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Abstract: Tracking human pose is the critical step of recognizing and analyzing the human motion on 3-D 
stereo vision, and it has great value and potential for applications of the machine vision. However, due to the 
complexity of human motion and background, most of the existing tracking methods for 3-D human motion 
gesture will add some extra restrictions on acquiring the human motion, and the tracking algorithms are often 
hard to obtain a robust algorithm performance. In this paper, a new human motion tracking method based on  
3-D depth information is presented aiming to improve the tracking method quality. The algorithm makes a 
determination for the human body contour through analyzing the depth image information at first. Then the 
special skeletal points are estimated and tracked based on the 3-D depth vision images. Finally, the motion 
estimation is executed by using the three-step search algorithm, and the tracking pose is achieved naturally. 
Experimental results show the effectiveness of the algorithm, and it also has verified this method is feasibility 
and superiority on the aspect of acquiring human motion gestures and tracking compare to the similar method. 
Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

The 3-D computer vision is the most important 
sensing technology in passive ranging, the main goal 
is to simulate the manner of human processing target, 
and it can measure the 3-D information of target 
flexibly under a variety of conditions. The related 
technical models have played an important role in all 
areas of society. In recent years, with the 
development of 3-D vision technology, the 
researchers have been more concerned about how to 

gain the human motion gestures on accurately, 
quickly and clearly. With the development of new 
technology of capturing images on 3-D vision 
equipment, such as the Microsoft Kinect depth 
camera, how to use low-quality depth images to solve 
the problem of human gestures recognition in real 
time is becoming the researching hot domain and 
difficult problem on machine vision gradually. 

The purpose of human motion tracking is to use 
computer to track the movement of interest in the 
target image. According to the tracking algorithm 
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using human body model or not, the existing tracking 
methods can be divided into non-model tracking 
algorithm based on motion characteristics or region 
tracking algorithm based on the motion model. 

The study of non-model tracking algorithm based 
on characteristics or region has made considerable 
achievements currently. Wren [1] presented a hybrid 
method that combined colors and statistical model to 
get the 2-D images of head and hands, and at the 
same time the method represented them with three 
points as well. Zhuqiang [2] took color information 
as the main characteristic information of the human 
motion tracking method. In this method, the tested 
people should wear tights with color blocks, then the 
proposed method could acquire human motion data 
by tracking color blocks. Jepson [3] et al, utilized the 
appearance structure of the image to establish a 
Gaussian mixture model consisting of three 
components. The EM algorithm was used to build 
adaptive contour appearance on each two frames of 
image information in that method. However, in 
literature [4], Yilmaz employed the merging visual 
features (including color and texture) as the 
characteristic of his tracking algorithm. In that 
method, when the body movement was covered, they 
could take a priori shape texture features of the goal 
to recovery target regions, and also use Bayesian 
framework for contour tracking. Caicjie [5] proposed 
a 3-D human constraints and gray correlation 
method, which made the dimensional marker of 
human body into 3-D coordinates and then used the 
Kalman filter as tracking algorithm. In literature [6] 
and [7], the mean-shift algorithm was used to 
complete the motion tracking, and the non-rigid 
objects were represented by isotropic kernels. In 
2012, a breakthrough occurs on human motion 
gesture tracking progress, Zdenek Kalal [8] presented 
a new framework tracking method which tracked and 
learned automatically based on P-N learning – TLD. 
That method could learn and detect the motion 
tracking during the motion tracking progress 
robustly. Event if the target was of the observation, it 
could also achieve the motion tracking effectively 
when the target returned. These methods mentioned 
above need a lot of mathematical operation in the 
prior of motion tracking. At the same time, they 
usually have a higher demand on the motion tracking 
equipments, and also need a more time consuming. 
So these methods do not conducive to the real-time 
human motion gesture tracking. 

On the other hand, the researchers are also very 
concerned about the human motion gesture tracking 
based on models. Brand [9] used a hidden Markov 
model to construct a mapping model from the 3-D 
model to the 2D shadow firstly and then establish the 
3-D probability model of human body through this 
mapping model. Sminchisescu [10] proposed a 3-D 
model with a monocular camera for tracking human 
motion, and Curioand Gies [11] also presented a new 
motion tracking method based on the combination of 
views and models. In literature [12], Aris Valtazanos 
took use of wearable inertial sensors to track human 

motion gesture. As the complicated factor limitation 
of the human motion gestures and the operations, the 
methods mentioned above need to standardize the 
special point on the human body when the motion 
tracking is processed. 

