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UAbstract 
Vision-based pose estimation and tracking of a 
human body is a problem of estimating 
kinematic parameters of the body model, such 
as joints position and joints angle, from a static 
image or a video sequence. In this paper, an 
estimation of a human pose using a multi-view 
camera system is performed. The constructed 
system is using a few stationary calibrated 
Microsoft Kinect devices, giving the pose 
sequence estimation for each of the views.  
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UIntroduction 
Human pose recognition has been an active 
area of research for the past several decades 
due to its applications in activity recognition 
for surveillance, video games, robotics, etc. In 
the past few decades, several approaches have 
been proposed for recognizing human pose 
from monocular RGB video sequences [1]. 
Unfortunately, the monocular RGB data is 
highly sensitive to various factors like 
variability of human visual appearance in 
images, variability in lighting conditions, 
variability in human physique, partial 
occlusions due to self-articulation and layering 
of objects in the scene, complexity of human 
skeletal structure, high dimensionality of the 
pose, and the loss of 3d information that results 
from observing the pose from 2d planar image 

projections. To date, there is no approach that 
can produce satisfactory results in general, 
unconstrained settings while dealing with all of 
the aforementioned challenges. Hence, despite 
significant research efforts over the past few 
decades, pose estimation still remains a 
challenging problem. A human body can be 
represented as an articulated system of rigid 
segments connected by joints, hence, if we can 
reliably extract and track the human skeleton, 
we can estimate the human pose. But extracting 
the human skeleton reliably from monocular 
RGB videos is a very difficult task [9]. By 
using RGB-D devices such as Microsoft's 
Kinect sensor Kinect, we can acquire the 
human's skeleton directly for each frame.  

Conditions for ideal skeleton tracking with 
RGB-D sensors include full body visibility, as 
well as facing the sensor at a distance of 
approximately 2.5 meters. When using such 
sensors in complex environments, joint 
occlusions often become a problem. To 
increase the robustness and flexibility of the 
system, several Microsoft Kinect sensors were 
combined to increase the field of view (FOV). 

Known skeleton-based action recognition 
approaches can be grouped into two main 
categories: join based approaches and body 
part-based approaches. Joint-based approaches 
consider the human skeleton simply as a set of 
points. These approaches try to model the 
motion of either individual joints or 
combinations of joints using various features 
like joint positions [15], joint orientations with 
respect to a fixed coordinate axis [16], pairwise 
elative joint positions [17], etc. Body part-
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based approaches consider the human skeleton 
as a connected set of rigid segments (body 

parts).  

In this paper we are constructing a multi-view 
system with the idea to combine the pose 
estimation from each view, which is requiring a 
calibrated system. This system would be 
capable of selecting the most appropriate view 
for skeleton model for each frame - for 
improved state of the art pose estimation. In 
order to calibrate multiple Kinect devices, we 
have to overcome some limitations. The first 
one is to connect the sensors in a common 
system. Typically most computers cannot 
afford connecting more than one sensor due to 
the high USB bandwidth requirements from the 
second version of the Microsoft’s device. The 
second problem arises when using two devices 
having the same or partially covered FOV. The 
IR of each sensor interfere into the depth 
calculation of the other. Since the second 
problem is deeply analyzed in other articles 
[19], which are proposing installing a filters in 
front of the IR beams of each Kinect, changing 
the IR modulation or just changing the 
orientation of the sensors, so that there are no 
overlapping areas – In this article we are 
focusing on creating a system allowing to 
connect multiple devices and calibrate their 
color/depth images. 

 
USystem architecture and Calibration 
The illustration of the developed system is 
shown on Fig. 1. A server is connected to a N 
number of computers, each having one Kinect 
device connected. A TCP based protocol is 
written for the needs of this article used for data 
transfer, and a UDP based protocol – for 
discovery and new devices authentication. 
Those devices could be a regular PC, which 
would increase the cost of building such system 
or a low-cost single-board computer like 
Raspberry Pi. 

