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Abstract
In this paper, we propose an algorithm that extracts a high-precision 3D skeleton using a model generated using a distributed
RGB-D camera. When information about a 3D model is extracted through a distributed RGB-D camera, if the information of the
3D model is used, a skeleton with higher precision can be obtained. In this paper, in order to improve the precision of the 2D
skeleton, we find the conditions to obtain the 2D skeleton well using the PCA. Through this, high-quality 2D skeletons are
obtained, and high-precision 3D skeletons are extracted by combining the information of the 2D skeletons. Even though this
process goes through, the generated skeleton may have errors, so we propose an algorithm that removes these errors by using the
information of the 3D model. We were able to extract very high accuracy skeletons using the proposed method.
Keyword : skeleton, RGB-D, depth image, 3D model, calibration, pose estimation, joint, registration

Ⅰ. Introduction

3D data for virtual objects, there is a point cloud that expresses an object in the form of a point. This data basically

As the virtual reality and augmented reality industries are

contains 3D coordinate information and texture coordinate

becoming more common in recent years, the development

information for each point, and color information, normal

of 3D video content technology that provides immersive

information, material information, etc. are additionally

experiences is also actively being developed. 3D video

composed according to the application [1][2].

contents are applied to various application fields such as

Computer Vision aims to embody the visual perception

games, video services, medical care, and education[1]. All

of humans using computers. Since extracting information

of these techniques target virtual models. As representative

by analyzing an image or video captured by a camera is
the key, detecting the location and direction of an object
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is a key technology in computer vision. Among these, the
technique of recognizing the poses taken by a person is
called the human pose estimation[3]. Literally, it can be
viewed as a problem of estimating the location of how the
joints of a person's body are organized in a photo or video.
However, not all joints are visible in the shape of a person
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in the image. Even with the same pose, it depends on the

model to extract high-precision skeletons.

direction in which it was photographed, sometimes hidden

This paper describes the process of acquiring a re-

by different objects, and wearing various clothes.

al-life-based point cloud sequence in Section 2, and in-

Depending on the light intensity, it can be difficult to

troduces a 3D skeleton extraction method proposed in

estimate. Human pose estimation technology is still a diffi-

Section 3. Section 4 shows the results of using this algo-

cult field, although it has been covered for a long time in

rithm, and Section 5 concludes this paper.

computer vision [3].
Skeleton extraction technology is the most commonly
used tool among technologies for analyzing human posture
and human movement. Until now, many researches have

Ⅱ. 3D Reconstruction using RGB-D Camera
System

been conducted for the extraction of skeletons. Many signal
processing techniques for skeleton extraction have been re-

1. Camera System

searched and in recent years, many techniques based on
deep learning have been developed[4]. A representative

This section describes the method for generating point

deep learning network that extracts 2D skeletons is

clouds for skeleton generation. First, we implemented a sys-

Openpose[5]. This network detects a large number of peo-

tem for acquiring point cloud using 8 RGB-D cameras, which

ple at once at a speed of 8.8 fps[4][5]. Studies have also

is shown in Fig. 1. The 8 sets of RGB and depth images

been conducted to extract 3D skeletons by solving occlu-

acquired using the system in Fig. 1 are converted to a point

sion problems using multiple RGB-D cameras[6]. In this

cloud. As a result, 8 sets of point clouds are generated.

paper, point cloud data is created using multi-view camera
system, and the occlusion problem is solved using this, and

2. Extrinsic Calibration

a deep learning-based 3D skeleton is extracted. Also, inaccurately extracted parts are corrected using point cloud

First, a 3D Charco board is used to find a matching point

(a)
Fig. 1. 3D point cloud capturing system (a) vertical, (b) horizontal shooting angle and range

(b)
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(a)

(b)

Fig. 2. Charuco board used to acquire feature points(a)Charuco board, (b) World coordinate system obtained through Charuco board

in an RGB image input from multiple cameras. The use

tial parameter, the result is  , and converges to  while

of charuco boards is not essential [7]. Figure 2(a) is one

optimizing.

side of the Charuco board, and Fig. 2(b) is the result of
(1)

′  →  →

displaying the matching point in the 3D Charuco board and
then displaying it in the world coordinate system. The origin of the world coordinate system is set to one corner of