Due to the development of the depth camera 
technology, the shortcoming of those methods could 
be effectively overcame for capturing the spatial 
information of human motions, and the accuracy of 
images acquisition could also be improved greatly. 
The main advantages of the depth camera technology 
are as follows: First of all, the depth image is not 
concerning about spatial color, and can not be 
influenced by illumination, shadows and other 
factors. Furthermore, using the depth image to carry 
on pattern recognition, it means a 3-D spatial pattern 
recognition with monocular and it can overcome the 
problem of overlapping and blocking. Finally, the 
theory of depth camera can well guarantee  
the robustness of standardizing and adapt to 
environment changes, make it easy to self-regulation 
and do not require re-calibration and measuring the 
calibration object. 

In depth image-based tracking algorithm study 
domain, Jamie Shotton et al [13] estimated the human 
skeleton points’ position by using the single depth 
image, and turned the complex estimation issue to a 
simple classification question. And this method made 
a great progress in the field of tracking human motion 
gestures. In the literature [14], the action image was 
used to simulate human behavior, and it also 
employed a series of joint points to describe people’s 
posture. Iason Oikonomidis et al [15] utilized a 
model-based method to achieve gesture recognition. 
In 2010, Kar [16] put forward a method of 
segmentation with haar-features and tracking skeletal 
points on RGB and depth images, which was a useful 
method for the depth image processing. However, 
due to the accuracy of the depth images acquisition, it 
can hardly to obtain the human motion gestures with 
high accuracy. So the robustness is usually weak of 
those depth image-based motion tracking algorithms. 
In addition, it can hardly meet the requirements of 
tracking gestures and satisfying the real-time 
interaction with these low-quality depth images [5]. 
According to these problems, if the high rates of 
recognition can be achieved with the low-quality 
depth images, then it can improve the function of 
real-time recognition and enhance the robustness in 
the influence of light. By using the 3-D vision 
technology of Kinect, this paper design an algorithm 
for tracking human motion based on depth 
information. The algorithm makes a determination 
for the human body contour through analyzing the 
depth image information at first; Then, the special 
skeletal points are tracked, which are extracted from 
the depth image; The three-step search algorithm is 
used for motion estimation and tracking human 
motion gestures; Finally, the experiments of this 
method is presented, and it shows the feasibility and 
superiority of this method on the acquiring human 
motion gestures and motion tracking. 
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The rest of this paper is organized as follows: the 
section II introduces the related work and the 
advantages of the Kinect, and also describes the 
tracking algorithm and searching methods used in 
this paper; the section III demonstrates the collection 
of the experimental data and process, and the analysis 
and summaries of results is also presented; Section 
IV is the short discussion and prospects of the 3-D 
vision tracking based on Kinect. 
 
 

2. Acquiring Depth Images and 
Designing Tracking Algorithm 

 

2.1. Acquiring Skeletal Image 
 

In this paper, the Kinect is used to obtain the 
corresponding depth images [17]. It's structure is 
shown in Fig. 1. Wherein the RGB lens can capture 
color images with a resolution of 640*450 pixels, and 
get up to 30 images per second at most; infrared 
transmitter and infrared CMOS camera can capture 
the 3-D depth images with a resolution of  
320*240 pixels. 
 
 

 
 

Fig. 1. Schematic of Kinect. 

The corresponding skeleton images acquisition 
can be divided into the following steps:  

Firstly, the left and right side sensors on the 
Kinect are used to transmitting and receiving 
infrared: The left side infrared emitter on the Kinect 
launch infrared to the environment at first. The 
reflected light spot which is on different position in 
the space is not the same, so it can form a 3-D light 
coding for environment; After that, it captures 
infrared images through the infrared receiver on the 
right side; At last, using the infrared images and 
original parameters from Kinect to take series of 
complex calculations, the 3-D depth information [18] 
namely the depth data can be got. Depth data is the 
basis and prerequisite for skeletal tracking. 

Secondly, to make the acquired depth data into 
the skeletal point images, it needs such steps  
as following: 

Step 1: Stripping human depth images from the 
background environment; 

Step 2: 32 neighbouring body parts which are 
classified are colored with different colors;  

Step 3: Taking into account the overlapping parts 
of the body, the analysis and definition are needed on 
the front, and the side and overlooking angle are used 
to definite joint points based on each possible pixels. 

Finally, the system can generate a skeleton system 
according to the skeleton tracking. By this way, 
Kinect able to assess the actual location of the body 
position [19]. The following steps are as introduced 
in the literature [18], including: getting each frame 
depth image through Kincet depth camera, 
classifying the depth images with color, demarcating 
each classification color, estimating the 3-D joint 
point positions of the body depth images, and 
matching calibration color with 3-D joint point. 

