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Abstract:   In this paper, a novel compression framework based on 3D point cloud data is proposed for telepresence, which consists of
two parts. One is implemented to remove the spatial redundancy, i.e., a robust Bayesian framework is designed to track the human mo-
tion and the 3D point cloud data of the human body is acquired by using the tracking 2D box. The other part is applied to remove the
temporal redundancy of the 3D point cloud data. The temporal redundancy between point clouds is removed by using the motion vector,
i.e., the most similar cluster in the previous frame is found for the cluster in the current frame by comparing the cluster feature and the
cluster in the current frame is replaced by the motion vector for compressing the current frame. The first, the B-SHOT (binary signa-
tures of histograms orientation) descriptor is applied to represent the point feature for matching the corresponding point between two
frames. The second, the K-mean algorithm is used to generate the cluster because there are a lot of unsuccessfully matched points in the
current frame. The matching operation is exploited to find the corresponding clusters between the point cloud data of two frames. Fi-
nally, the cluster information in the current frame is replaced by the motion vector for compressing the current frame and the unsuccess-
fully matched clusters in the current and the motion vectors are transmitted into the remote end. In order to reduce calculation time of
the B-SHOT descriptor, we introduce an octree structure into the B-SHOT descriptor. In particular, in order to improve the robustness
of  the matching  operation, we design  the  cluster  feature  to  estimate  the  similarity between  two  clusters. Experimental  results have
shown the better performance of the proposed method due to the lower calculation time and the higher compression ratio. The proposed
method achieves the compression ratio of 8.42 and the delay time of 1 228 ms compared with the compression ratio of 5.99 and the delay
time of 2 163 ms in the octree-based compression method under conditions of similar distortion rate.

Keywords:   3D point cloud compression, motion estimation, signatures of histograms orientation, 3D point cloud matching, predicted
frame and intra frame.

 

1   Introduction

With  wide  applications  for  the  3D  images  in

games[1–3],  telepresences[4−6],  environmental  perception[7–9]

and  scene  reconstruction[10] etc.,  the  3D  image  for  real-

world  scenes  has  been  widely  researched  for  decades.  In

these applications, the 3D image must be transmitted to

the  clients.  There  are  many  challenges  for  transmitting

and  storing  the  3D  image  data,  such  as  the  quite  high

amount of  data for the 3D image,  the different numbers

of points between two frame 3D point clouds, no explicit

corresponding  relation  between  the  different  3D  point

cloud  data  frames  and  the  non-uniform  distribution  of

points  in  the  space.  Thus,  compressing  3D  images  has

been  an  active  research  topic.  However,  the  state-of-art

transmission  methods  depend  on  the  support  of  huge

servers,  which  may  result  in  a  high  cost.  Therefore,  a

novel compression framework using the temporal and spa-

tial  redundancy  is  proposed  in  this  paper.  The  octree

structure is employed to voxelize the point cloud data for

uniform distribution and lower calculation time. The mo-

tion estimation and the clustering technology are applied

to  solve  the  problem  of  the  different  numbers  of  points

between the different 3D point cloud data frames. In par-

ticular, we design the cluster feature to estimate the sim-

ilarity between two clusters  for  the problem of  no expli-

cit corresponding relation between the different 3D point

cloud data frames.

In  this  paper,  a  telepresence  system is  built.  The  3D

image data of the remote operator body is transmitted in-

to the client and is displayed on the moving robot when

the  customers  interact  with  the  remote  operator.  In  the

meantime, the  commands  from the  customers  are  trans-

mitted to the remote operator through the internet. In or-

der to enhance immerse of interaction for the customers,

the 3D image of the remote operator body is displayed on

the moving robot in the form of a 3D image.

Building  on  our  previous  work[11], a  novel  compres-

sion framework  based  on  the  temporal  and  spatial  re-

dundancy for 3D point cloud data is proposed. As shown

in Fig. 1, the 3D point cloud data and 2D RGB image are

acquired by using the Kinect sensor. The novel compres-

sion framework  based  on  3D  point  cloud  data  is  pro-

posed  for  the  telepresence,  which  consists  of  two

parts. One is implemented to remove the spatial redund-
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ancy, the 3D point cloud data and 2D RGB image are fed

into  the  first  part  while  its  output  is  a  3D  point  cloud

data  of  the  remote  operator  body  without  outliers.  The

other part is applied to remove the temporal redundancy

of the 3D point cloud data, its input is the output of the

first  part  while  it  outputs  the  compressed  point  cloud

data.

In the  first  part,  in  order  to  remove  the  spatial  re-

dundancy,  first,  the  2D RGB image  is  fed  into  a  robust

Bayesian framework which is utilized to track the remote

operator body within a 2D bounding box and the robust

Bayesian framework outputs a tracking 2D bounding box.

Second,  the tracking 2D box and the camera calibration

parameters are exploited to convert the 2D bounding box

into a 3D bounding box. And then, the 3D bounding box

is exploited to obtain the 3D point cloud data of the re-

mote  operator  body  from  the  point  cloud  of  the  whole

scene. There are some outliers in the 3D point cloud data

of the human body, the statistical filter is implemented to

remove them. In the statistical filter, we regard 3D point

cloud data of the remote operator body as the input. The

mean distance between the point and its nearest point is

larger than the threshold, it will be treated as the outlier.

