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ABSTRACT 

 

With the rapid development of 3D capture techniques, point 

cloud has attracted significant attentions in recent years. Due 

to the large data volume of point cloud, efficient compression 

algorithms are essential for reducing bandwidth and storage 

consumption. In this paper, we present a novel scheme for 

point cloud attribute compression based on hierarchical seg-

mentation. In this case, both global segmentation in photo-

metric space and local segmentation in geometric space are 

analyzed to split point cloud into clusters. An octree based 

traversal algorithm is introduced to obtain the attribute stream 

of each cluster. Then, an intra-cluster prediction method is 

applied to achieve lossless compression. Meanwhile, we map 

the attribute streams to uniform 2D grids and leverage image 

coding method to achieve satisfying lossy compression per-

formance. Experimental results demonstrate that our scheme 

outperforms the previous MPEG scheme in terms of coding 

efficiency. 

 

Index Terms— point cloud, attribute compression, seg-

mentation, intra-cluster prediction 

 

1. INTRODUCTION 

 

With the increasing capacity of 3D scanning devices, it is fea-

sible to represent an object by point cloud. In the last decade, 

point cloud has been used in many applications, such as vir-

tual reality, 3D printing, and autonomous driving. It is, how-

ever, prohibitive to transmit point cloud over the current 

networks due to the huge data volume. Thus, the compression 

of point cloud is absolutely a necessary task. Much work has 

been done to find effective point cloud compression methods. 

Octree is a widely used data structure which recursively 

subdivides the point cloud-aligned bounding box into eight 

children cells [1, 2]. Typically, the position of each cell is 

represented by the cell center and the attribute is set to the 

average of enclosed points [3-5]. Based on octree decompo-

sition, Schnabel [4] proposed a progressive method for geom-

etry compression by encoding the point cloud in terms of non-

empty octree nodes. Later, a differential encoding technique 

of consecutive octree was introduced to remove temporal re-

dundancies of point cloud streams [5]. Considering the posi-

tions and colors as graph signals, Thanou [6] used motion 

compensation to perform geometry and color prediction. 

 
Fig.1. Overview of the proposed scheme 

 

For point cloud attribute compression, various methods 

have been proposed as well. Graph transform was applied in 

[7] to encode point cloud attributes. Cohen [8, 9] improved 

this method by down sampling and block based prediction. 

Mekuria [10] presented a framework in MPEG-3DG which 

mapped the color attributes to image grids by octree based 

traversal. 8-by-8 image grids were constructed, via snake 

scan, to make good use of legacy image compression methods. 

This work assumed that subsequent points in depth first tra-

versal, i.e., adjacent points in the point cloud, would share 

similar features. However, this assumption could be violated, 

particularly for point cloud with rich colors. 

Effective segmentation which gathers points with similar 

features may improve compression performance. Zhang [11] 

introduced mean shift algorithm to point cloud segmentation 

and applied six-dimensional clustering on the point cloud. 

This method works well in point cloud with small color 

gamut. However, for point cloud with more complex textures, 

like typically used human body, this method couldn’t separate 

point cloud effectively. In this paper, we propose a hierar-

chical segmentation scheme to address these weaknesses and 

facilitate the subsequent compression. 

The main contribution of this paper lies in the hierar-

chical segmentation scheme for point cloud attribute com-

pression (shown in Fig.1). We introduce the segmentation 

into photometric space and create clusters by maximizing the 

color similarity. On this basis, we design a hierarchical seg-

mentation scheme which can exploit the geometry and color 

attributes of point cloud adequately. Moreover, we use a tra-

versal algorithm and a mapping scheme to fit color attributes 

into image grids, so that well-developed image compression 

techniques can be used for raw point cloud data. 

3131978-1-5386-4658-8/18/$31.00 ©2018 IEEE ICASSP 2018



The rest of this paper is organized as follows. Section 2 

first introduces the mean shift clustering in high-dimensional 

space, and then it presents a novel hierarchical segmentation 

scheme. An octree based traversal method followed by two 

compression modes is explained in section 3. Experimental 

results and conclusions are given in section 4 and 5, respec-

tively.  

