graph, a graph transform can be used to 

obtain a higher compression efficiency when compared to 

octree-based compression. 

The process to learn and apply the graph transform is as 

follows, considering only attribute coding: i) first, it is assumed 

that the point cloud geometry (available at both the encoder and 

decoder) is represented using an octree-based structure, like the 

one previously described, so that it can be easily partitioned into 

the so-called octree blocks, which are subsets of the original 

octree structure representing a small branch of the octree at a 

certain depth level; next, a graph structure is created by 

connecting (i.e. defining the edges in the graph) points from 

nearby occupied voxels (i.e. the vertices in the graph); iii) for 

each of the edges, a weight is assigned expressing the similarity 

between the corresponding edge attributes; and iv) finally, 

obtaining a graph-based representation with the edges, vertices 

and associated weights, it is possible to compute the transform 

coefficients using a graph transform. These graph transform 

basis functions are learned by computing the Laplacian matrix 

of the adjacency matrix of the graph and after performing its 

eigen decomposition. The transform coefficients are after 

quantized to efficiently represent the three YUV color 

components available for each cloud point. The quantization 

process is independently applied to each of the three vectors of 

coefficients, thus resulting into three quantized vectors of 

coefficients. These coefficients are then entropy encoded to 

obtain the final output bitstream. The decoder receives both the 

color and geometry data streams to decode first the geometry 

and after the subsequent color, exploiting the knowledge of the 

decoded geometry information to create the graph.  

Recently, a novel solution proposed in [4] is extends the 

previously presented graph transform based codec for sparsely 

populated static point clouds. The main target is to efficiently 

compress color information in sparse-populated blocks using a 

graph transform [4]. To do so, the authors propose two 

alternative methods for the graph creation step described below: 

i) block compaction so that each graph-transformed block has 

only one associated DC coefficient; and ii) K-Nearest 

Neighbors (K-NN) driven graph structure creation to obtain 

more efficient graphs, i.e. with more points connected. The RD 

performance results show that the proposed solution is the state-

of-the-art for stating point cloud attribute compression. 

C. Patch-based coding 

The coding solution proposed in [5] is able to exploit the 

spatial correlation, in terms of color and geometry, between 

cloud points, using a lossy patch-based approach. The main idea 

of this coding solution is the creation of patches, so that 

standard image codecs can be applied to code them. In this 

context, a patch is understood as a 2D parametrization of a 

voxel, basically corresponding to the mapping of the voxel 

points coordinates and attributes onto a 2D plane.  

The patch creation is performed as follows: i) first, a 

suitable decomposition of the point cloud is done so that voxels 

are created; ii) for each voxel previously created its 

corresponding set of cloud points will be denominated a cluster; 

iii) for each cluster, the point coordinates and associated colors 

are parametrized into two dimensions, thus creating a so-called 

patch. Each patch is defined by its characteristics, notably its 

position, orientation and size. At this stage, and having the 

patch computed, it is possible to define height and occupancy 

2D maps that can represent the 3D points geometry information 

and color maps to represent the points corresponding color 

information. The encoding process for each map created is as 

follows: i) first, the map values are quantized with distinguished 

step sizes depending on the map information, e.g. 8 bits for 

height and color maps; ii) standard imaging codecs can be 

applied to the quantized map values. In this particular solution, 

for the height and color maps JPEG 2000 is used while the 

lossless JBIG2 algorithm [6] is adopted for the occupancy 

maps. The patch information is coded with the lossless Lempel-

Ziv-Markov chain algorithm (LZMA) [7] and an extension of 

the LZ77 algorithm [8]. Finally, the elementary output encoded 

bit streams from each codec above are multiplexed into a joint 

encoded data bit stream and transmitted to the decoder.  

III. PROPOSED GRAPH-BASED POINT CLOUD CODING 

SOLUTION:  ARCHITECTURE AND WALKTHROUGH 

This sections presents the proposed point cloud geometry 

coding solution, the so-called graph-transform geometry 

coding (GTGC), encoder and decoder architectures and its 

corresponding walkthrough. The GTGC encoding and 

decoding architectures are illustrated in Fig. 1 and Fig. 2, 

respectively. This solution consists in a two-layer scalable 

approach that adopts octree-based base layer (BL) coding and 

graph transform-based enhancement layer (EL) coding. The 

focus of this solution lies on geometry coding for static point 

clouds; the main idea is to combine graph transform (for the 

EL) and Inter-layer prediction tools with the well-established 

point cloud octree-based structure (for the BL), used in the PCL 

codec, to reach more efficient point cloud geometry coding. To 

improve the compression efficiency, some appropriate Inter-

layer prediction tools are proposed. The general coding 

approach is the following:  

1. The point cloud is coded in two layers, the BL and EL. In 

the BL, a version of the original point cloud with a coarser 

level of detail is obtained and coded. In the EL, the 

original/full point cloud is coded. 

2. While the BL uses conventional PCL coding, the EL uses a 

novel coding approach that exploits graph-based transform 

and Inter-layer prediction. 
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3. Based on the BL, a so-called upsampled base layer (U-BL) 

cloud is created, which is a coarse approximation (without 

a fine level of detail) of the original point cloud. This U-BL 

point cloud is used, both at the encoder and the decoder, for 

the graph transform learning step. 

4. To learn and apply the graph transform, it is necessary to 

create clusters for both the EL and U-BL point clouds. 

5. Using the EL and U-BL clusters, a spatial Inter-layer 

prediction process is applied, so that only appropriate 

residuals are transformed and coded.  

6. For each U-BL cluster, a graph transform is learned and 

applied to the previously obtained residuals, obtaining the 

transform coefficients.  

7. Finally, some transform coefficients are selected, quantized 

and entropy coded, thus creating the EL point cloud 

bitstream. 

 
Fig. 1.  GTGC encoding architecture. 

 
Fig. 2.  GTGC decoding architecture. 

The main objectives for the modules in the GTGC solution 

are now outlined: 

BL Coding 

 BL Octree Creation: This module creates the two layers 

that will be used for coding: one with a coarse level of detail, 

denominated BL; and another with the full point cloud, 

denominated EL. This division is made by creating an octree 

structure for the BL up to a certain number of points. The 

octree is iteratively extended until the pre-defined ratio 

between the number of points in the BL and EL clouds, the 

so-called BL-EL number of points ratio, is achieved.  

 BL Octree-based Coding: This module codes the 

previously created BL octree structure which is sent to the 

decoder, thus making the BL point cloud available at both 

the encoder and decoder sides; in this case, the PCL codec 

is used for BL point cloud coding, thus providing 

compatibility with PCL in the BL. 