Finally, the part outputs a 3D point cloud data of the re-

mote operator body without outliers.

In the second part, to further compress 3D point cloud

data of the remote operator body, a number of predicted

frames (P frame) are inserted into between two I frames

for the 3D point cloud data compression. The intra frame

(I frame) (of relatively large size) is treated as a 3D point

cloud  including  all  the  visual  information  while  the  P

frame (of relative very small size) only reflects the small

change of the current frame compared with the previous

frame.  In  order  to  acquire  the  P  frame,  some  steps  are

implemented as  follows:  First,  the B-SHOT descriptor  is

acquired to  regard as  the point  feature.  The eigen value

decomposition technology  is  applied  to  obtain  the  refer-

ence  frame  of  the  key  points,  the  features  of  the  key

points are acquired through constructing the histogram of

reference frames, and the features are binarized to reduce

calculation time. Second, the correspondences of the point

to  point  between  different  point  cloud  frames  are  found

through comparing the features of two key points. Then,

a  clustering  operation  in  key  points  will  be  applied  to

cluster  some points  that will  not be matched.  Third,  we

design  the  cluster  feature  to  estimate  the  similarity

between two  clusters,  and  the  motion  vectors  are  ac-

quired  by  calculating  the  transformation  vector  between

two similar clusters. In particular, the octree structure is

utilized to voxelize the 3D point cloud before implement-

ing the B-SHOT descriptor, since the octree structure can

retain  the  original  distribution  of  point  cloud,  make  the

distribution  more  uniform  and  decrease  the  intensity  of

points. Finally, the P frame (including the unsuccessfully

matched  clusters  in  the  current  frame  and  the  motion

vectors) is  transmitted  into  the  remote  end.  In  the  re-

mote end, the information of the I frame and the informa-

tion of the P frame are utilized to predict the new frame.

The main contributions of this paper are summarized

as follows:

1) A new compression framework based on spatial re-

dundancy (through the Bayesian framework) and tempor-

al redundancy  (through  the  motion  estimation)  is  pro-

posed for the telepresence.

2)  Inspired  by  [12], the  B-SHOT descriptor  is  imple-

mented  to  acquire  the  point  feature.  In  order  to  further

reduce the calculation time of the B-SHOT descriptor, we

apply  the  octree  structure  to  improve  the  B-SHOT

descriptor,  i.e.,  before  acquiring  the  point  feature,  each

frame is voxelized through using the octree structure.

3) In order to improve the robustness of the matching

operation,  we  design  the  cluster  feature  to  estimate  the

similarity between two clusters.

The  structure  of  this  paper  is  organized  as  follows.

First, the existing technologies that study the problem of

compression of the 3D image are reviewed in Section 2. In

Section  3,  the  theories  of  the  compression  based  on  the

spatial redundancy for 3D point cloud data are described

while Section 4 presents the theories of compression based

on  the  temporal  correlation  information  for  3D  point

cloud  data.  The  experimental  evaluation  is  explained  in

Section 5 and Section 6 sums up our work.

2   Related works

Research on compressing the 3D point cloud data has

attracted  the  attention  of  the  media  industry  in  recent

years,  because  the  3D point  cloud data  can be  captured

in real  time.  Compressing the geometry of  the mesh has

been  pursued  most  of  all[13, 14].  In  these  methods,  the
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strategy of the key frame based on the video geometry is

mainly  proposed  to  compress  3D  human  motion  data,

e.g., Hou et al.[13] extracted the key frames and produced

a reconstruction  matrix.  The  key  frames  were  com-

pressed  through  using  the  video  compression  technique

(e.g.,  H.264/advanced  video  coding),  so  that  the  spatial

and temporal redundancy were significantly removed. An-

other  way of  compressing the geometry of  the 3D mesh,

the octree-based  motion  representation  method  was  pro-

posed to compress animated geometric data in [15]. First,

the motion vectors were generated by finding correspond-

ence relations between two consecutive frames. Then, the

vertex  positions  for  all  frames  were  compressed  through

using  the  motion  vectors.  Finally,  the  motion  vectors

were exploited to predict the vertex positions. A decoder

based on  logarithmic  binary  arithmetic  coding  was  pro-

posed to implement additions and shift operations, which

can  easily  implement  the  decoding  of  multiple  systems.

However,  the  compression  rate  of  the  decoder  was  quite

low[16] and it was more computationally efficient in com-

pressing  the  point  cloud  but  not  the  geometry  of  the

mesh[17].

In order to compress the 3D point cloud data, a meth-

od  based  on  an  octree  decomposition  in  the  space  was

proposed in the paper[18]. In the paper, a novel prediction

technique was  employed  to  achieve  the  higher  compres-

sion rates  that  outperform  those  of  previous  lossless  al-

gorithms. The point cloud data was encoded in terms of

the occupied octree cells and the points in occupied octree

cells  were  replaced  by  the  cell  centers  of  the  octree's
leaves. What's more, the progressive decompression meth-

od  was  comparable  to  that  of  previous  lossy  methods.

