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Abstract – The identification of the 3-dimensional physical properties of humans has recently become a very important field of 

study. In this respect, today's applications and research use depth cameras such as Kinect as an input tool for identification of 

quantitative characteristics of people. Due to the completeness of data offered by conventional cameras, depth-cameras are the 

driving force for more up-to-date research. Introduction of human objects recognition offered by its library makes researchers 

easily take three-dimensional data from Kinect for skeletonization algorithms. The skeletonization is an algorithm that can 

facilitate the depth-camera’s user to detect human objects and track the bone and each joint. In this way, a human can be tracked 

precisely by bone and joint motion. Moreover, the camera is able to do skeleton tracking over a human object. However, if the 

human object is actively moving in the field, the skeleton mapping may change. In this paper, we propose a new method for 

labeling players by using gait recognition and other features thus even the human is moving in/out of the camera field, the camera 

will recognize it as the same human based on its characteristic. This approach can be easily used in real-time recognition of 

people and is also performed to label the player. Experiments of this method were carried out in the real environment. Tests were 

performed successfully in experiments where people with different characteristics are involved. According to the obtained 

results, the proposed method has a good performance and can be applied in real-time easily. 
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I. INTRODUCTION 

Nowadays lots of research or applications use depth camera 

as its input sensor. Due to the completeness of the data offered 

over the conventional cameras, depth-cameras are the driving 

force for more up-to-date research. One of the advantages of 

depth-camera is to have skeletonization features in the 

available libraries. Skeletonization is an algorithm that can 

facilitate the depth-camera’s user to detect human objects and 

track the bone and each joint. In this way, a human being can 

be tracked precisely by bone and joint motion. This ability is 

not out of deprivation. Therefore, many researchers proposed 

skeletonization algorithm that has better results than the basic 

library. Several studies about skeletonization can be found in 

[1-4]. In those studies, some researchers offer better results in 

several different conditions. 

Skeletonization algorithm can be used to track human’s 

identical movement which so-called gait recognition. Gait is a 

rhythmic groove of a particular body part while doing 

something. A person's gait when walking can be different from 

the others. Identification of the gait is one of the biometric 

recognition of human objects. Some studies that utilizes 

skeletonization algorithm from depth-cameras to identify gait 

related to biometrics identification can be seen in [5-7]. The 

application in other fields such as [8, 9] are the use of gait 

recognition for security purpose. In sports and health 

respectively can be found in [10, 11] and [12-14]. In human 

interaction with machine, human movement are also used in 

order to recognize the body language [15] so that machines can 

understand the human’s intention without using voice 

commands or keys. 

The skeletonization algorithm which is included in the built-

in library allows a depth-camera to skeletonize one or more 

human objects. This feature is based on segmentation of 

human objects that may be found more than one in a frame. 

Then skeletonization in each object is performed in detail. This 

makes the depth-camera’s performance becomes very heavy 

because it requires a high processor to process multiple objects 

in a single frame. In this research depth-camera we use is 

Microsoft Kinect. The version we use on the other hand, is 

Kinect v1. Kinect v1 is different from Kinect v2 which can 

only detect skeleton up-to 2 objects only. Kinect v2 allows us 

to track the human objects up-to 6. However, Kinect v2 

requires greater power capability than Kinect v1. Therefore, 

using Kinect v2 will maket his development unsuable in a low 

power computation such as single board computer. 

This research aims to do dynamic player labeling in real time 

against one or more human objects that are immune to 

displacement of player's location even though the player goes 

in and out to Kinect’s detection area. Kinect v1 and the SDK 

v1.8 libraries are used to get the skeleton to be mapped. In this 

research we use component gait in skeleton that are static and 

dynamic. In practice, however, dynamic features are less 

helpful if the human object performs abnormal movements 

such as jumping or dropping suddenly. Therefore, we added 

other features such as clothing color and skin color as a 

counterweight. We avoid facial recognition because of 

resource consuming. This paper is structured in several 

chapters that are important for further discussion. The first 

chapter is the introduction of the problem. The second chapter 
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is a literature studies that discusses the sensors we use and 

some other techniques. The third chapter is a discussion of the 

proposed method. Chapter Four settings and implementation. 

The fifth chapter is the discussion of research results and the 

last is conclusion. 