EL Coding 

 BL Upsampling: In this module, an U-BL point cloud is 

created given the decoded BL point cloud. The main target 

is to upsample the BL point cloud to obtain a higher density 

point cloud with approximately the same density, i.e. the 

same number of points, as the full EL point cloud. The 

output of this step is the U-BL cloud, which will be used 

after to create the U-BL clusters. 

 EL Clustering: The main objective of this module is to 

create the clusters for the EL cloud, this means the full 

cloud, to which different graph transforms learned from the 

BL cloud will be applied. This step creates clusters with a 

K-Means procedure for a given input point cloud with a 

user-specified number of clusters and a similar (although 

not necessarily exactly the same) number of points in each 

cluster. The output of this step is the set of EL clusters point 

coordinates and corresponding cluster centroids. Both the 

centroids and the clusters dimensions must be sent to the 

decoder, thus making it possible to perform both the U-BL 

clustering and apply the graph transform related modules at 

the decoder. 

 U-BL Clustering: The purpose of this module is to create 

U-BL clusters, as similar as possible to the EL clusters 

created in the previous module, using the U-BL cloud 

previously created. Note that the decoder must be able to 

reproduce this same clustering to make it possible to learn 

the exact same graph transform basis functions at both the 

encoder and decoder sides. This approach ensures that, for 

each EL cluster centroid received from the EL clustering 

module, a corresponding U-BL cluster is created with equal 

dimension, i.e. number of points, thus creating a rather good 

match between the EL and U-BL clusters. 

 Inter-layer Prediction: The main target of this module is 

to guarantee that the residuals energy, i.e. the EL to U-BL 

point-to-point distance, is minimized. As each EL and U-

BL clusters are stored as 3D points vectors, it is necessary 

to sort the EL vector so that the correspondence distances 

between 3D points with the same index are minimized. To 

do so, an Inter-layer point matching algorithm is applied to 

the previously created U-BL and EL clusters; this step is key 

to reduce the residuals for the following module. Notice 

that, as the decoder does not have both cloud layers 

available, this Inter-layer point matching procedure is only 

done at the encoder side. This Inter-layer prediction module 

was designed to provide benefits in terms of RD 

performance, notably it is very critical that the U-BL and EL 

clusters are as similar as possible. Thus, it is important to 

create a high similarity between the U-BL and EL layers 

clusters with a suitable BL upsampling procedure. The 

output of this module are the sorted EL vectors per cluster, 

thus representing each EL cluster geometry in terms of 

correspondences to the U-BL, the so-called Inter-layer point 

matching correspondences. 

 Geometry Residuals Computation: The main goal of this 

module is to compute the geometry residuals for each pair 

of EL and U-BL clusters, so that the overall compression 

efficiency is improved; in practice, this step should lower 

the energy of the signal to be after transformed.  

 Graph K-NN Creation: In this module, a graph K-NN 
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structure is created at both the encoder and decoder for each 

U-BL cluster. In the graph structure, each graph vertex 

corresponds to a point with certain 3D coordinates. 

Moreover, it is necessary to ensure that each graph vertex is 

connected to at least K nearest neighbors, where K is 

obtained using a percentage of the cluster number of points. 

Also, a suitable weight expression shall be adopted for the 

adjacency matrix creation. This module outputs the 

adjacency matrix for each U-BL cluster. 

 Graph Transform Basis Functions Creation: In this 

module, the graph transform basis functions are obtained 

based on the graph previously created for each U-BL 

cluster. To do so, given the adjacency matrix for each 

cluster, the Laplacian matrix and the corresponding eigen-

decomposition are computed, thus obtaining the so-called 

graph transform basis functions. These graph transform 

basis functions will be used in the graph transform module 

applied to the geometry residuals.  

 Graph Transform: This module applies the graph 

transform, defined by the graph transform basis functions 

learned in the previous module, to each of the components 

of the xyz vectors corresponding to the residuals for each 

cluster. The input to this module are the geometry clusters 

residuals, to be transformed, and the graph transform basis 

functions computed in the previous module; the output are 

the transform coefficients for the residuals of each cluster. 

 Graph Transform Coefficients Selection: The objective 

of this module is to select the most relevant graph transform 

coefficients, zeroing the least relevant ones. The relevance 

of the coefficients is mainly based on their energy. This 

selection procedure is based on the ordered graph transform 

basis functions previously learned. 

 Transform Coefficients Quantization: This module 

applies a dead-zone uniform quantizer to the previously 

computed selected coefficients, thus obtaining the quantized 

coefficients. 

 Rate-Quality Trade-Off Control: This module controls 

the rate-quality trade-off for the GTGC solution. To do so, 

a control parameter is created, the so-called rate-quality 

control factor (RQCF), that controls both the graph 

transform coefficients selection and the transform 

coefficients quantization.  

 Entropy Coding: The last encoder module is the entropy 

coding, which generates the bitstream to be sent to the 

decoder side while exploiting the quantized coefficients 

statistics; here an arithmetic encoder based on a Laplacian 

distribution has been adopted.  

Although the presented architecture only uses two coding 

layers, it is possible to increase the number of coding layers by 

recursively predicting each layer based on the previous layer, 

thus augmenting the potential benefit introduced by the Inter-

layer prediction module. As increasing too much the number of 

layers may penalize the overall compression efficiency, this 

should only be done following well identified application 

scenario requirements. 

IV. PROPOSED GRAPH-BASED POINT CLOUD CODING 

SOLUTION:  MAIN TOOLS 

The purpose of this section is to detail the main coding tools 

designed and implemented for the GTGC solution. To do so, 

the various modules introduced in the walkthrough above will 

be described and the respective design decisions motivated.  

A. BL Octree Creation and Coding 

The objective of this module is to create and code the BL 

point cloud using an octree structure. The main control 

parameter for this module is the BL-EL number of points ratio, 

defined as the target ratio between the number of points in the 

BL and EL (full) point clouds. To do so, the following steps are 

performed: i) first, the EL geometry information is used to 

create an octree structure; ii) after, the created octree structure 

is iteratively divided until the desired BL-EL number of points 

ratio is achieved. The final step of this module is the encoding 

and decoding of the BL octree structure created using the octree 

voxel size previously obtained. In order to do so, the PCL codec 

is used with the voxel resolution and point precision parameters 

both equal to the octree voxel size found. In the end, the BL 

cloud is present at both the encoder and decoder sides. Fig. 3 

(a) shows a BL cloud with 20% of BL-EL points ratio. 