The loss function to be optimized is the average value

the 3D Charuco board. In order to obtain 3D coordinates

of SED of  and ′ . Equation (2) represents the error

of the matching points, calibration between the depth and

function.

the RGB image is performed [8], and 3D coordinates of
the matching points are obtained from the depth map.
Next, we use a method for obtaining extrinsic parameters


  




 ∥


  ′ 



∥

(2)

of each camera using matching coordinates in point cloud
sets for generating 3D model. These parameters are calcu-

The process of differentiating the loss function with re-

lated using an optimization algorithm such that the SED

spect to the coordinate transformation parameters and up-

(Squared Euclidean Distance) of the matched coordinates

dating the parameter to minimize the function can be ex-

is minimal [9]. The transformation matrix of the coordinate

pressed as Eq (3) [10].  is a learning rate as a constant,

system includes parameters for rotation angles and trans-

and a value of 0.01 was used.    and  are parameters

lation values for each of the ,  , and  axes. After setting

in the    and  -th iterations, respectively.



one camera as the reference coordinate system, the parameters for converting those of other cameras to the reference
coordinate system are obtained.  represents the coor-



      


(3)

dinates of the reference camera and  represents the coordinates of the remaining cameras. → and → repre-

When this process is performed more than 200,000

sent the rotation and translation matrix from each camera

times, the average error of 8 cameras is reduced to

to the reference camera. The initial → is a unit matrix

2.98mm. When the parameters of each camera are obtained

and → is all zero. When Eq. (1) is applied with the ini-

by Eq. (3), the transformation from the camera coordinate
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system to the world coordinate system can be performed

in space for the 3D skeleton operation is calculated.

using Eq. (4), and the point cloud can be aligned based

Finally, a post-processing process for high-precision 3D

on the unified coordinate system.  represents world co-

skeleton extraction proceeds. Figure 3 shows the proposed

ordinates (reference camera coordinates), and  repre-

algorithm for skeleton extraction.

sents camera coordinates[12].

2. Pre-Processing
   ×   

(4)

When a 2D skeleton is extracted by inputting the projec-

Ⅲ. High-precision 3D Skeleton Estimation

tion image of the point cloud into the OpenPose network,

1. Proposed Algorithm

Therefore, by analyzing the spatial distribution of the 3D

the accuracy of the skeleton extracted from the image projected from the front direction can be the highest.
coordinates of the point cloud, the front of the object is

When the point cloud is captured through a multi-view

found, and the front direction of the point cloud is rotated

RGB-D camera system, projection images of four planes

so that it is parallel to the Z-axis direction. Principal

are generated for 3D skeleton extraction. Next, the 2D skel-

Component Analysis (PCA) is used to find the frontal di-

eton of the projected image is extracted using the

rection [13]. Principal component analysis is used to find

OpenPose library, and the intersection point of the joints

the principal components of distributed data.
 
 found using prinFigure 4 shows the two vectors 

cipal component analysis when the data are elliptical in the
2D plane. The two vectors may well represent the distribution of the data. By calculating the direction and magnitude of these vectors, we can effectively analyze the data
distribution [13].

Fig. 3. Work flow for 3D skeleton extraction

Fig. 4. Example of PCA in 2D

Kyung-Jin Kim et al.: High Accuracy Skeleton Estimation using 3D Volumetric Model based on RGB-D 1099

(a)

(b)

Fig. 5. Object rotation (a) before and (b) after using PCA

By performing principal component analysis on theth-

to an integer [11].

ree-dimensional coordinates of the point cloud, a vector
that can most simply represent the distribution of the point

3. 2D Skeleton Extraction using Deep learning

cloud on the x, y, and z axes can be obtained. Since the
distribution of the y-axis, which is the vertical direction

When 4 projection images are created, 2D skeleton is ex-

of the object, is not necessary to find the front, the point

tracted using OpenPose [5]. The OpenPose is a project an-

cloud is projected on the xz plane and principal compo-

nounced at the IEEE Conference on Computer Vision and

nent analysis is performed on the 2D plane about the x

Pattern Recognition (CVPR) 2017 and was developed by

and z axes. Through this method, a more accurate front

Carnegie Mellon University in the United States. It is based

direction can be found and the amount of calculation can

on the Convolutional Neural Network (CNN), and is a li-

be reduced. The PCA first finds the covariance matrix and

brary that can extract the features of several people's bod-

finds the eigenvectors for that matrix. In the two ei-

ies, hands, and faces in real-time from photos. The charac-

genvectors obtained, the vector with the small eigenvalue

teristic of this project is that the poses of several people

 in Fig. 5, and this
becomes the vector corresponding to 

can be found quickly. Before the OpenPose was an-

vector represents the front direction. Figure 5 shows the

nounced, to estimate the poses of several people, the

point cloud for before and after rotating so that the front

Top-Down method was mainly used to detect each person

of the object lies on the z-axis using the vector found

in a photo and find a pose for the detected person

through the PCA.