 

 Fig.1. System architecture 

For the purpose of this paper, we 
assume that the server is always on and 
awaiting connection from different clients, 
having Kinect device prior connected to them. 
Each Client have a specific configuration, 
setting a personal identification number, so that 
the device would be recognized through the 
network. The server is broadcasting a specific 
UDP packet, containing connection 
information, which a client will need in order to 
send each frame from the connected Kinect 
device to the server. A block diagram of the 
communication during the “Discovery” process 
is shown on Fig.2. Having all the available 
devices connected to the network and have 
obtained server information, we can start the 
calibration procedure, which consist of the steps 
described in Fig.3. 
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          Fig. 2. “Discovery” connection diagram            Fig.3. Calibration procedure diagram 

There are multiple procedures developed for 
camera calibration over the years, the most 
famous one is by using a chart calibration 
boards placed in front of camera. For the 
purpose of this paper, we are using a 
rectangular object in the scene, visible to all 
cameras, which dimensions are known. 

Our goal is to calculate the pose matrix 
P for each camera: 

        

P

 
P(1) 
which is the product of the camera’s intrinsic 
and extrinsic matrixes. The intrinsic camera 
matrix K is:                                  .
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The extrinsic camera matrix is calculated 
using: 
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(3) 
where R is a 2D rotation matrix, and T is a 
translation matrix. Once the camera pose 
matrixes P are calculated, we can compute the 
3D points using triangulation. If we denote 
with itp  the rows of P, having a 
correspondence point with 2D coordinates ‘x’ 
and ‘y’ for all cameras. For the first camera we 
write: 

                                                  

                                                                       
 (4) 
Similar for the second camera:       .                

                                 

(5) 
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When we collect the equations, this produces 4 
possible solutions – presented as Triangulation 
matrix A, which we select the one that results 
in reconstructed 3D points in front of both 
cameras. 

                                                                                        
(6) 

Our goal is to calibrate multiple Kinect 
devices with the purpose of human activity 
recognition.  Kinects would be placed around 
the area, the activity would take place. The 
system should be capable to identify those two 
Kinect positions which are having the best 
viewing angle to the scene.  

USkeleton data, feature vector 

representation 

A variety of low-level features have been 
used to represent the skeleton data: body joint 
locations [9], body joint velocities [10], body 
joint orientations [11], relative body joint 
positions [12], rigid segment angles [13] and 
transformations (rotations and translations) 
between various body segments [14]. Some of 

these proposed features may be more suitable 
for describing certain motions than others, e.g. 
the relative position and orientation between 
head and foot may provide sufficient 
description for the ‘sitting’ motion for some 
applications. 

In this paper we choose holistic model 
representation instead of а single joint 
description. In the feature descriptor for each 
frame and for each view, we are calculating the 
distance between each point to the skeleton 
center of mass. 

 
UAlgorithm Description 

Human activity recognition is a complicate task 
due to the difference in activity performance 
between the humans, poses extraction and 
noise in the data, minimized when using a 
calibrated system. The proposed method for 
skeleton pose sequence selection consists of 
four parts, having the features representing a 
specific pose - initially computed. An action is 
represented as a sequence of key poses, 
obtained a comparative analysis of poses of 
skeletons from different perspectives (different 
views). More detail explanation about the four 
parts of the algorithm is given on fig.4 

 

 

 

 

Fig.4. Pose sequence estimation algorithm 
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Part 1. Posture features extraction: in 

this step the 3D coordinates of the joints are 
considered and the features representing each 
posture are computed; 
 Part 2. Present the feature descriptor 
for each frame and for each view after 
calculating the distance between each point to 
the center of the mass of the skeleton. 

Part 3. Bag of key poses: the codebook 
is generated by applying a clustering algorithm 
to the training data, and a key pose is 
associated to each posture in the sequence;   

Part 4. Key skeleton pose analysis, best 
pose validation from multiple views and 
selection of quasi optimal key skeleton pose 
sequences. 
The extraction of features representing the 
posture consists in the evaluation of the 
normalized position differences among each 
joint and the center-of-mass of the skeleton for 
each view j. Let the i-th joint of a skeleton is 
represented by a three-dimensional vector j

iJ , 
for the n-th frame of an activity constituted by 
N frames and the j-th view. A center-of-mass 

j
cmJ is computed considering the average 3D 

position of the skeleton, constituted by p joints: 