B. BL Upsampling 

The main target for this module is to perform the 

upsampling of the BL point cloud to match the EL point cloud  

 
(a) 

 
(b) 

Fig. 3.  (a) Egyptian Mask BL point cloud with BL-EL points ratio of 20%; (b) 
Reconstructed surface using the Poisson reconstruction method for the 

Egyptian Mask BL cloud.  

density. To do so, two steps are followed: i) first, the Poisson 

surface reconstruction method is adopted to compute a 3D mesh 

for the BL point cloud; and ii) using the 3D mesh faces, i.e. the 

mesh triangles, an upsampling algorithm is used to add more 

points to the BL cloud, that is, to create the U-BL point cloud. 

It is important to state that the motivation to use an upsampling 

algorithm emerged from the need to produce an U-BL cloud as 

uniform as possible, this means with points rather regularly 

spaced. The upsampling algorithm implemented iteratively 

divides the mesh faces into smaller triangles and computes their 

corresponding centroids. These centroids are the points to be 

added to the U-BL cloud. The algorithm stopping criterion is 

the number of points present in the U-BL cloud. If this number 

is equal to the EL cloud, the algorithm ends. 

C. EL Clustering 

The purpose of this module is to perform a suitable 

clustering of the EL point cloud by dividing its points into a 
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user-specified number of clusters; note that the clusters 

obtained shall have a similar (although not necessarily precisely 

the same) number of points and represent a local volume of the 

point cloud. To limit the time complexity of the graph transform 

learning, i.e. to have a computable eigen decomposition, the 

size of the clusters cannot be very high (at maximum a few 

hundred of points). The clustering algorithm used is the K-

Means and its implementation was adopted from [9]. After 

performing the K-Means clustering, each point in the EL point 

cloud is associated to a cluster and each EL cluster is defined 

by the corresponding centroid; the clusters centroids will be 

used in the following module and must also be present at the 

decoder side. The estimation for this overhead was made 

considering 30 bits per centroid, corresponding to 10 bits per 

component. 

D. U-BL Clusters Creation 

The main goal of this module is to create the U-BL clusters 

based on the U-BL point cloud and the EL cluster centroids. 

This procedure intents to create U-BL clusters similar in 

geometry to the corresponding EL clusters. Moreover, as the 

graph transform basis functions will be learned from the U-BL 

cluster and applied to the corresponding residuals it is 

mandatory that the EL, U-BL and their corresponding residuals 

have the same sizes so that the Inter-layer prediction and graph 

transform steps can be performed. To achieve the goals 

previously outlined, the following steps are performed: 

1. U-BL Points Assignment: Using the EL clusters centroids, 

each point in the U-BL point cloud is assigned to the closest 

EL centroid, creating the so-called U-BL temporary 

clusters. 

2. U-BL Temporary Clusters Resampling: As the previous 

step does not ensure that the U-BL temporary cluster has the 

same number of points as the corresponding EL cluster, it is 

necessary to perform some resampling as follows:  

i) Points Removal: in case the U-BL temporary cluster 

has a number of points higher than the corresponding EL 

cluster, some points from that U-BL temporary cluster 

have to be removed. To select the points to be discarded, 

the distance between each temporary U-BL cluster point 

and the corresponding three closest U-BL cluster points 

is computed and stored in a distance vector; afterwards, 

the points associated with the lowest distance in this 

vector are progressively discarded. There is a natural 

restriction in this process preventing that the BL cloud 

points present in the U-BL temporary cluster being 

processed are discarded;  

ii) Points Addition: In case the U-BL temporary cluster 

has a number of points lower than the corresponding EL 

cluster, some points have to be added to the U-BL 

temporary cluster. To do so, the K-Means algorithm is 

used to iteratively divide the U-BL temporary cluster; 

thus obtaining temporary sub-clusters. The temporary 

sub-clusters centroids, which are associated to the 

previously obtained sub-clusters, are added to the U-BL 

temporary cluster. Note that the points to be added are 

not present in the U-BL cloud.  

The resampling algorithm stopping criterion is the U-BL 

temporary cluster number of points; the addition of U-BL 

points stops when it reaches the dimension desired, i.e. the 

corresponding EL cluster dimension. Fig. 4. (a) and (b) 

show a U-BL cluster obtained using the resampling with 

addition of points and with removal of points, respectively. 

Here, the U-BL clusters are shown as red points, the 

corresponding EL clusters as green points and the 

corresponding EL cluster centroid as a black point. The BL 

point cloud was obtained using a BL-EL points ratio of 15%. 

E. Inter-layer Prediction 

The objective of the Inter-layer prediction module is to 

exploit the redundancy between layers, this means to avoid the 

EL points to be coded directly and instead coding a residual 

distance between each EL point and some corresponding point 

in the U-BL. To obtain high compression efficiency, the 

residual energy, i.e. the EL to U-BL points distance, should be 

minimized. As each cluster is stored as a vector of 3D points 

and each point has an index associated, the distance between 

points with the same index in the EL and the U-BL vectors must 

be minimized. For each cluster, the proposed Inter-layer 

prediction algorithm performs the following steps: 

1. Sorted EL Vector Creation: First, an empty vector with 

the same size of the EL cluster, called sorted EL vector, is 

created; this vector will be used to store the EL cluster points 

sorted according to some criteria.  

 
(a) 

 
(b) 

Fig. 4.  Examples of EL clusters (green points), the corresponding EL centroid 

(black point) and the corresponding U-BL clusters (red points) with the BL-EL 
number of points ratio of 15%: (a) Points addition step; (b) Points removal step.  

2. Sorted EL Vector Point Addition: For each point in the 

U-BL cluster previously obtained, starting at index zero, the 

closest point in the corresponding EL cluster is found and 

added to the sorted EL vector.  

3. Original EL Point Removal: The point included in the 

sorted EL vector in the previous step must be removed 

(after) from the EL vector so that there are no duplicate 

points in the sorted EL vector. The algorithm iterates Steps 

2 and 3 until all points in the U-BL cluster have been 

processed. This ensures that all points in the EL cluster have 

been added to the sorted EL vector as the U-BL and EL 

clusters should have the same dimensions; the main goal 

here is that the Inter-layer point matching correspondence 

distances are minimized. 

The output of the algorithm previously detailed is a sorted 

EL vector, which has the same points as the EL vector but now 

ordered accordingly to the minimum U-BL vector distance.  