However,  our  proposed  method  can  cost  less  CPU  time

(or process time) than the method based on an octree de-

composition of the space. Some applications of compress-

ing 3D image based on the octree method can be found in

[19, 20].
In recent  years,  graph  theory  has  been  heavily  em-

ployed in the application of  the point cloud data due to

its  structure[21–24].  The  graph  on  small  neighborhoods  of

the  point  cloud  is  constructed  by  connecting  nearby

points,  and  the  attributes  of  the  graph  are  regarded  as

signals over the graph, and the correlations of the signal

are removed through using the graph transform (Karhun-

en-Loève  transform  on  such  graphs)[20].  Thanou  et  al.[25]

address  the  problem  of  compressing  the  3D  point  cloud

data  through  introducing  the  motion  estimation.  First,

the new spectral graph wavelet descriptors were acquired

by the  graph transform.  Second,  the  new spectral  graph

wavelet  descriptors  were  used  to  match  points  between

two different frames and the motion vectors  were estim-

ated  on  the  vertices  through  using  matching  results.

Then,  a  dense  motion  field  was  eventually  interpolated

for  solving  a  graph-based  regularization  problem.  Thus,

the problem of estimating the motion vectors was conver-

ted  into  the  problem of  matching  the  successive  graphs.

Finally,  the  temporal  redundancy  information  of  the  3D

coordinates in the predictive coding was removed by the

estimated  motion  vectors.  A  point  cloud  compression

scheme  based  on  an  original  layered  data  structure  and

graph Fourier  transform was proposed in  [26].  First,  the

four-layer structure was built through applying the slice-

partition scheme and the geometry-adaptive k dimension-

al-tree method. Then, the spatial correlation between ad-

jacent  points  was  introduced  to  predict  new  frames  by

employing the intra prediction framework based on block.

Unfortunately, the graph transform is hard to use for the

applications of  the  real-time  processing  because  of  re-

peated  eigen-decompositions  of  the  graph  Laplacians.

Thus, the  approach  based  on  the  graph transform is  in-

feasible  for  the  real-time  processing.  Therefore,  a  novel

compression framework  based  on  the  temporal  correla-

tion and the spatial redundancy is proposed for telepres-

ence in this paper.

3   Compression based on the spatial
redundancy

As shown on Table 1, the particle filter is exploited to

track  the  remote  operator  body  within  a  2D  bounding

box.  First,  we  predefine  a  2D  bounding  box  which

presents the movement dynamic model of the human mo-

tion and the parameter of movement dynamic model is a

12-tuple state vector.

{x, y, s, xp, yp, sp, x0, y0, w, h, hg}

(x, y) (x0, y0) (xp, yp)

tn t0 tn−1

s sp
tn tn−1 w

h

tn hg

tn

where ,  and  are  the  centers  of  the

2D bounding box at time of , , and  respectively.

 and  represent  the  scale  of  the  2D bounding  box  at

time  of  and  respectively.  is  the  width  of  2D

bounding box while  is the high of 2D bounding box at

time of , and  is the color histogram of 2D bounding

box at time of .

 
Table 1    Pseudo-code of the particle filter

1) Predicting: select particles

xi
ι ∼ p(xι|xι−1)

2) Transition: apply motion model

Λι = FιΛι−1 +Wι

3) Update: each particles′ weight is updated and normalized

wi
ι = wi

ι−1p(zι|xi
ι)

w̃ι(Xi
ι ) =

wι(X
i
ι )∑Np

i=1 wι(Xi
ι )

4. Output state:

x̄ι =
∑N

i=1 w
i
ιx

i
ι

5. Resampling

 

Second,  the  particle  filter  is  implemented  to  update

the  parameters  of  the  movement  dynamic  model.  And
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then, the tracking 2D bounding box and the camera cal-

ibration  parameters  are  exploited  to  convert  the  2D

bounding box into a 3D bounding box. And then, the 3D

bounding  box  is  exploited  to  obtain  the  3D  point  cloud

data of the remote operator body from the point cloud of

the whole scene. Furthermore, the statistical filter is im-

plemented to remove the sparse outliers.

3.1   Knowledge structure of the particle fil-
ter

3.1.1   Markov chain

xκ
xκ+1

From the  Markov  chain,  the  property  can  be  ob-

tained that only the current state  will affect the next

state  of an object.

p(xκ+1|xκ, xκ−1, · · · , x1) = p(xκ+1|xκ). (1)

3.1.2   Chapman-Kolmogorov equation

On the random process, the joint probability distribu-

tion  can  be  represented  by  the  Chapman  Kolmogorov

equation[27].

p(x1, · · · , xk−1) =

∫ ∞

−∞
p(x1, · · · , xk)dxk (2)

where the property of the Markovian has been exploited,

i.e., [27].

p(x3|x1) =
∫ ∞

−∞
p(x3|x2)p(x2|x1)dxk. (3)

3.1.3   Monte Carlo method

The particle filter is based on the Monte Carlo meth-

od because the Monte Carlo method can be exploited to

acquire the  real  probability  distribution  through  re-

peated random sampling[27].

E[f(x)] =

∫
f(x)p(x)dx ≈ EN (f(x)) =

1

K

K∑
i=1

f(xi).