Fig. 2 is the 3-D coordinates of the skeletal point. 
Due to the Z coordinate axes indicates the distance, 
so the X and Y coordinate axes are only selected. 

 
 

 
 

Fig. 2. Skeletal point coordinate comes from RGB image. 
 
 
2.2. Three-step Search 
 

Three-step search which is referred to TSS is a 
video search method for video compression proposed 
in 1981 by T. Koga [20]. In the target image, it 
searches eight pixels around according to the 
provision step and matches operation with the setting 
errors. The search mode of TSS is settled from coarse 

to fine, and it's similar to the global search method. It 
takes matching operation according to the mean 
absolute difference [21]. 

Block matching algorithm [22] is a translational 
motion estimation algorithm based on the assumption 
of the intuitive movement, finding the best position in 
adjacent frames of pixels and calculating the motion 
vector. Its schematic is shown in Fig. 3 [23]. 
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Fig. 3. Block matching principle. 
 
 

In the design of the three-step search algorithm, 
Renxiang Li et al made a further improvement on it, 
using the center-biased checking point mode instead 
of the distribution checkpoint model which was 
original uniform to improve the efficiency and 
accuracy [24]. And ZHANG PENG [25] employed 
Moravec detection algorithm to extract relevant 
features and using three-step search algorithm for 
tracking moving objects. In literature [26], Sun Ning-
Ning proposed the multi-step search strategy based 
on the center-biased characteristic and parallel 
processing of the motion vector. This algorithm can 
effectively estimate the target motion, and then take a 
compensation for corresponding error. Unlike the 
previous algorithm, this paper will make motion 
estimation on the skeleton image, ignoring the 
influence of the surrounding environment of the 
garget, and achieve the purpose of tracking and 
estimating of human motion effectively. Fig. 4 is the 
schematic diagram of the search algorithm. 
 
 

 
 

Fig. 4. Schematic of three-step search. 
 
 

The procedure of the algorithm is designed  
as follows: 

Step 1: Compare nine reference points which are 
marked 1 with the distance of four pixels along the 
vertical direction, and then match and calculate the 
block at the same time. 

Step 2: Compare nine reference points which are 
marked 2 with the distance two pixels along the 
vertical direction, and match and calculate the block 
at the same time. 

Step 3: Compare nine reference points which are 
marked 3 with one pixel along the vertical direction, 
and search the MAD point. Otherwise turn to step 2. 

The MAD point can be calculated as the 
formula (1): 
 

1 1

1 1 1 1 1
( , )

1
( , ) | ( , ) ( , ) |x y k k x y

x y B

MAD d d f x y f x d y d
MN −

∈

= − + + , 
(1) 

 
where B represents the M×N macroblock, 

( , )x yd d is the motion vector, kf  and 1kf −  are gray 

values for the current frame and previous frame. If at 

a certain point the value of (d ,d )x yMAD is the 

minimum, then this point is the optimal point. 
 
 
3. Experiment Results and Analysis 
 
3.1. Experiment Data Collection 
 

In order to verify the effectiveness and robustness 
of the presented algorithm, the surrounding noise and 
human disturbance are settled down as a fixed scene. 
The Kinect (Xbox 360 sensor) is used to collect 3-D 
human motion gestures in well-light conditions and 
bad-light conditions, and the collection data is 
320*210 pixel image, 30 frames per second (motion 
sequence image). For the standards of RGB, depth 
and skeletal point of the same action, the SDK is 
employed to extract the collected data, and then those 
data are normalized to 256×256, 8 bit depth  
BMP images. 
 
 
3.2. Experiment Results 
 

In the first experiments, the two large difference 
actions are estimated as the settled well light 
conditions for checking the motion estimation 
effective when the range of motion is obvious. The 
two example frames of the motion estimation under 
the settled well-light condition are shown in Fig. 5 
and Fig. 6 shows the experimental results of the 
skeletal point tracking motion estimation  