As the large distance correspondences have a high negative 

impact on the RD performance, a points discarding method is 

here proposed that naturally slightly reduces the EL decoded 

number of points. The PCL codec also reduces the rate by 

intensively reducing the number of points.  
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The proposed discarding algorithm, for each pair of U-BL 

and EL clusters, works as follows: i) first, computes the Inter-

layer mean distance of the clusters; ii) after, defines a discarding 

threshold based on the previously computes mean distance, e.g. 

two times the Inter-layer mean distance value; iii) finally, 

discards the last indices of both the U-BL and EL vectors until 

their Inter-layer distance value is below the threshold. In the 

end, it is necessary to send the resulting clusters size to the 

decoder. The overhead estimation is performed using a DCPM 

approach, where the minimum size of the clusters is send and 

the difference between that value and the maximum size of the 

clusters is used, in combination with the number of clusters, to 

estimate the bitrate. 

F. Geometry Residuals Computation 

The objective of this module is to compute the geometry 

residuals, thus ensuring compression efficiency gains by taken 

advantage of the strong similarity between the U-BL and EL 

clusters. In order to do so, the geometry residuals for each 

cluster coordinate value are computed as follows 

𝑥𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 = 𝑥𝐸𝐿 − 𝑥𝑈−𝐵𝐿 (1) 

where 𝑥𝐸𝐿 and 𝑥𝑈−𝐵𝐿 are, respectively, the EL and U-BL 

coordinate values (for x), and 𝑥𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 is the residual coordinate 

computed that will be transformed in the following modules 

(see Fig. 1). Naturally, it is necessary to compute the residual 

coordinate values for y and z, changing x in (1) for, respectively, 

y and z. 

G. Graph K-NN Creation and Transform Basis Functions 

Creation and Application 

The objective of this set of modules is to learn the graph 

transform basis functions for each cluster and then apply the 

learned transform to the residual coordinates, thus computing 

the transform coefficients; the specific architecture for this 

sequence of modules is illustrated in Fig. 5. 

 
Fig. 5.  Transform related modules. 

The processing steps of the transform related modules, for 

each U-BL cluster, is as follows:  

 Graph K-NN Creation: First, a K-NN graph is created to 

represent the connectivity and similarity of the U-BL 

cluster. To do so, the connectivity matrix is computed 

followed by the adjacency matrix. For the adjacency matrix, 

different weights may be used that consider for example the 

variance of the points distance or the corresponding edge 

distance. 

 Graph Transform Basis Functions Creation: Given the 

adjacency matrix computed above, this step targets the 

graph transform basis functions creation. To do so, the 

following steps are performed: i) a Laplacian matrix is 

created for the adjacency matrix received; ii) the eigen 

decomposition of the Laplacian matrix previously obtained 

is computed, thus creating the corresponding eigenvalues 

and eigenvectors; iii) a sorting step is done ensuring that the 

eigenvalues are ascendingly ordered in terms of their 

absolute value, and the same reordering permutations are 

applied to the eigenvector matrix columns. In the end, the 

eigenvector columns are ascendingly ordered in terms of 

their frequency, thus the first column will originate the DC 

coefficient after the graph transform is applied. The 

eigenvector matrix correspond to the graph transform basis 

functions (GTBF). 
 Graph Transform: The final step corresponds to the 

computation of the transform coefficients for the residual 

geometry coordinates. Naturally, the GTBF computed in the 

previous step are used. For each of the geometry clusters 

residuals components, x, y and z, a transform coefficient 

vector is obtained by multiplying the graph transform basis 

functions matrix by the relevant residual coordinates vector 

as follows 

𝑐𝑜𝑒𝑓𝑓𝑥 = 𝑥𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 × 𝐺𝑇𝐺𝐹 (2) 

Naturally, (2) is performed three times as the three xyz 

coefficients components must be computed. Note that it is 

possible to eliminate (zeroing) transform coefficients, making 

the transform process conceptually lossy. From now on, each of 

the coefficients matrix columns will be denominated a subband 

since all coefficients in that column correspond to the same 

frequency. In practice, not all the computed transform 

coefficients will be coded as some will not be selected. 

H. Graph Transform Coefficients Selection 

The main goal of this module is to perform an appropriate 

selection of the graph transform coefficients, exploiting the 

characteristics of the graph-based transform previously applied. 

This selection process controls the number of transform 

coefficients to be discarded, i.e. whose corresponding values 

are set to zero, in order that no rate is spent in coefficients 

bringing relatively small quality improvements. Taking into 

account the graph transform basis functions ordering explained 

in the previous section, the coefficients selected should 

correspond to coefficients in the first indices of the coordinate 

vector (i.e. first subbands), which hold the highest amount of 

energy (i.e. higher square value). 

The control parameter for this module is the coefficients 

selection percentage, defined independently for each transform 

coefficients vector computed in the previous module; this 

procedure is equally and independently applied to the various 

transform coefficients vector components, i.e. xyz. This module 

discards a percentage of the coefficients vector values as 

follows 

𝑐𝑜𝑒𝑓𝑓_𝑠𝑒𝑙𝑖 = {
𝑐𝑜𝑒𝑓𝑓𝑖 , 𝑖𝑓 𝑖 < 𝑐𝑒𝑖𝑙(𝑁𝑝𝑜𝑖𝑛𝑡𝑠_𝑐𝑙𝑢𝑠𝑡𝑒𝑟 × 𝑆%)

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

(3) 

where 𝑐𝑜𝑒𝑓𝑓𝑖 is computed in (2), ceil(…) is the ceil function, 

𝑁𝑝𝑜𝑖𝑛𝑡𝑠_𝑐𝑙𝑢𝑠𝑡𝑒𝑟  is the number of points in the cluster and 𝑆% is the 

selection percentage.  

Naturally, the larger the selection percentage applied, the 

lower the number of coefficients discarded and thus the higher 

the resulting quality (as less coefficients will be set to zero); 

thus, the coefficients selection module has naturally an impact 

on the final rate-quality trade-off. 
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I. Transform Coefficients Quantization 

The objective of this module is to quantize the selected 

coefficients previously computed, thus introducing some error. 

The quantization method adopted in the GTGC solution is a 

dead-zone uniform scalar quantizer. The control parameter for 

this module is the quantization step size, which controls both 

the number of quantization bins (given a maximum coefficient 

value), as well as the quantization bin width of the bins in which 

the selected coefficients may lie. Naturally, the lower the step 

size applied, the higher the resulting quality as the number of 

bins will be larger and the bin width narrowed. In other words, 

the lower the step size, the lower the quantization error. 