 

2. HIERARCHICAL POINT CLOUD 

SEGMENTATION 

 

Point cloud segmentation splits the point cloud into blocks 

based on geometry, color, and other characteristics, aiming to 

aggregate points with similar characteristics for each division. 

Thus, an effective segmentation can significantly improve the 

intra-cluster compression performance. In this paper, we fo-

cus on typical 3D point cloud represented by {x, y, z, r, g, b}, 

which indicates both geometry (XYZ) and color attributes 

(RGB) should be taken into account in the segmentation. Due 

to the sparsity and irregularity of the point cloud, we propose 

a hierarchical segmentation scheme based on mean shift clus-

tering to meet the requirement and facilitate the subsequent 

compression. 

 

2.1. High-dimensional mean shift clustering 

 

Mean shift clustering is a hill climbing algorithm which shifts 

the mean iteratively to a higher density region until conver-

gence [12, 13]. Mean shift clustering adapts well to the irreg-

ular distribution nature of the point cloud. Given an input 

X = {𝑥1, 𝑥2, … , 𝑥𝑛}, 𝑥𝑖 ∈ 𝑅𝑑 , the kernel density function 

could be evaluated by  

f(x) =
1

𝑛ℎ𝑑
∑ 𝐾 (

𝑥 − 𝑥𝑖

ℎ
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where h is the search bandwidth, K(x) = ck(‖x‖2) is the 

kernel function, and c is the corresponding normalization 

constant assuring that K(x) integrates to 1. Typically, the 

Gaussian kernel k(x) = exp (−
𝑥2

𝜎2) is adopted. 

Mean shift is a gradient ascend algorithm which searches 

for the nearest stationary point of the density. The gradient of 

the density function (1) is 
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where g(x) = −k′(x) = 𝑐1k(𝑥)  in Gaussian kernel. The 

modes of the density function are located at the zeros of the 

gradient function ∇f(x) = 0. This function can be solved by 

iteratively shifting the mean 𝑚ℎ(𝑥) [11-13]: 

𝑚ℎ(𝑥) =
∑ 𝑥𝑖𝑔(‖
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ℎ
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                   (3) 

When running the mean shift clustering algorithm, we 

randomly select a point as initial mean 𝑚ℎ(𝑥), on which an 

Euclidean distance based neighborhood search is performed. 

Then we shift the mean to a higher density region according 

to Eq. (3), and iterate the searching and shifting until the mean 

converges according to a pre-specified threshold. Repeat all 

the steps above until all points are clustered. Then clusters are 

created around the converged means. We merge the newly 

created clusters with existing one if the means of them are 

sufficiently close. Besides, another merger, described in 2.2, 

is designed to fit the hierarchical segmentation scheme. 

 

2.2. Hierarchical segmentation scheme 

 

Benefit from the high-dimensional mean shift algorithm, the 

point cloud can be effectively segmented. Given a point cloud 

representation {𝑥𝑖 , y, 𝑧𝑖 , 𝑟𝑖 , 𝑔𝑖 , 𝑏𝑖}, i = 1, … , n, the input X of 

mean shift algorithm can be {𝑥𝑖 , y, 𝑧𝑖} in 3D geometric space, 

{𝑟𝑖 , 𝑔𝑖 , 𝑏𝑖} in 3D photometric space or {𝑥𝑖 , y, 𝑧𝑖 , 𝑟𝑖 , 𝑔𝑖 , 𝑏𝑖} in 

6D joint space. However, being applied in different spaces, 

mean shift algorithm may have different performance. Clus-

tering in geometric space (XYZ) leaves out of the color infor-

mation, resulting in points with different colors be assigned 

to the same cluster while clustering in the six-dimensional 

space (XYZRGB), just like what Zhang did in [11], ignores 

the difference between geometry and color, resulting in poor 

performance in boundaries. 

To address these problems, a hierarchical segmentation 

scheme, which exploits geometry and color information ade-

quately, is proposed. Given a point cloud, we first implement 

the global segmentation which executes mean shift algorithm 

in photometric space and searches for neighborhoods in the 

whole point cloud. By shifting the means to higher color den-

sity regions, several clusters are generated around the con-

verged means (i.e., the main colors of the point cloud). To 

avoid the outliers brought by sparse colors, we also test if the 

number of points of a cluster is less than a pre-specified 

threshold, if so, we merge it to the one closest to it. Then the 

global segmentation is completed. The result is shown in 

Fig.2. Next, we set the local segmentation, which runs mean 

shift algorithm in geometric space and searches for neighbor-

hoods within the cluster, as the second layer to further split 

each cluster generated in the first layer. Fig.3 shows the result 

of the hierarchical segmentation. Since mean shift algorithm 

is a nonparametric clustering technique, we neither set the 

number of clusters nor constrain the shape of the clusters. 