In the second experiments, motion estimation 
between the two consecutive frames images are 
conducted as the settled restricting the illumination to 
check the effect of the motion estimation when the 
range of motion is not obvious. The two examples 
frames of the motion estimation effect under the 
settled no light conditions are shown in Fig. 7, and 
the Fig. 8 shows the experimental results of the 
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skeletal point tracking motion estimation under the 
settled no light conditions. In the third experiment, 
the three-step search algorithm is used to make a 
motion estimation between the RGB images with the 
skeletal point images under the same settled 
illumination condition, so that the robustness can be 
tested under the same influence of light. The 
examples of the result of TSS motion vector under 
well-light and no light conditions are shown in Fig. 9 
(Fig. 9 (a) and Fig 9 (b). Fig. 5 and Fig. 7 are the 
motion gesture tracking images when the light 
conditions are different. Form the results it can be got 
that the RGB images are more influenced by the light 
conditions while the depth images and skeletal point 
images are not affected easily. From the results 

obtained by the TSS algorithm as shown in Fig. 6 and 
Fig. 8, it can be obtained that the TSS algorithm can 
effectively achieve the motion estimation for the 
collected skeletal tracking images, and it can also 
simultaniously get the effective vector displacement 
and frame difference. So the motion tracking and 
directions of the human body movement can reveal 
the behavior of the human body. The presented 
method simplifies the pre-treatment process of 3-D 
human gestures, which is beneficial to the algorithm 
design and application innovation. As shown in 
Fig. 9, the light conditions have a great impact on 
motion estimation, however the proposed  
method has better robustness of the changing 
environmental factors. 

 
 

   
 

   
 

(a) Original RGB image (b) The depth image (c) Skeletal point image after 
normalization 

 
Fig. 5. The two frames under the well-light.

 
 

 
 

(a)The different value of two 
frames images 

(b) The frame difference of 
displacement 

(c) The motion vector of the second 
frame image 

 
Fig. 6. The experimental results of the skeletal point tracking motion estimation under well-light. 



Sensors & Transducers, Vol. 174, Issue 7, July 2014, pp. 253-260 

 258

  

   
 

(a) Original RGB image (b) The depth image (c) Skeletal point image after 
normalization. 

 
Fig. 7. The two frames under no light conditions.

 
 

   
 

(a) The different value of two 
frames images 

(b) The frame difference of  
Displacement 

(c) The motion vector of the second 
frame image 

 
Fig. 8. The experimental results of the skeletal point tracking motion estimation under no light conditions. 

 
 

  
 

(a) The motion vector under well-light conditions (b) The motion vector under no light conditions 
 

Fig. 9. The example of the result of TSS motion vector under well-light and no light conditions. 
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A comparison on the time consuming of motion 
estimations is accomplished for the same motion 
between TSS algorithm and Full Search algorithm 
(shorted as FS). The FS algorithm is also an 
estimation algorithm based on matching model. This 
algorithm which using the Sum of Absolute 
Difference (SAD) is well on accuracy but  
it is too complicated. The SAD calculates equation is 
as follows: 
 

1 1

1 1 1 1 1
(x ,y ) B

SAD(d ,d ) | f (x ,y ) (x ,y d ) |x y k k x yf d−
∈

= − + + , 
(2) 

 
where B represents the M×N macroblock, 

( , )x yd d is motion vector, kf  and 1kf −  are gray 

values for the current frame and previous frame. the 
algorithm needs to calculate the SAD value of all the 
points of the target area to obtain the minimum value. 
And motion vector is the partial amount of obtained 
displacement. Table 1 shows that the comparison of 
time-consuming between TSS algorithm and FS 
algorithm on the well-light conditions. 

Based on the obtained results, the TSS algorithm 
is faster than FS algorithm in both well-light and no 
light conditions; meanwhile, the light restrictions also 
play a little effect on the time-consuming. The TSS 
algorithm is more conducive to tracking human 
motion gestures in real-time, and it's algorithm 
process is much easier than the FS algorithm  
 

 
Table 1. Time-consuming between FS and TSS. 

 
Light 

conditions 
Algorithms 

Well-light No light 

FS 0.927 s 1.034 s 
TSS 0.459 s 0.462 s 

 
 
4. Conclusion 
 

In this paper, a new skeletal tracking method is 
proposed based on depth images, and then motion 
estimation is achieved by the three-step search 
algorithm. The proposed new method can effectively 
respond to the effects of light on motion tracking, and 
it can also make the motion estimation of 3-D human 
gesture more intuitively and easily as the illumination 
condition changed. Additionally, the experimental 
results have also shown that the method has another 
advantage that it can get the 3-D coordinate points of 
the skeletal points’ information and the relative 
displacement vector information during the process 
of motion estimation. The experiments reveal that the 
proposed method is more efficient and stable than FS, 
and has achieved good results in different settled 
conditions. This advantage made it possible to obtain 
a high accuracy and effectiveness in the application 
of motion estimation. In the future work, based on 
this method, the combined RGB images and the 

depth images can be settled as a whole by using the 
hybrid models to avoid the influence of light, shelter 
and other interference on a single model. 
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