(4)

3.1.4   Bayesian filtering

Assume that the state function and observation func-

tion are as follows:

xι = Fι(ι, xι−1, uι,Λι) (5)

yι = Hι(ι, xι, uι,Ψι) (6)

Λι Ψι

uι

xι
ι yι
t Xι = {x1, x2, · · · , xι}

Yι = {y1, y2, · · · , yι}

where  represents the noise of the state system and 

is  the  noise  of  the  observation  system.  is  regarded  as

the  input  of  the  system,  is  the  state  value  of  the

system  in  the  time,  is  the  observation  value  of  the

system  in  the  time.  Especially, ,

.

p(xι|Yι)In  order  to  obtain  the  posterior  probability ,

according to  the  Bayesian  formula,  the  derivation  pro-

cess is as follows[28]:

p(xι|Yι−1) =

∫
p(xι, xι−1|Yι−1)dxι−1 =∫
p(xι|xι−1, Yι−1)p(xι−1|Yι−1)dxι−1. (7)

Using the property of Markov processes[28],

p(xι|Yι−1) =

∫
p(xι|xι−1)p(xι−1|Yι−1)dxι−1. (8)

p(xι|Yι)Then, the posterior probability  is represented

as follows[28]:

p(xι|Yι) =
p(yι|xι, Yι−1)p(xι|Yι−1)

p(yι|Yι−1)
=

p(yι|xι)p(xι|Yι−1)

p(yι|Yι−1)
(9)

p(yι|Yι−1)where  represents  the  normalization  constant

and is as followes[28]:

p(yι|Yι−1) =

∫
p(yι|xι)p(xι|Yι−1)dxι. (10)

In the  end,  the  real  probability  distribution  is  ac-

quired  through  exploiting  the  Monte  Carlo  method,  as

follows[28].

E[f(xι)|Yι] =

∫
f(xι)p(xι|Yι)dxι ≈∫
f(xι)p̂(xι|Yι)dxι =

1

N

N∑
i=1

∫
f(xι)δ(xι − xiι)dxι =

1

N

N∑
i=1

f(xiι) (11)

p̂(xι|Yι)where  is  the  estimated  value  of  the  posterior

probability.
3.1.5   Importance sampling

However, in practicality, it is very difficult to sample

the  posterior  probability.  Thus,  for  easy  sampling,  the

reference  distribution  is  introduced  into  the  importance

probability  density  function,  the  reference  distribution

will be exploited to sample posterior probability[27].

E[f(xι)|Yι] =

∫
f(xι)p(xι|Yι)dxι =∫
f(xι)p(xι|Yι)r(xι|Yι)

r(xι|Yι)
dxι (12)

r(xι|Yι)where  represents the reference distribution.

According to the Bayesian equation,
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p(xι|Yι) =
p(Yι|xι)p(xι)

p(Yι)
(13)

E[f(xι)|Yι] =

∫
f(xι)p(xι|Yι)r(xι|Yι)

r(xι|Yι)
dxι =∫

f(xι)wi(xι)r(xι|Yι)

p(Yι)
dxι =∫

f(xι)wi(xι)r(xι|Yι)dxι
p(Yι)

(14)

where the unnormalized weight is expressed as follows:

wi(xι) =
p(Yι|xι)p(xι)
r(xι|Yι)

. (15)

p(Yι) can be represented as follows:

p(Yι) =

∫
p(Yι, xι)dxι =∫
p(Yι|xι)p(xι)r(xι|Yι)

r(xι|Yι)
dxι =∫

wi(xι)r(xι|Yι)dxι. (16)

E[f(xι)]Thus, the  is

E[f(xι)|Yι] =

∫
f(xι)wi(xι)r(xι|Yι)dxι∫
wi(xι)r(xι|Yι)dxι

. (17)

According to the Monte Carlo method,

Ē[f(xι)|Yι] =

1

Np

∑Np

i=1 f(x
i
ι)wi(x

i
ι)

1

Np

∑Np

i=1 wi(xiι)
=

Np∑
i=1

f(xiι)w̃i(x
i
ι)

(18)

w̃i(x
i
ι) =

wi(x
i
ι)∑Np

i=1
wi(xi

ι)

xiι r(xι|Yι)

ι

where  is the i-th normalized weight,

 is acquired  from  and  represents the i-th

particle in the  time.
3.1.6   Sequential importance sampling

In  fact,  the  computer  is  exploited  to  implement  the
particle filter algorithm. Therefore, in order to reduce the
computational  time,  the  sequential  importance  sampling
is introduced for  sampling.  Assume that  (19)  can be ex-
ploited  to  represent  the  importance  probability  density
function[29].

r(Xι|Yι) = r(xι, Xι−1|Yι) = r(xι|Xι−1, Yι)r(Xι−1|Yι−1).
(19)

Formula (20) can be exploited to represent the weight.

wι =
p(Xι|Yι)p(Yι)

r(xι|Xι−1, Yι)r(Xι−1|Yι−1)
∝

p(Xι|Yι)

r(xι|Xι−1, Yι)r(Xι−1|Yι−1)
(20)

p(Xι|Yι)where  can be given by

p(Xι|Yι) =
p(yι|Xι, Yι−1)p(Xι|Yι−1)

p(yι|Yι−1)
=

p(yι|xι)p(xι|xι−1)p(Xι−1|Yι−1)

p(yι|Yι−1)
. (21)

Finally, (22) can be exploited to represent the weight.

wι ∝
p(yι|xι)p(xι|xι−1)p(Xι−1|Yι−1)

r(xι|Xι−1, Yι)r(Xι−1|Yι−1)
=

wι−1
p(yι|xι)p(xι|xι−1)

r(xι|Xι−1, Yι)
. (22)

tFor the i-th particle in the  time,

wi
ι = wi

ι−1

p(yι|xiι)p(xiι|xiι−1)

r(xiι|xiι−1, Yι)
. (23)

wi
ι

The following  prior  is  chosen  to  regard  as  the  refer-

ence  distribution  of  the  importance  probability  in  order

to simplify .

r(xι|xiι−1, Yι) = p(xiι|xiι−1). (24)

Then,

wi
t = wi

ι−1p(yι|xiι) (25)

p(yι|xiι)where  represents the posterior probability and is

acquired  through  comparing  the  likelihood  of  the

histogram  between  the  current  particle  and  previous

particle, as shown in Fig. 2.