II. RELATED WORKS 

Some of the studies that became our concerns that have been 

done by some previous researchers discussed in detail. Those 

cover some method that will be considered either in 

implementation or in experimental result. And those previous 

works are: 

 

1. Distance Feature 
 

Aniruddha et al, perform gait recognition using Kinect by 

utilizing features that are dynamic, i.e. features that can change 

over time but have certain patterns [1]. The dynamic feature 

chosen by Aniruddha et al, is a feature of the distance between 

the wrists. Using Kinect v1, 20 joint points can be obtained 

and then calculated distance by Euclidean distance as below:  

 

k   = |XLeftAngle – XRightAngle| 

Where k is 1 to N, and N is the total frame per second. Then 

another static distance feature is the distance between one joint 

to another joint that can be calculated with the vector spacing 

as follows: 

 

 𝑑𝑖𝑗  = √|| 𝑋𝑖 − 𝑋𝑗  ||2  +  || 𝑌𝑖  −  𝑌𝑗  ||2  +  || 𝑍𝑖  −  𝑍𝑗  ||2 

 

Where i and j are joints to be calculated. 

 

2. Angle Feature 
 

In addition, dynamic features also use static features as 

characteristic of human objects. Static features can be 

represented by chest width, waist width, arm length, etc. 

Different from previous research that using distance features, 

in this research the researchers use the angle feature that is 

created when the object moves. This angle is formed between 

three joint points that can be clearly seen in Figure 2. 
 

III. THE PROPOSED APPROACH 

In order to identify players, we use the approach that we 

consider important. This approach will be discussed in depth. 

In our system, static and dynamic features are captured in real 

time. Therefore, we use the recording method where the trigger 

is the condition where the difference in distance between the 

two feet is significant with the difference in distance between 

the two feet on average. This indicates a significant change in 

a short period of time and indicates that humans are making a 

stepping move.  

 

‖ 𝑆𝑡𝑒𝑝𝑑𝑖𝑠𝑡𝑖 −  𝑆𝑡𝑒𝑝𝑑𝑖𝑠𝑡 ‖  > 𝑡 

 

Where “Stepdist” is the current distance between the both 

LeftAngle joints and RightAngle. Then 𝑆𝑡𝑒𝑝𝑑𝑖𝑠𝑡 is the average 

value of the Stepdist. Whereas t is the specified threshold for 

trigger. For more explanation of triggering records on and off, 

the flow chart in Figure 1 below represents the details. 

 
 
 

 

Figure 1. The flowchart diagram 

 
 

The diagram in Figure 1 describes the mechanism of taking 

a dynamic feature in real time. When data retrieval takes place, 

the data is stored in an array that contains the value of the 

distance/angle per frame. In dynamic features we take steps 

and swings from each player for analysis. Each step and swing 

is measured by distance and angle. As we can see in the picture 

below, dynamic features are parsed from the player's body. 

Then the data array that is formed from each step is stored for 

later analysis in the next step. 

 

a) 

 
 

 

 

 

 

 

 

 
                                   b) 

 

Figure 2. a) Step and swing, b) Pattern comparison 

 

if drawn, the data in the array will form a curve which 

contains angles and distances that represent a step and a human 

swing. This step and swing will be compared to centroid data. 

To find out how much the error is from the data we use RMSE 

in comparison.  

 

𝑅𝑀𝑆𝐸 = √
∑ (𝐴𝑖 − 𝐶𝑖)2𝑛

𝑖=0

𝑛
 

 

If the RMSE value of these two curves is too large then the 

threshold will break and the system considers it as data that has 

different characteristics. From all features used, 5 of them are 

static features and 4 of them are dynamic features. Dynamic 
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features have a greater weight than static features so the 

threshold number will be 13 with the translation of; 
 

Total T = 5Ts + 2 x 4Td 
 

The color comparison, on the other hand is performed by 

comparing the clothing’s color around the human body. 

Instead of using RGB color space, the comparison is done in 

CIELab color space. This will make the comparison more 

accurate if there are two similar color given. Then a threshold 

is set depends on the Delta E of the two given color.  
 

IV. EXPERIMENTAL RESULTS 

The experimental results obtained regarding to the scenario 

are shown in Figure 3. In the first, we get the player to move 

around the area, staying there for a few minutes to let the 

camera performs the clustering. Then we get the player to do 

back and forth movement to the area to check the clustering 

result. 

 

 
 

    Figure 3. The sample output 

 

V. CONCLUSION 

The clustering system in the multi-camera environment is 

possible to be done. The performance is affected by the 

tracking especially in the overlap area. Moreover, clustering 

performance may struggle due to random lighting source. In 

order to reach the highest performance, we may add more 

static and dynamic feature in the clustering model. 
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