  
1

0

1 pj j
cm i

i
J J

p
−

=
= ∑   

The normalization factor js , is computed 
considering the average distance among all the 
joints of the main body and its center-of-mass, 
as follows: 

21

0

1 pj j j
i cm

i
s J J

p
−

=
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The position difference j
id  is represented by 

the displacement between the i-th joint for the 
j-th view and the center-of-mass, considering 
the scaling factor. All the joints of the human 

body have to be considered in the computation 
of position differences, according to: 

j j
j i cm

i j
J J

d
s
−

= , 0,1, 2,..., 1i p= − ,  

where p are the number of joints.  
Using the position displacement and the 
normalization factor, the features are invariant 
to the position of the skeletons within the 
coverage area of the sensor, and also to the 
build of the subjects. The posture feature vector

j
nf , associated to the n-th skeleton frame (for 

1,n N=  ), is finally constituted by all the p 
differences: 

0 1 2 1[ , , ,..., ]j j j j j t
n pf d d d d −=  

The third step concerns the generation of the 
codebook, which consists in the extraction of 
the most informative feature vectors, which are 
the key poses. This process starts with the 
application of k-means clustering algorithm to 
the feature vectors, considering separately the 
vectors belonging to different actions of the 

dataset. With jM  classes, that are the M 
different actions of the dataset for each view, 
the vector 1 2 3[ , , ,..., ]j j j j t

MjK K K K  specifies 

the number of key poses for each class. 
Following this approach, all the training 
instances of the first class are clustered in 1

jK  
key pose. The codebook is obtained by 
merging all the key poses obtained for each 
class. A key pose is associated to each posture 
feature vector that constitutes an action, by 
considering the closest one in terms of 
Euclidean distance. An action, originally 
represented by a sequence of features vectors: 

1 2 3[ , , ,..., ]j j j j j t
MjF f f f f=  , is encoded by a 

sequence of key poses:   

1 2 3[ , , ,..., ]j j j j j t
MjS K K K K=             .  
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In the testing phase, the codebook is exploited 
to associate unseen feature vectors to learned 
key poses. After the validation phase is 
obtained the key pose sequence from multi-
view system     

1 2 3[ , , ,..., ]t
MS K K K K= ,  

where   iK  is the best pose for skeleton pose 
analysis. 

  
UBest Pose validation from multi- view 

Our method is based on [18], which is using a 
single Kinect device to estimate the human 
pose. Using multi-view system with several 
calibrated cameras, allows us to calculate pose 
candidates for each frame from different views 
and then select the one which satisfies three 
conditions:  - closest distance to the camera or 
central skeleton cross angle to be the maximum 
possible close to 90 degrees angle, the ratio 
between right and left arms to be close to 1 and 
that the reliable joint positions, returned by 
Kinect is maximum (Fig.5). The center angle 
O2 is closer to 90P

0
P than O1, also the ratio of 

arms p3,p5 / p3,p4 is closer to 1 than the arms 
ration p0,p2 / p0,p1. The first skeleton is 
having also a number of unreliable joints, due 
to the fact that part of the body is occluded. 

The main purpose of the validation phase is 
obtained the key pose sequence from multi-
view system     

1 2 3[ , , ,..., ]t
MS K K K K= ,  

where   iK  is the best pose for skeleton pose 

analysis. Each key pose  iK  is obtained after 
checking for the above three conditions, for the 
key postures for the different views 

1 2 3[ , , ,..., ]j j j j j t
MjS K K K K= . The key pose 


iK   estimation is defined as an optimization 

problem: 

          

 1

1arg min ln(1 )
L j

i
j

i

K F
L

F
=

= +∑
   

1,for j L=  

where the function  F  is defined by the 
expression:  

3 2

1

1 ( )
3

j
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norm
F F
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−
= ×∑ . 