 
 

Known

color

histogram

Poor

match

Good

match

 
Fig. 2     Diagram of judging the likelihood

 

In order to estimate the velocity and the direction of

the human motion, the movement dynamic model of the

human motion will be introduced as follows[30].

Λι = FιΛι−1 +Wι (26)

Z. R. Wang et al. / A Fast Compression Framework Based on 3D Point Cloud Data for Telepresence 859 

 




Xι

Yι

Ẋι

Ẏι

 =


1 ∆ι

1 ∆ι

1

1

×


Xι−1

Yι−1

Ẋι−1

Ẏι−1

+Wι

(27)

Λι {Xι, Yι, Ẋι, Ẏι}
Wι

where  vector  includes the center of the

bounding  box  and  the  velocity  of  the  particles  and 

represents the noise.
3.1.7   Resample

The  distribution  of  the  particles  may  lose  diversity

when there is a smaller weight of the particle in the cur-

rent  time  because  some  particles  with  a  smaller  weight

will  be  discarded.  In  the  particle  filter  algorithm,  the

weight of  the particle  is  exploited to decide whether  the

particle will be discarded. In this condition, the weight of

the  good  particle  will  be  bigger  while  the  weight  of  the

bad particle  will  be smaller.  Thus,  there is  a degeneracy

in  the  transmission  process  of  the  particles.  In  order  to

avoid  the  degeneracy,  resampling  is  introduced  into  the

transmission process of the particles.  As shown in Fig. 3,

some  new  particles  are  drawn  from  the  particles  with

higher  weights  with  probabilities  proportional  to  their

weights. Then  the  particles  with  higher  weights  are  re-

placed with  this  new  one  and  the  particles  with  negli-

gible weights are discarded.

 
 

t−1
t

 
Fig. 3     Diagram of resampling particles

 

4   Compression based on temporal
redundancy information

The  key  ideas  of  the  compression  of  3D  point  cloud

data based on the temporal redundancy information is to

combine a number of  P frames between two I  frames as

illustrated in Fig. 4.

4.1   Octree representation of 3D point
cloud data

The octree  data  structure  is  used  to  store  the  sparse

3D point cloud data due to its special structure and each

branch node is exploited to store the center point inform-

ation in a certain cube. For a given depth, the depth-first

order method will be used to construct an octree through

traversing the tree structure. Starting from the root, eight

children  voxels  will  be  generated  at  each  node.  All  the

points  are  mapped  to  the  leaf  voxels  at  the  maximum

depth  of  the  tree.  The  color  information  of  the  center

point  in  the  certain  cube  is  acquired  through  using  the

mean value of all points in the certain cube, as shown in

Fig. 5.

  
I IP P P P P P

 
Fig. 4     Principle of the compression algorithm

  

 
Fig. 5     Octree data structure

 

4.2   Get local reference frame

ψ

x+ y+ z+

ψ

In order to generate the local reference frame with the
invariant  characteristic  for  translations  and  rotations,
Salti  et  al.[31] apply a  disambiguated  eigen  value  decom-
position  to  construct  the  reference  frame,  i.e.,  the  eigen
vector of the modified covariance matrix  is used to con-
sist into reference frame. The three unit eigen vectors of
the modified covariance matrix in decreasing eigen value
order are the , ,  axes, respectively. The modified

covariance matrix  is given by[31],

ψ =
1∑

i:di≤l

(r − di)

∑
i:di≤l

(l − di)(qi − q)(qi − q)T (28)

where di is the distance between the point qi and the key

point q. The distance di is smaller than the radius l.

y = x× z

In  order  to  remove  the  sign  ambiguity,  the  majority

direction of the vectors will firstly be assigned toward the

direction of the local x and z axes, and the local axis y is

obtained  through  calculating  the  cross  product  between

the  local x and z axes,  i.e., .  For  example,  the

process  of  acquiring  the  local y = x × z axes  is  as

follows[31]:

F+
x

.
= {i : di ≤ L ∧ (qi − q)ẋ+ ≥ 0}

F−
x

.
= {i : di ≤ L ∧ (qi − q)ẋ− > 0}

F̃+
x

.
= {i : i ∈ Ω(k) ∧ (qi − q)ẋ+ ≥ 0}

F̃−
x

.
= {i : i ∈ Ω(k) ∧ (qi − q)ẋ− > 0} (29)
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x =


x+|F+

x | > |S−
x |

x−|F+
x | < |S−

x |
x+|F+

x | = |S−
x | ∧ |F̃+

x | > |F̃−
x |

x−|F+
x | = |S−

x | ∧ |F̃+
x | < |F̃−

x |

(30)

x− x+ Ω(k)

q k

where  represents the opposite unit vector of . 

is  the  point  set  of  the k-nearest  neighbors  in  the  key

point  and  is an odd number.