J. Rate-quality Trade-off Control 

This module controls the main coding parameters of the 

GTGC solution: the selection percentage and the quantization 

step size. To do so, a coding parameter was introduced, the so-

called rate-quality control factor (RQCF). This parameter was 

designed to control both the quantization step size and the 

selection percentage so that the resulting rate-distortion (RD) 

performance is the best possible.  

First, the relationship between 𝑅𝑄𝐶𝐹 and the quantization 

step size is addressed, as the resulting expression is used after 

to obtain the relationship between 𝑅𝑄𝐶𝐹 and the coefficients 

selection percentage. With the objective of determining an 

appropriate quantization step size for a specified 𝑅𝑄𝐶𝐹 value, 

the following expression is used 

𝑄𝑆𝑥 =
𝑐𝑜𝑒𝑓𝑓𝑥𝑚𝑎𝑥 − 𝑐𝑜𝑒𝑓𝑓𝑥𝑚𝑖𝑛

214−𝑅𝑄𝐶𝐹  
(4) 

Using (4), the y and z quantization step size is computed, 

changing x for, respectively, y and z. Next, the maximum of all 

components QS values is computed to obtain the common 

quantization step size. 

At this stage, the relationship between RQCF and the 

coefficients selection percentage shall be defined. For a given 

RQCF, there is only one pair of quantization step size and 

selection percentage that should lead to the best RD 

performance and, therefore, a reliable relationship between the 

selection percentage and RQCF must be determined. In order to 

do so, the following steps were performed using a set of four 

point clouds: i) for different pairs of selection percentage and 

RQCF values, which is already associated with a QS, RD points 

are obtained, see Fig. 6 (a); ii) using the set of RD points a 

convex hull is determined to extract the best pairs of values; iii) 

after, concatenating the best pairs of values a fitting curve is 

plotted; iv) finally, a fine-tuned fitting curve is obtained using 

suitable discarding procedures, see Fig. 6 (b). Using the 

expression associated to the fine-tuned fitting curve obtained in 

iv) it is possible to find a suitable value for the selection 

percentage for each value of the RQCF. 

 
(a) 

 
(b) 

Fig. 6.  (a) Convex hull for the Egyptian Mask point cloud; (b) Fine-tunes fitting 

curve.  

In the end, both the QS and the selection percentage are 

associated to a RQCF value. 

K. Entropy Coding 

The purpose of this module is to exploit the statistical 

redundancy of the quantized transform coefficients, here the 

symbols to be coded, computed in the coefficients quantization 

module described above. In other words, the main goal of an 

entropy encoder is to losslessly and efficiently represent a set 

of symbols into a sequence of bits while considering its 

statistics. The efficiency of an entropy encoder is measured by 

how close the average number of bits per symbol is to the 

theoretical entropy value. 

The entropy encoder used in the GTGC solution is an 

arithmetic encoder [10]. To better understand the arithmetic 

encoding procedure, please refer to [10] as it contains an 

example and source code implementation. In order to determine 

the most efficient method (in terms of RD performance) to 

entropy encode the quantized coefficients matrix, two 

approaches were considered: 

1. Subbands Approach: Here each column of the quantized 

coefficients matrix, i.e. each quantized coefficients 

subband, is independently entropy encoded.  

2. Clusters Approach: Here each row of the quantized 

coefficients matrix, i.e. all the quantized coefficients 

associated to a given cluster, is independently entropy 

encoded.  

The method adopted is the subbands approach has it yield 

the best RD performance results. After determining the entropy 

encoder input data model, the next step consists in statistically 

characterizing the input data so that the probability tables, 

necessary for entropy coding, are created. Fig. 7 a) and b) depict 

relative frequency histograms for two different quantized 

coefficients subbands, notably subbands 5 and 70. By analyzing 

the histograms in Fig. 7, showing the relative frequency of each 

symbol, it is possible to conclude that the quantized coefficients 

subbands follow rather well a Laplacian distribution; the same 

conclusion holds for the remaining subbands. 

 
(a) 

 
(b) 

Fig. 7.  (a) Convex hull for the Egyptian Mask point cloud; (b) Fine-tunes fitting 
curve.  

As it can also be observed from Fig. 7 a) and b), the mean 

value of the coefficients subbands distribution is zero (or rather 

close to zero). Thus, the entropy encoder method proposed in 

the GTGC solution is an arithmetic encoder with frequency (or 

probability) tables derived from a zero-mean Laplacian 

distribution.  

V. PERFORMANCE ASSESSMENT 

A. Test Material 

The main purpose of this section is to present the set of point 
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clouds used along this section, notably detailing their main 

characteristics. To assess the GTGC performance, the test 

material was selected from the MPEG repository created for the 

MPEG CfP on PCC [11]. Fig. 8 shows the point cloud test 

material, with color attributes, notably: (a) Egyptian Mask; (b) 

Statue Klimt; c) Loot; and d) Longdress. The selected point 

clouds include two different types of point clouds depending on 

the way they were acquired and their general characteristics, 

notably inanimate objects and people. The inanimate objects 

dataset has acquisition noise, i.e. noisy surface, holes (regions 

with no points) and non-uniform regions in terms of density 

(that include sparser and denser regions). The people dataset 

has smoother surfaces and more uniform regions with no 

obvious hole regions. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 8.  Test material point clouds containing color attributes: (a) Egyptian 

Mask; (b) Statue Klimt; (c) Loot; and (d) Longdress.  

The unique characteristics of each selected point cloud, 

which will be critical to better analyze the coding performance, 

are now detailed: 

1. Egyptian Mask: Inanimate object point cloud, with 272 689 

3D points, representing an Egyptian mask; this point cloud 

has large holes, the non-uniform regions in terms of density, 

and a rather noisy surface. 

2. Statue Klimt: Inanimate object point cloud, with 499 886 

3D points, representing the statue of a woman holding a 

baby; this point cloud also has a noisy surface and non-

uniform regions in terms of density of points. 

3. Loot: People type point cloud, with 805 285 3D points, 

representing a man; the man arms (high amplitude and 

distant from each other and from the body) and the fingers 

are the most difficult parts to be coded.  

4. Longdress: People type point cloud, with 857 966 3D 

points, representing a woman wearing a long dress; the hair 

details and the dress surface are the most difficult parts to 

be coded. 

B. Test Conditions 

This section presents the most relevant test conditions that 

were applied to the test material. First, some pre-processing 

steps are performed to ensure that the test material is in a 

suitable format to be coded. With that purpose in mind, the main 

steps are the point cloud attributes extraction, i.e. removing the 

attributes from the point cloud, and the resulting geometry 

normalization. It is important to state that, when assessing the 

coding performance using objective quality metrics and 

following the specifications defined in the MPEG Call for 

Proposals (CfP) [12], it is necessary to perform the inverse 

operation to the point clouds as the objective quality assessment 

is performed between denormalized original and decoded point 

clouds. 