repeatedly. The OpenPose is a type of bottom-up method

After finding the front of the object, the AABB

that improves performance without repetitive processing.

(Axis-aligned Bounding Box) is set up to determine the

The Bottom-Up method is a method of estimating the joints

projection plane in space. The process of projecting from

of all people, connecting the positions of each joint, and

3D to a 2D plane is transformed from the world coordinate

then regenerating them with the joint positions of the corre-

system to coordinates on the projection plane through the

sponding person. In general, in the Bottom-Up method,

MVP (Model View Projection) matrix, which is a 4x4

there is a problem of determining which person the joint

matrix. Then, to convert to the pixel coordinate system, the

belongs to. To compensate for this, the OpenPose uses the

dynamic range is changed and quantization is performed

Part Affinity Fields, which allows you to infer which per
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(a)

(b)

(c)

(d)

Fig. 6. Extraction of the 2D skeleton of the projected image (a) front, (b) right, (c) rear, (d) left

son a body part belongs to. The result of extracting the
skeleton using the OpenPose is output as an image and a
json file. Figure 6 is the result of 2D skeleton extraction
of the projected image.

4. Joint Intersection Calculation
The joint coordinates extracted on the four projection
planes located in space are calculated after the process of

(a)

(b)

(c)

(d)

restoring the 2D skeleton pixel coordinate system back to
the 3D coordinate system. When the corresponding coordinates on the four planes are connected, four coordinates
that intersect in space are extracted. Among these four coordinates, a coordinate having a distance of 3 cm or more
from other coordinates is determined as a coordinate containing an error and removed. A 3D skeleton is obtained
through the average value of the candidate coordinates that
have not been removed. Figure 7 is an example of extracting the 3D joint of the right hand.

Fig. 7. The extracted joint with error (a) 2D skeleton, (b) joint intersection, (c) incorrect joint, (d) target joint and point cloud in the neighborhood
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5. Post-Processing

Figure 9 shows the correction of the error joint through
the above post-processing. When the error joint is obtained

Figure 7(d) shows that the joint is located outside the

as shown in Fig. 9 (a), applying the proposed post-process-

object because it was extracted incorrectly. Like these

ing process results in a corrected joint as shown in Fig.

joints, misaligned joints will be placed outside the 3D mod-

9 (b). From this figure, you can see that when post-process-

el, which needs to be corrected. A post-processing process

ing is applied, the joint will be positioned stably inside the

is performed to correct the error joint. First, find the neigh-

model.

borhood point cloud of the joint. When the neighborhood
point cloud is obtained, the center point and the radius value with the smallest error of the equation (5) of the sphere
for the neighborhood point cloud are obtained.
               

(5)

For N neighborhood point cloud, the center point with
the smallest error becomes the corrected joint position.
Figure 8 is an example of finding the center point with the
smallest error for N neighborhood point clouds. Since you
(a)

can define a sphere with only 4 points, the formula for defining a sphere for N points increases with the number of

(b)

Fig. 9. Joints that are located outside the object (a) before correction,
(b) moved inside the object after correction

points. Therefore, we need to find the sphere with the least
error in equation (5). In Figure 8 (a), a sphere that is too

Ⅳ. Experiment and Result

large for the points is defined, and (c) is an image that is
too small. Fig. 8(b) gives an appropriate result, and the
center of this sphere becomes the corrected joint. After ob-

1. Capturing System

taining the virtual sphere in contact with the adjacent point
cloud the most through an iterative process, the joint is horizontally moved to the center of the circle.