4.3   SHOT descriptor

αp z

npi pi
cosαp = zp · npi

In  order  to  obtain  the  signature  structure,  first,  an

isotropic  spherical  grid  whose  center  is  the  key  point  is

cut into 32 slices along the radial, azimuth and elevation

axes.  As  shown  in Fig. 6,  this  spherical  grid  includes  32

partitions produced from 2 elevation, 2 radial and 8 azi-

muth divisions.  For  each  of  the  slices,  a  local  histogram

will  be  constructed  with  11  bins.  Thus,  a  key  point  will

have  352  features.  Second,  according  to  the  cosine  of

angle  between the local  axis at the key point p and

the  normal  of  the  neighborhood  point ,  i.e.,

, a  point  will  be  accumulated  into  a  cor-

responding bin.  Then,  a  quadrilinear  interpolation  tech-

nique is applied to deal with the boundary effects result-

ing from the histogram based bins and small disturbance

in the way of obtaining the local reference frame. Finally,

in order to make the descriptor robust for the point dens-

ity variations[31], it will be normalized.

 
 

x

y

z

 
Fig. 6     Spherical grid for the local feature in SHOT descriptor[32]

 

The aim of the quadrilinear interpolation technique is

to make the distribution of the histogram more uniform.

Thus, a point in the neighbors of the key point will be ex-

tracted to play a role in four bins of the histograms and

the  four  bins  are  from  the  adjacent  bins,  the  adjacent

husks, the  adjacent  vertical  volumes,  the  adjacent  hori-

zontal volumes, respectively.

4.4   Binarizing shot descriptor

Because the  SHOT  feature  descriptor  has  352  fea-

tures  including  32  histograms,  the  SHOT  feature

descriptor  must  be  encoded  to  reduce  the  calculation

time. Thus, 352 SHOT features are encoded into 352 bit

binary descriptors.  The 352 features descriptor is  cut in-

to 88 slices and each of the slices has 4 features. Each of

{f0, f1, f2, f3} fsum = f0 + f1 + f2 + f3

{b0, b1, b2, b3}

the slices will be encoded individually, e.g., the first slice

. Let's , the bit bin-

ary  descriptor  of  the  first  slice  is  given by

[12].

fi = 0 i = 0, · · · , 3 {b0, b1, b2, b3} =

{0, 0, 0, 0}
Case  1:  If , ,  then 

.

fi > fsum × 90%
bi = 1 f0 > fsum × 90%

{b0, b1, b2, b3} = {0, 0, 0, 1}
{b0, b1, b2, b3} {1, 0, 0, 0}

{0, 1, 0, 0} {0, 0, 1, 0} {0, 0, 1, 0}

Case 2: If Case 1 is not satisfied and ,

then, .  For  example,  if ,  then  the

encoded .  In  this  case,  four

cases  are  covered,  i.e.,  are ,

, , and .

fi + fj > fsum × 90% i ̸= j bi = 1 bj = 1

f0 + f1 > fsum × 90%
{b0, b1, b2, b3} = {0, 0, 1, 1}

{b0, b1, b2, b3} {1, 1, 0, 0} {1, 0, 1, 0}
{1, 0, 0, 1} {0, 1, 1, 0} {0, 1, 0, 1} {1, 0, 1, 0}

Case  3:  If  Cases  1  and  2  are  not  satisfied,  and

, ,  then, , . For ex-

ample,  if  the  sum of , then  the  en-

coded . In  this  case,  the  pos-

sible  values  of  are , ,

, ,  and .

fi + fj + fk > fsum × 90% i ̸= j ̸= k bi = 1 bj = 1

bk = 1 {b0, b1, b2, b3}
{1, 1, 1, 0} {0, 1, 1, 1} {1, 1, 0, 1} {1, 0, 1, 1}

Case  4:  If  Cases  1,  2  and  3  are  not  satisfied,  and

, , then, , ,

.  The  possible  values  of  are

, ,  and .

{b0, b1, b2, b3} = {1, 1, 1, 1}
Case  5:  If  all  the  above  conditions  are  not  satisfied,

then .

4.5   Finding correspondences on 3D dy-
namic frame

Γi Γj (i mod 4 = 0,

j mod 4 ̸= 0)

m ∈ Γi n ∈ Γj

Γj

Γi

Now  the  problem  of  finding  correspondences  on  the

3D dynamic  frame is  translated  into  finding  correspond-

ences  between two key points,  which are  extracted from

two  frame  3D  images,  i.e.,  and 

.  The features from the previous subsections

are  applied  to  estimate  the  similarity  between  two  key

points.  The  histogram  similarity  is  regarded  as  the

matching  score  between  two  key  points , .

For each key point in , the matching score is applied to

find its best matching key point in . The best match is

given as follows[33]:

mn = argmax
m∈Γi

S(m,n) (31)

S(m,n)

m n

where  represents the histogram similarity between

 and .