Also, to perform the appropriate GTGC assessment, it is 

important to adopt a bitrate range which is perceptually 

meaningful; for example, it does not make sense to consider rate 

ranges where the resulting quality is already so high that no 

improvements are perceptually relevant, even if the objective 

quality keeps improving. This reasoning is especially relevant 

for application scenarios such as 3D immersive telepresence, 

3D broadcasting and video games, where lossless point cloud 

reconstruction is not required. Thus, the main goal here is to 

select a bitrate range which avoids qualities that are very similar 

to each other. To select these rates, an informal subjective 

quality assessment has been performed with rendered point 

clouds since this is what the users see and also including the 

color attributes, again because this is what is done for the 

addressed application scenarios. However, it is important to 

stress that no color attributes coding was performed and thus all 

the bits per point (bpp) results presented only refer to the 

geometry. The rendering was performed using the Technicolor 

software also used in MPEG [13]; this rendering software has 

two key control parameters: the point size and the rendering 

primitive. Different point size values were tested, for each point 

cloud presented, and the size producing no holes in the rendered 

point cloud was selected. The rendering primitive used for the 

four point clouds was cubes, in detriment of points or splats. 

From the informal subjective assessment it was perceptible 

that at 2 bpp coding, the quality of the PCL decoded point 

clouds was already very high, both in terms of the clouds shape 

and its resolution. Based on this evidence, it was concluded that 

the appropriate performance assessment of the coding solutions 

may be done using a bitrate range of [0, 2] bpp. Although 

recommending this bitrate range, it is important to stress that 

the 2 bpp maximum value may be adjusted for the specific 

target point cloud as some datasets achieve rather high qualities 

for lower bpp values. 

C. Metrics and Benchmarks 

This section starts by outlining the objective quality 

metrics used for the RD assessment followed by an 

introduction to the benchmark solutions. Considering the 

MPEG CfP [12], the objective performance assessment will 

be conducted based on the RD performance. In this context, 

the rate will be reported as bpp, computed by dividing the total 

rate by the number of points in the original point cloud, while 

the distortion will be reported in terms of the PSNR of a point-

to-point error and the PSNR of a point-to-plane error, i.e. 

cloud-to-cloud (C2C) and cloud-to-plane (C2P) metrics. The 

number of decoded points is also an important metric, 

especially because it may be substantially lower than the 

number of points in the original cloud, notably for the PCL. 

The general peak signal to noise ratio (PSNR) expression used 

for the geometric distortion assessment is: 

𝑔𝑃𝑆𝑁𝑅 = 10𝑙𝑜𝑔10(
3𝑝𝑒𝑎𝑘2

𝑠𝑅𝑀𝑆
) 

(5) 

where sRMS is the symmetric root mean square distance; 

symmetric because this distance is computed first for all points 

of the original point cloud and after for all points of the decoded 

point cloud. The peak parameter is the adopted peak signal 

value (presented in Table I) and gPSNR is the resulting 

geometric PSNR value. It is important to state that the sRMS 
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computation is performed differently for the C2C and C2P 

metrics. Table I contains important information about the test 

point clouds, namely their dataset, the number of points, the 

peak value used to compute the gPSNR and the coordinate 

values precision (in bits). Note that both the peak and precision 

values here defined are those adopted in the MPEG CfP. 

The adopted coding benchmarks are now introduced. In 

summary, two coding benchmarks are considered:  

1. PCL Intra solution: The PCL Intra solution corresponds to 

the PCL codec used for static point clouds; the PCL Intra 

coding parameters are the point precision and voxel 

resolution. 

2. The so-called unrealistic graph transform geometry 

coding (U-GTGC) solution: The U-GTGC solution 

basically corresponds to the GTGC solution using a set of 

graph transform basis functions learned using the EL 

clusters geometry information, instead of the U-BL clusters 

geometry information. While this approach is unrealistic as 

the EL clusters geometry information is not available at the 

decoder side, it allows to assess the RD performance of the 

proposed codec using ideal transforms, thus assessing the 

impact of using practical transforms, learned from an 

upsampled cloud. Also, instead of the residuals, this 

solution codes the EL clusters geometry information. The 

coding parameters for this solution consist on the adjacency 

matrix weight expression, the K value per cluster and the 

number of points per cluster; all these coding parameters are 

also present in the GTGC solution and are introduced in the 

following section.  

For the PCL Intra solution, the point precision tool is 

disabled by setting its parameter value as the same as the voxel 

resolution. Using different values for this voxel resolution RD 

curves were obtained for each cloud and will be shown in the 

RD performance assessment section. For the U-GTGC 

solution, the coding parameter values are the same as for the 

GTGC, defined in the following section; the only difference is 

that the BL-EL points ratio is set to 0% (there is no BL cloud) 

and the EL discard is disabled. Therefore, the number of points 

present in the U-GTGC solution is the same as the number of 

points in the original point cloud. 

D. Selecting Best Coding Parameters Configuration 

The main goal of this section is to present the performance 

assessment impact of the GTGC coding parameters and to 

define the best coding parameters configuration. To obtain this 

best coding configuration, it is important to perform a thorough 

study of the performance impact of each coding parameter. 

With this objective in mind, the target is to list the main coding 

parameters and their corresponding values or expressions used 

in the course of the following assessment. The coding 

parameters sensitivity study has been performed as follows: for 

each single coding parameter, the set of relevant values were 

evaluated and the best value in terms of performance is selected 

for the next experiments. 

Naturally, it is important to establish a suitable order for this 

coding parameters study as this order has an impact on the 

associated selection. The order used for the coding parameters 

study is the order corresponding to the list below. A brief 

description of each coding parameter will now be outlined: 

1. Adjacency Matrix Weight: This expression represents 

the possible values for the weight in the adjacency matrix 

which is obtained from the graph K-NN creation. Three 

different expressions were studied: a ‘transparent’ weight 

equal to one, making the weight independent from the 

points edge distance which represents the topology of the 

U-BL cluster; one inversely proportional to the points edge 

distance, i.e. higher distances lead to lower weights; and a 

last one proportional to the points edge distance, i.e. higher 

distances lead to higher weights. 

2. K Value per Cluster: For each U-BL cluster, this 

parameter expresses the K value for the graph K-NN 

creation, obtained using a percentage of the total number 

of cloud points in each cluster. When assessing the 

different values for this coding parameter, the adjacency 

matrix weight expression used will already be the best. The 

values that were tested corresponded to the [5,60]% 

interval; an increment of 5% was used to avoid testing too 

similar values. 