The following characters are entered in the 
above expression:  

-  j
iF  are components of a vector model 

1 2 3[ , , ]t
m m m mF F F F= , as 1 1mF = , 

2 090mF = and 3 1mF = ; 

-  iF  are components of a vector 
jF , 

with values obtained under the three 
conditions for a current key pose j

iK , as 
   ,1 2 3[ , ]j j jj tF F F F= . It is accepted for 

key pose 
j
iK , 1

j j
cmF J=   2 2

jF = Θ , 

and  3
3 5
3 4

j p p
p p

F = ; 

- wλ  are components of a weight vector 

1, 2 3[ , ]tW w w w= , at 1, 2, 3λ = . After 

experiments have been selected the 
following weight coefficients 

1 2 31, 1,5 2,w w w= = = . The selected 
values reflect the information capacity of 
each component of vector F ; 

- normλ  are components of the norming 

vector t
1 2 3[ , , ]norm norm norm norm= with 

components 1 4,5norm m=  (maximum 

distance to an object), 0
2 180norm =

(maximum viewing angle) and  
3 1norm =  

 
……………
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Fig.5. Two views for the same activity. Only the right skeleton is satisfying the pose conditions. 

 
 

An example of algorithm for multi-view key-
pose decision is shown on Fig.6.  For each 
moment of time, measured with the frames 
number nRN R, for each camera view – a pose 
vector is calculated. Using the K-means 
algorithm, the pose sequence is divided into a 
key-pose sequence. Our task is to determine 
the key-pose for each moment of time. Using 
the aforementioned triple formula rule, we 
can define the view of interest for each frame 

and select its key-pose. An important notice 
is that no camera-view selection is 
performed, before the current pose length in 
the current view is finished. When the key-
pose frame interval is over, we can select a 
new view and it’s key-pose – even when the 
key pose start interval is before the end of our 
last key-pose. 

 

 
 

Fig.6. Key pose selector from multi-view input. 
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UExperimental Results 
 
The camera setup, constructed for the 
experimental phase consist of 3 Kinect devices, 
placed on 1.5m height with 45P

0
P between each of 

them. 
The algorithm performance is evaluated on the 
largest 3D dataset for action recognition, 
currently available - NTU RGB+D. The dataset 
is constituted by 60 activities performed by 40 
actors, aged between 10 and 35 and actions have 
been captured in 80 different views, using 3 
Microsoft Kinect v2 sensors under 17 different 
camera setups. The cameras were positioned on 
the same height during each setup but from 
three different horizontal angles: −45P

0
P, 0P

0
P +45P

0
P. 

Each subject was asked to perform each action 
twice, once towards the left camera and once 
towards the right camera.  

 

Table. 1 camera setups in the NTU RGB+D 
dataset 
 
For the purpose of this paper, we are going to 
use only those camera setups, which are similar 
to the one used for experiments, hence selecting 
setups 2, 3, 8, 10. Future experiments will 
include all parts of the dataset, which will 
require view-normalization. 

 

 

Fig.7. Activity sequences in the NTU 
RGB+D dataset 

 
We select 5 activities – brushing teeth, 
clapping, wear a shoe, kicking something, 
make a phone call/answer phone, and 
perform key-point extraction analysis prior 
running the system. There are 23 key poses 
extracted for the selected activities. The test 
is executed with 3 people performing the 
activities, 5 times. The averaged results and 
the decision table for the experiment for 
each activity is shown on fig.8. We label the 
key points from the brushing teeth activity 
with K1, clapping with K2, wear a shoe key 
points – with K3, kicking something with 
K4 and make a phone call with K5. Sub-
indexes refer to the original order from the 
dataset of the key-poses. The length of the 
activities is normalized so that it can be 
visualized. In pink color are shown the miss-
classified key poses. 
One key pose from the phone call activity 
K5R6R is replaced with a key pose from the 
clapping activity K2R2R. Another 3 key poses 
are mistakenly classified.  
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Fig.8. Key points decision table for the selected activities. 
 
 
UConclusions: 

This article proposes a system and algorithm 
for assessing the human pose using a multi-
view camera system. Sequence selection of 
human pose is performed using a skeleton 
data provided by the Microsoft’s RGB-D 
sensor Kinect. The constructed system is 
using a few stationary calibrated Microsoft 
Kinect devices, giving the pose sequence 
estimation for each of the views. The system 
can segment complex human-made activity 
into a sequence of key poses derived from 
different views in 3D space. 
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