4.6   Clustering on the key points

Because of the different number of points between two

frame 3D point cloud frames, it is impossible to find cor-

responding points  in  the previous frame for  all  points  in

the current frame. Thus, if a key point best score is big-

ger than a predefined threshold, the key point can be re-

garded  as  the  center  of  a  cluster  which  includes  some

sparse points with poor match score. The K-means meth-

od  is  applied  for  the  clustering  in  the  3D coordinates  of

the points, where the target number of significant cluster-
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king is . In particular, in order to avoid the boundary ef-

fects of the cluster, all points will be traversed to find the

corresponding cluster subset.

4.7   Computation of the motion vectors

k

In the previous  subsection,  the 3D point  cloud frame

is divided into the  cluster subsets. Then, the similarity

of  the  cluster  subsets  between  two  frames  is  calculated

through using the normal and position of its center point.

The  standards  of  similarity  are  the  normal  and  position

of its center point, the reason is twofold: it can be judged

fast, since the normal and position have been saved in the

previous operation; the normal of its center point repres-

ents  the  rotation  direction  of  the  cluster  subset  and  the

position of its center point represents the translation mo-

tion.  If  the  similarity  is  smaller  than  a  predefined

threshold,  the  3D point  cloud  data  of  the  cluster  subset

will  be retained. If  the similarity is  bigger than or equal

to a predefined threshold, the 3D point cloud data of the

cluster subset  will  not  be  retained  and  the  motion  vec-

tors  will  be  computed  to  replace  it.  The  motion  vectors

are given by

vkji = pkj − pki (32)

pkj
Γj pki

Γi

where  represents the center point position of the k-th

cluster subset in  frame,  represents the center point

of the k-th cluster subset in  frame.

Γj

Γi

Γj

Γi Γj

The  frame is decoded through using some informa-

tion including the motion vectors, the reference frame 

and  a  small  amount  of  the  cluster  subsets  in  the 

frame.  Note  that  a  small  amount  of  the  cluster  subsets

are  acquired  through  comparing  the  similarity  of  the

cluster  subsets  between two frames,  i.e.,  and .  The

process in detail is as follows:

S1 Γj

S2

S3

: Traversing all center points in the  frame. If the

center point has the motion vector, then  will be oper-

ated. If the center point has not the motion vector, then

 will be operated.

S2

Γi

Γi

Γj

: According to the motion vector, the center point's
corresponding  cluster  subset  in  the  frame  is  found.

Then, the center point's cluster subset is replaced by the

corresponding  cluster  subset  in  the  frame to  recon-

struct the  frame.

S3 Γj

Γj

: The center point's cluster subset in the  frame is

used to reconstruct the  frame.

5   Experimental results

In this  section,  the  experimental  results  will  be  de-

scribed. The raw 3D point  cloud data and 2D RGB im-

age are obtained by using the Kinect V2 sensor. The ex-

periments are performed on the computers with an Intel

fourth-generation Core i5-4 460 @3.20 GHz Processor with

8 GB RAM.

5.1   Quality evaluation metric

In order to estimate the quality of compressing point

cloud, some evaluation metrics are designed, such as the

delay time, the peak signal to noise ratio (PSNR) metric

(i.e., the distortion rate, the bigger the PSNR is, the big-

ger  the  distortion  rate  is)  and  compression  ratio.  The

delay  time  includes  coding  frame  time,  decoding  frame

time  and  transmission  time.  The  transmission  time  will

be affected by Internet broadband that is 20 Mbps in our

experiment. The geometric PSNR is defined in (35) while

the  peak  signal  of  the  geometry  of  the  3D  point  cloud

data over  the  symmetric  root  mean  square  (RMS)  dis-

tance is represented by (34)[34].

drms(Vo, Vd) =
1

M

∑
vl∈Vo

||vl − vnn||2 (33)

vnn

Vo

Vd

where  represents  the  most  nearby  point  in  the

decompressed 3D point cloud data.  represents the raw

3D point cloud data and  represents the decompressed

3D point cloud data.

dsys_rms(Vo, Vd) = max(drms(Vo, Vd), drms(Vd, Vo)) (34)

psnrge =
10log10(||maxx,y,z(Vd)||22)
(dsym_rms(Vo, Vd))2)

(35)

maxx,y,z(Vd) (x, y, x)where  the  represents  the  max  of 

value in the decoding point cloud data.

5.2   Capture human bodies in motion

First, we acquired the RGB image and the point cloud

data of the scene by using the Kinect V2 sensor. Second,

the remote operator was tracked within the 2D bounding

box by implementing the color-based particle filter. Then,

the inner  parameters  of  the  camera  calibration  were  ex-

ploited  to  project  the  2D  bounding  box  into  the  3D

bounding box and we obtained the 3D point cloud data of

the remote operator body by using the 3D bounding box,

as shown in Fig. 7.

5.3   Performance of the compression for
the 3D point cloud data

In this  subsection,  two  experiments  were  implemen-

ted to measure the performance of the proposed method.

The  octree-based  compression  algorithm  was  utilized  to

compare with the proposed method. We used the octree-

based compression  algorithm  as  the  comparing  experi-

ment.  The  reason  was  twofold:  The  first,  most  of  the

state-of-art transmission methods mainly focus on the dis-

tortion rate,  for  which the  computational  power  is  quite

high,  e.g.,  the  motion  compensated  temporal  filtering
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wavelet-based encoder[25]; Second, the octree-based meth-

od is  suitable  for  real-time  applications  with  good  per-

formance[15].