3. Target Number of Points per Cluster: This parameter 

defines the target number of points in the EL and U-BL 

clusters. The input parameter to the K-Means clustering 

module, i.e. the number of EL and U-BL clusters, is 

obtained by dividing the total number of points in the 

original cloud by this parameter value. For this coding 

parameter experiment, the parameters previously 

described are used with their corresponding best values. 

The values for the target number of points per cluster were 

in the [200, 500] interval, with increments of 50. 

4. BL-EL Points Ratio and EL Points Discarding 

Threshold: The first parameter expresses the BL-EL 

points ratio necessary for the BL octree creation and 

coding module and defines the number of points in the BL 

point cloud. The study of this parameter was jointly done 

with the EL discard threshold parameter, as these 

parameters are strongly correlated. The second parameter 

is used in the U-BL clusters creation and matching module 

and expresses the number of EL points to be discarded, i.e. 

which are not present in the decoded cloud; in practice, it 

defines how lossy is the adopted coding configuration (in 

terms of number of decoded points). The values for the 

BL-EL points ratio were 1, 2, 5, 10 and 15 % and for the 

EL points discarding threshold were 0.05, 0.1, 0.25, 0.5, 

0.75, 1, 2 and 3 times the Inter-layer mean distance. Notice 

that it is possible to disable the discarding procedure, thus 

TABLE I 

TEST MATERIAL INFORMATION: DATASET, NUMBER OF POINTS, PEAK VALUE 

AND PRECISION. 

Point Cloud Dataset 
Number of 

Points 
Peak Value Precision [bits] 

Egyptian Mask 
Inanimate 

Objects 

272 689 0.142735 10 

Statue Klimt 499 886 0.30491 10 

Loot 

People 

805 285 1023 32 

Longdress 857 966 1023 32 

 

 

TABLE II 

GTGC BEST CONFIGURATION: CODING PARAMETER VALUES. 

RQCF 

Adjacency 

Matrix 

Weight 

K Value per 

Cluster (% of 

the number 

of points in 

the cluster) 

Target 

Number of 

Points per 

Cluster 

BL-EL 

Number of 

Points 

Ratio 

EL Points 

Discarding 

(MeanDistIL) 

6 

𝑒
−(

𝐷𝑖𝑠𝑡𝑖𝑗

√𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒
)
 

20 200 10 

0.5 

7 20 300 5 

8 20 300 5 

9 50 500 1 

10 50 500 1 
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coding all original points, i.e. not discarding any. In this 

case, the number of decoded points is the same as the 

number of original points. 

Table II depicts the results of the study. The coding 

parameter values shown will be used in the following section to 

assess the GTGC solution performance.  

E. RD Performance Assessment 

The main goal of this section is to present the final RD 

performance for the GTGC solution and to benchmark it with 

the PCL and the U-GTGC solutions. First, the RD performance 

for each solution is obtained using the objective quality metrics 

previously outlined. After, for the GTGC and PCL solutions, an 

informal subjective assessment is done to better understand 

their perceptual strengths and drawbacks. 

First, for the Egyptian Mask only (due to document size 

constraints, the RD performance is presented, for both the C2C 

and C2P metrics. Next, the Bjøntegaard-delta (BD) metrics are 

used to compute the bitrate/PSNR gains between the two 

realistic coding solutions, i.e. GTGC and PCL. Finally, the BD-

PSNR and BD-bitrate results for each point cloud are used to 

compute a mean to express the overall GTGC gains over PCL. 

The BD results shown are for all test material point clouds.  

Fig. 9 (a) and (b) show the RD performance using, 

respectively, the C2C and C2P objective quality metrics, for the 

Egyptian Mask point cloud only due the available document 

size. After computing the PSNR for both the C2C and C2P 

metrics, it is possible to use the BD metrics to assess the GTGC 

performance regarding the PCL solution. To do so, the BD-

PSNR and BD-bitrate gains, for both the C2C and C2P metrics, 

and for each point cloud, are computed and depicted in Table 

III. Also, the mean of the BD values is computed to estimate the 

overall gain. The BD metrics shown were computed using the 

four lower bpp values for each solution. 

 
(a) 

 
(b) 

Fig. 9.  Egyptian Mask RD performance for: (a) C2C; and (b) C2P metrics.  

From the chart and the results in Table III, it is possible to 

conclude that the proposed GTGC solution brings substantial 

RD performance gains regarding the PCL solution. The average 

rate gains are around 50% for a similar quality which is a very 

substantial gain. Moreover, these gains are obtained with 

decoded point clouds including a significantly higher number 

of decoded points. However, it is also clear that the proposed 

GTGC solution RD performance saturates for the higher 

bitrates, which does not occur for the unrealistic graph 

transform solution. This behavior seems to indicate that the 

higher frequency coefficients are far from ideal and do not 

allow a continuous quality increase with the rate for the higher 

qualities. The largest gains happen for the Egyptian Mask point 

cloud what was somehow expected as the parameters 

optimization was made with that cloud. The worse gains were 

obtained for Longdress because this is the cloud with more 

geometry details, e.g. the hair and the dress. 

The informal subjective assessment was performed playing 

with clouds using the renderer software. In the course of this 

assessment it was perceptible that all GTGC decoded clouds 

targeting lower bitrates, i.e. below 1 bpp, showed significantly 

higher quality when compared to the PCL ones. On the other 

hand, for higher bitrates, i.e. over 1 bpp, the GTGC advantages 

were not that clear; while some GTGC decoded clouds showed 

better qualities, e.g. Longdress, Egyptian Mask and Statue 

Klimt, for the Loot cloud the quality seemed lower when 

compared to the PCL decoded cloud, especially on the finger 

details. It is also important to state that during the informal 

subjective assessment a clustering effect was perceived, for all 

GTGC decoded point clouds. 

At this stage, the GTGC strengths and weaknesses can be 

outlined as: 

1. Strengths: GTGC significantly outperforms the 

compression efficiency of the PCL coding solution, 

especially when targeting lower to medium point cloud 

qualities; it shows considerable gains in terms of the number 

of decoded points as it does not introduce the PCL 

downsampling effect; for all point clouds assessed, a rather 

low number of transform coefficients was enough to 

faithfully represent the surface of the point clouds with a 

number of decoded points rather similar to the original 

number. 