The global segmentation in the first layer guarantees the 

color similarity of points within each cluster. For instance, the 

red and black patterns on the skirt are correctly separated into 

different clusters in Fig.2. However, the shoes and the red pat-

terns on the skirt in Fig.2 (d), clustered in same cluster, hav-

ing similar colors, are far away in position. They are 

successfully separated in Fig.3 (c), which demonstrates the 

necessity and outstanding performance of the local segmen-

tation in the second layer.  
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(a)    (b)    (c)   (d)    (a)         (b)    (c)  

Fig.2. Example of global segmentation. (a) The input point 

cloud. (b)The overall result of global segmentation labeled by 

four colors. (c)&(d) Two clusters of (b). 

 

Fig.3. Example of hierarchical segmentation labeled by four 

colors. (a) The overall segmentation result using the proposed 

method. (b)&(c) Local segmentation result of Fig.2 (c)&(d). 

3. INTRA PREDICTION BASED ATTRIBUTE 

COMPRESSION 

 

Since the hierarchical segmentation scheme above guarantees 

the spatial correlation and color similarity of points within 

each cluster, the assumption that adjacent points share similar 

attributes becomes reasonable. Nevertheless, how to get the 

adjacency remains a demanding issue due to the irregular dis-

tribution of point cloud. In this section, an octree followed by 

a traversal algorithm is introduced to figure out proper index 

of all points, resulting in smooth color stream of each cluster 

which is well-fitted for the following compression. 

 

3.1. Octree based index and traversal 

 

Octree is a space partition method which recursively decom-

poses the point cloud-aligned bounding box into eight cells 

until certain constraint is met. Instead of replacing the points 

by the cell centers [3-6], we use octree in photometric space 

to index the point cloud.  

Given a cluster generated by the aforementioned hierar-

chical segmentation, we set the maximum and minimum of 

each dimension as the corner of the cubic bounding box. The 

box is then divided into eight cells, and every point in the 

cluster is assigned into the cell it belongs to. Next, repeat the 

partition and assignment until every cell contains no more 

than one point. Then, an octree structure, in which each node 

represents a cubic cell, is constructed. Furthermore, every 

point in the cluster can be indexed by a certain non-empty 

node since each non-empty cell contains only one point. 

By traversing the non-empty nodes of the octree, we can 

obtain the color stream of the cluster. Since points belonged 

to the same parent node (i.e. they are settled in the same par-

ent cell) tend to have smaller distance than others, the depth-

first-search algorithm is employed to traverse the octree, gen-

erating smooth color stream of each cluster. Right now, all 

information of the original point cloud is preserved, as both 

the segmentation and traversal we adopt are lossless. There-

fore, both lossless and lossy compression can be done. 

3.2. Attribute compression 

 

For lossless compression, we implement intra-cluster predic-

tion by computing the inter-point color difference to reduce 

redundancy. After the previous processing, the differences 

between contiguous points of the color streams are small. 

Therefore, we utilize the color of previous point as reference 

to predict the color of current point in the stream. In our ex-

periments, the residuals (prediction error) are concentrated to 

{-1,0,1}, which verifies the effectiveness of our intra-cluster 

prediction method. Finally, a Huffman coder is adopted to en-

code the residuals. 

In this paper, we take advantage of the well-developed 

image compression algorithm to improve the performance of 

lossy compression. Here, after segmentation and traversal, we 

map the color streams to uniform 2D grids via a z-scan which 

enables efficient coding. Then, a 2D-DCT transform is ap-

plied on the uniform grid, resulting in one DC and more AC 

coefficients. Since the color streams are smooth, most of the 

AC coefficients are small and compression can be achieved 

by quantizing the coefficients. Finally, run length coding and 

Huffman coding are carried out in sequence to encode the 

quantized coefficients. 