5.3.1   Proposed compression method

In  our  proposed  method,  we  sent  three  P  frames

between two I frames as illustrated in Fig. 4. Thus, three

groups matching operations between two different frames

were  implemented.  In  order  to  reduce  calculation  time,

before matching  operations,  each  frame  has  been  voxel-

ized and the voxelization resolution is 0.04 m, which gen-

erated approximately occupied voxels  of 1 661 (the num-

ber of the initial 3D points was 86 402). In fact, the num-

ber of points depends on the size of the actual frames. As

shown in Fig. 8, after voxelizing the 3D point cloud data

of the remote operator body, the distribution of the point

cloud was uniform and the main structure information of

point cloud data still  was retained, which makes the fol-

lowing matching operation successful more easily.

t+ 1

t+ 2 t+ 3

t

First,  the  points  in  the  frame  at  the  time  of ,

,  were used to find the matching points in the

frame at the time of , and the matched points were re-

t+ 1 t+ 2 t+ 3

t

garded as the center of clusters.  As shown in Figs. 9 (a)–

 9 (i), the left of each image represented the frame at the

time  of ,  and ,  respectively.  The  right  of

each image was the frame at the time of . Then, the un-

matched points were clustered into a cluster and the sim-

ilarity of the cluster subset between two frames was cal-

culated through using the normal and position of its cen-

ter points. Finally, the motion vectors were generated by

calculating the transformation vector  between two simil-

ar  clusters.  Especially,  only  the  unsuccessfully  matched

clusters in the current frame and the motion vectors were

transmitted  into  the  remote  end.  As  shown  in

Figs. 9 (j)– 9 (r),  the  predicted  frame  was  almost  flawless.

Though  there  was  the  quite  different  number  between

two  3D  point  cloud  frames,  the  prediction  of  the  new

frame was successful.
5.3.2   Octree-based compression method

The comparing experiment was implemented to  com-

pare  with  performance  of  the  proposed  algorithm.  The

octree-based compression method was applied to directly

compress the 3D point cloud data grabbed by the Kinect

V2  sensor. Fig. 10 (b) shows  the  performance  of  the

octree-based compression algorithm.
5.3.3   Analysis of the experimental results

As shown in Table 2, we used 20 frames of point cloud

data to  calculate  the  quality  evaluation  metric  and  ob-

tained  their  mean.  The  CPU  time  of  compressing  3D

point  cloud  was 1 228 ms  through  using  the  proposed

method,  while  the  CPU  time  of  compressing  3D  point

cloud  was 2 163 ms through  using  the  octree-based  com-

pression  algorithm.  In  the  way of  the  compression  ratio,

the  compression  ratio  of  the  proposed  method  was  8.42

while  the  compression  ratio  of  the  octree-based  method

was 5.99. The PSNR of the proposed method was 42.68 dB

while the PSNR of the octree-based method was 38.19 dB.

As  shown  in Figs. 9 and  10, the  main  original  informa-

tion has been retained. In conclusion, the proposed meth-

od  has  better  performance  due  to  the  much  lower  CPU

time of compressing the 3D point cloud in the condition

of the almost same distortion rate. More importantly, the

 

(a) (b) (c) (d) (e) (f)

(g) (h) (i) (j) (k) (l)
 
Fig. 7     Color-based  particle  filter  was  applied  to  acquire  the
remote operator body. (a)–(f) show the results of acquiring the
remote  operator  body  through  the  2D  image  (i.e.,  the  red
bounding box),  (g)– (l)  show  the  results  of  acquiring  the point
cloud  data  of  the  remote  operator  body  through  the  proposed
method. Color versions of the figures are available online.
 

 

(a) (b) (c) (d) (e) (f) (g) (h) (i) (j) (k) (l)

(m) (n) (o) (p) (q) (r) (s) (t) (u) (v) (w) (x)

Fig. 8     Results of the voxelization. (a)–(l): Before voxelizing 3D point cloud data of the remote operator body. (m)–(x): After voxelizing
3D point cloud data of the remote operator body, obviously, distribution of point cloud was uniform and the main information of point
cloud data was retained.
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proposed method also has the lower compression ratio.

6   Conclusions

In  this  paper,  a  novel  compression  framework  based

on  the  3D  point  cloud  data  has  been  proposed  for  the

telepresence. The key idea of the framework is to exploit

the temporal and spatial redundancy. The spatial redund-

ancy  is  removed  through  using  the  robust  color-based

Bayesian  framework  and  the  temporal  redundancy

between two consecutive frames is decreased through em-

ploying the motion vector estimation. First, the B-SHOT

descriptor is applied to match points between two frames

and  the K-means  cluster  algorithm  is  implemented  to

generate the clusters. Then, the similarity of the clusters

between two frames is evaluated and the motion vectors

are generated.  Finally,  the  motion  vectors,  the  informa-

tion  of  the  I  frame  and  the  unsuccessfully  matched

clusters are  utilized  to  predict  the  new  frame.  Experi-

mental results have shown that the proposed method has

better  performance.  The  proposed  method  achieves  the

compression ratio  of  8.42  and the  delay time of 1 228 ms

compared  with  the  compression  ratio  of  5.99  and  the

delay time of 2 163 ms in octree-based compression meth-

od under conditions of similar distortion rate.
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