2. Weaknesses: For higher rate, there is a noticeable 

saturation in terms of RD performance, notably due to the 

transform coefficients quality; there is a perceptible 

clustering effect, very similar to the blocking artifacts 

experienced in the DCT-based image coding solutions, that 

should be possible to overcome with proper post-processing 

tools (thus augmenting the GTGC solution performance); 

there is a clear drawback when representing local areas with 

small details, such as the fingers details on the Loot cloud. 

In summary, the proposed GTGC solution is the first static 

point cloud geometric coding solution designed based on graph 

transforms. Its performance is very promising, thus deserving 

further research investment to address the identified 

weaknesses. 

TABLE III 

BD-PSNR AND BD-RATE CONSIDERING BOTH THE C2C AND C2P METRICS. 

Point Cloud Bjøntegaard-delta C2C C2P 

Egyptian Mask 

PSNR [dB] 3.63 3.37 

Bitrate [%] -73.6 -61.9 

Statue Klimt 

PSNR [dB] 2.69 2.48 

Bitrate [%] -50.6 -55.9 

Loot 

PSNR [dB] 5.46 4.72 

Bitrate [%] -46.5 -43.9 

Longdress 

PSNR [dB] 4.43 3.55 

Bitrate [%] -40.5 -45.8 

Overall average 

PSNR [dB] 4.05 3.53 

Bitrate [%] -52.8 -51.9 
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VI. CONCLUSIONS AND FUTURE WORK 

This final section of this paper presents the key 

contributions and suggests some ideas for future work.  

The target of this work was to design and propose a point 

cloud coding solution that exploits the graph transform to code 

geometry information of static point clouds. From the results 

obtained, it can be concluded that the proposed graph transform 

geometry coding (GTGC) solution is efficient and thus, the 

target of this work is achieved. Also, the RD performance 

evaluation shows that the GTGC brings significant 

improvements in comparison to the state-of-the-art, especially 

for application scenarios that require lower to medium point 

cloud quality. The main contributions of this Paper are listed as 

follows: 

 Design, implementation and assessment of a scalable 

point cloud codec with two layers targeting static point 

cloud geometry information. When only the base layer is 

decoded, a coarser level of detail can be obtained; the 

enhancement layer provides higher quality levels. 

 The GTGC solution proposes a novel hybrid approach 

using octree-based and graph-based coding. While the first 

is rather popular the latest has never been exploited in the 

literature for geometry coding of point cloud. 

 The GTGC achieves higher performance with respect to 

the state-of-the-art, which is the pure octree-based PCL 

coding solution; especially for lower to medium point cloud 

qualities.  

The RD performance gains of the GTGC solution are 

explained by the fact that the proposed graph transform learning 

procedure is very efficient when targeting low to medium 

qualities as the first transform coefficients are very 

representative of the original point cloud surface. On the other 

hand, for higher bitrates the performance gains are lower since 

the number of coefficients needed to represent the precise point 

location of the original point cloud is very high. Due to this fact, 

the RD performance seems to saturate as the coefficients bring 

low quality gain despite being expensive in terms of bitrate. 

Besides, the BL-EL points ratio (relationship between the 

number of points at the BL and EL layers) needs to increase to 

achieve higher qualities. This increases the overhead associated 

with the octree-base layer which makes the solution less 

efficient. It is also shown that when the graph transform basis 

are learned with the EL data (which is not possible to do in a 

realistic scenario) higher RD performance is achieved for high 

bitrate ranges. 

From the informal subjective assessment performed, it is 

clear that the GTGC and PCL coding solutions introduce 

different coding artifacts: i) the GTGC introduces a clustering 

effect (similar to the blocking artifacts experienced in standard 

DCT image codecs) that can be easily overcome with some 

suitable post-processing tool, which should allow even higher 

quality gains; ii) the PCL introduces a downsampling effect 

which is more clear for lower bitrates; after rendering, a low 

number of points leads to visible artifacts such as the 

appearance of the rendering primitives (e.g. cubes). 

Since point cloud geometry coding using graph-based 

transform is a relatively new topic, there are several interesting 

future directions that may lead to a coding solution with even 

higher performance. Considering that the proposed solution 

obtains lower RD performance gains (and in some cases losses) 

for higher bitrates, the following future work is proposed: 

 Adaptive EL Clustering: This topic targets the 

improvement of the EL clustering module so that the 

clusters have characteristics that allow to achieve higher 

compression ratios. For example, the clustering can exploit 

the normals of the point cloud to group points and therefore 

obtain surfaces that can be efficiently represented with a 

small set of graph transform coefficients which allows the 

improvement of the proposed solution performance. Also, it 

can be beneficial to consider a clustering method adapted to 

the different densities of the point cloud, which means that 

the clustering approach may consider clusters with higher 

dimensions for higher density areas of the point cloud and 

vice-versa.  

 Inter-layer Matching Algorithm: The objective of this 

topic is to improve the Inter-layer prediction module, thus 

lowering the geometry residuals energy to be coded at the 

enhancement layer. Let’s assume that for each pair of U-BL 

and EL clusters, a bipartite graph is created with the points 

of the U-BL and EL clusters [14]; consider also, that each 

possible edge between the ith U-BL and all jth EL clusters 

points has an associated weight equal to their distance. To 

find the best match between points in the U-BL and EL 

layers, the Kuhn-Munkres algorithm [15], also known as 

Hungarian algorithm, can be used. This combinatorial 

optimization algorithm may solve this matching problem 

rather efficiently. In the end, the Inter-layer matching 

distance between corresponding points of the U-BL and EL 

layers would be minimized without the need to send 

signaling information to the decoder side. 

 Upsampling Algorithm: This topic aims the enhancement 

of the BL upsampling module. With this target in mind, the 

current algorithm could be enhanced by considering the BL 

point cloud holes. Thus, two possible options could be 

pursued: i) using other surface reconstruction methods (such 

as marching cubes, surfel based geometry, etc.) more 

efficient than the current Poisson surface reconstruction; 

and ii) a suitable post-processing algorithm applied to the 

mesh surface obtained using the Poisson reconstruction 

method so that the vertices belonging to holes in the BL 

cloud are discarded. In this last case, the BL octree could be 

used to check if each point to be added to the upsampled 

point cloud also belongs to an occupied voxel of the BL 

octree. In both cases, a better Inter-layer prediction would 

be obtained and thus a lower Inter-layer residual could be 

coded.  

To conclude, there is still room for significant 

improvements in the point cloud compression of geometry 

following the graph transform-based approach. Thus, it is 

expected that with more research effort, significant efficiency 

improvements could be achieved to efficiently store and 

transmit point cloud information over bandwidth limited 

channels. 
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