(a)

In this paper, eight Microsoft Kinect Azure cameras
were used. The camera arrangement follows the capturing

(b)

(c)

Fig. 8. Sphere estimation for correcting the unsuitable joint (a) large sphere, (b) medium sphere, (c) small sphere
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Fig. 10. The used distributed camera system

system as shown in Figure 1. Four units were installed at
a height of 0.7m from the ground, and the remaining four
were placed at a height of 1.5m from the ground to capture
the top of the object. A threshold value was set for the
depth value to obtain a point cloud for an object within
0.1m to 1.5m. Figure 10 is the actual camera system.

2. 3D Calibration
(a)

Each camera outputs RGB and depth images at a speed

(b)

Fig. 11. Point cloud before and after integration (a) Point cloud output
from each camera, (b) Point cloud integrated through coordinate transformation parameters

of 30fps. Using these two images and the camera's internal
parameters, the point cloud for the camera coordinate system can be generated. When 8 sets of point clouds are generated, they are integrated into a 3D model through a cam-

before and after matching by capturing the Charuco board

era calibration optimization process. Table 1 is the average

box. Figure 11(a) is the point cloud before registration, and

calibration error of the point cloud, and it can be seen that

Fig. 11(b) is the point cloud after registration. From Fig.

all cameras have an error of less than 5mm.

11, it can be seen that it is matched to be the same as the
shape of the actual Charuco board box.

Figure 11 is the point cloud of the Charuco board box

Table 1. Mean registration error of point cloud
Camera
Parameter

Optimization
(mm)

Avr.
2

3

4

5

6

7

8

Value

3.87

2.14

3.10

3.4

2.23

3.24

2.87

2.98

|Value-Avr.|

0.89

0.84

0.12

0.42

0.75

0.26

0.11

3.39
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3. 3D Skeleton Extraction Result

formed as a sequence for a graphics model with a correct
skeleton [15]. The numerical value for the joint error was

The experiment on 3D skeleton extraction was per-

(a)

(b)

obtained by means of MPJPE (Mean Per Joint Position

(c)

(d)

Fig. 12. (a) mesh, (b) point cloud and ground truth skeleton, (c) point cloud, ground truth skeleton, skeleton before correction,
(d) point cloud, ground truth skeleton, after correction Skeleton of Frame 1, 4, 9
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Error). MPJPE represents the average value of the joint er-

are shown in the graph of Fig. 13. From the results, it can

ror between the ground truth skeleton and the predicted

be confirmed that the skeleton after correction has less er-

skeleton, and is calculated using Equation (6) [16].

ror and that the skeleton is stably extracted.






 
     
   



(6)

Ⅴ. Conclusion

In Equation (6), P0 is the joint coordinate of the ground
truth skeleton, and P is the joint coordinate of the predicted

In this paper, we propose an algorithm to extract a 3D

skeleton. Equation (6) is an equation for obtaining the average

skeleton by acquiring a photo-realistic-based point cloud

value of the joint error. Here, N represents the number of

sequence at a speed of 30 fps through 8 RGB-D camera

joints. In this paper, 15 joints were used. Using the proposed

systems. Through the camera calibration process applying

algorithm, we confirmed how much the performance was im-

an optimization algorithm, an integrated point cloud with

proved for MPJPE. Since the definition of the position of the

an error of less than 5mm could be created. In order to

joint is different for each algorithm, the error according to

extract the skeleton, the projection planes for the four sides

the defined position is always included. Therefore, the stand-

of the object are generated, and the 2D skeleton is ex-

ard deviation of MPJPE was calculated as to whether the skel-

tracted using the OpenPose library, a deep learning model.

eton was stably extracted. Figure 12 is a comparison of the

And the post-process was proposed for high-precision skel-

ground truth skeleton and the skeleton after correction in three

eton extraction. Through this, it was possible to extract a

frames. In Fig. 12, the red skeleton represents the ground truth

high-precision 3D skeleton using the generated point cloud

skeleton, and the blue skeleton represents the skeleton pre-

sequence without a separate motion capture device.

dicted through the proposed algorithm.

Through post-processing, it was possible to visually con-

The MPJPE measurement results in Fig. 13(c) and (d)

firm that it appeared more stably than when using only

Fig. 13. MPJPE results for each frame before and after correction
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openpose, and numerically through MPJPE for each frame.
By extracting high-precision 3D skeletons, it can be useful
in various applications such as 3D model animating, mo-

[7]
[8]

tion recognition, and compression.
[9]
[10]
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