 

4. EXPERIMENTAL RESULTS 

 

In this section, we illustrate the performance of the proposed 

hierarchical segmentation based color attribute compression. 

The input point clouds are chosen randomly from MPEG test 

sets [14], i.e., the redandblack and the longdress, typical point 

cloud for human body containing approximately 800,000 

points with geometry and color attributes. Moreover, we test 

other two point cloud samples, the Andrew and the Ricardo, 

captured according to [15], to eliminate the impact of data 

volume. We convert the RGB color to YUV luminance and 

chrominance values and use the bits per point of Y component 

to evaluate the coding efficiency. In lossy compression, the 

color distortion is evaluated by PSNR metric proposed by 

MPEG-3DG [16]. 
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(a) The proposed method vs. OCTREE.      (b) The proposed method vs. mean shift in geometric space 

Fig.4. Comparison of experimental results. 

 

Table 1. Experimental results of lossless compression 

Input data 
Number 

of points 

OCTREE 

(bpp) 

XYZ-MS 

(bpp) 

Proposed 

(bpp) 

longdress 794641 5.43 6.01 2.43 

redandblack 729133 4.21 4.43 1.93 

Andrew 283449 5.76 6.04 1.85 

Ricardo 214748 3.64 3.71 1.37 

 

To further verify the performance of our scheme, two 

contrast experiments are conducted. OCTREE denotes Meku-

ria’s method [10] which constructs octree on the original 

point cloud directly without segmentation, and the subse-

quent steps and parameters are the same as our proposed 

scheme. XYZ-MS denotes applying the mean shift clustering 

only in geometric space on the basis of OCRTREE.  

Here, we implement the segmentation scheme described 

in section 2 to generate clusters in which points have close 

positions and similar color attributes. Due to the randomly se-

lected initial mean points and the difference between four 

data sets, the number of cluster varies from 200 to 600 under 

the same bandwidth, i.e., 20 of global segmentation, 40 of lo-

cal segmentation. Then an octree structure, whose leaf nodes 

contain no more than one point (one or empty), is constructed 

to index all points of the cluster the octree represented. We 

employ depth first search algorithm to traverse all the non-

empty nodes, and obtain a smooth color stream of each cluster. 

For lossless compression, we introduce an intra-cluster 

prediction algorithm and treats the color of previous point as 

reference to predict the color of current point in the stream. A 

simple Huffman coder is adopted to encode the residuals. As 

shown in Table. 1, the proposed scheme outperforms others 

over all data sets, and reduces the Y component bits per point 

(bpp) from 8 to approximately 2, since the residuals are con-

centrated to {-1,0,1} in our proposed scheme. 

For lossy compression, we map the color streams to uni-

form grids, and leverage the legacy image coding method. In 

Fig.4, we compared the compression performance between 

the proposed scheme and other two methods via R-D curves. 

Different data sets may have different results. For instance, 

the Ricardo have the best coding efficiency in all experiments. 

But all the R-D curves show the same tendency that the pro-

posed method has much better compression performance.  

 

5. CONCLUSIONS 

 

In this paper, we proposed an efficient point cloud attribute 

compression scheme based on hierarchical segmentation. We 

successively implemented global segmentation in photomet-

ric space and local segmentation in geometric space to split 

point cloud into clusters, in which points share similar fea-

tures. Then, we conducted octree on each cluster to figure out 

proper index of all points and introduced a traversal algorithm 

to obtain smooth attribute streams. An effective intra-cluster 

prediction method was applied to achieve lossless compres-

sion. Meanwhile, we mapped the attribute streams to uniform 

grids and introduced a DCT based 2D image compression 

method to achieve satisfying lossy compression performance. 

In the end, we reconstructed the point cloud and adopted bits 

per point and PSNR metric of 8-bit luminance Y to evaluate 

the compression performance. Experimental results showed 

that our scheme is distinctly superior to contrast methods in 

both lossless and lossy compression. Note that, even in the 

lossy compression, all the geometry information is preserved 

and can be compressed separately by other methods. 

In the future, we will optimize the segmentation structure 

in which we take normal into consideration and design more 

layers. Besides, exploring an advantageous traversal or map-

ping scheme which fits image compression algorithm better 

would be another attempt.  
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