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Abstract 

In this paper, we present a hand-tracking system. Our system uses a depth-capture 

device to acquire the 3D geometry of a user's bare hand, such that the user's hand 

position and gesture information can be estimated from the depth cues. In particular, we 

build an ellipsoidal tracking object and restrict the hand tracking to within the ellipsoidal 

area to avoid the diverse problems occurring in conventional object detection/tracking 

systems. This tracking area is actively controlled according to the statistics of a user's 

hand gesture and motion history. The proposed system aims to be used in diverse systems 

that operate based on the natural user interface framework. The experimental results 

verify the accuracy and efficiency of the proposed system. 

 

Keywords: Hand Tracking, Hand Shape Representation, Human-Computer Interaction, 

Hand Gesture Recognition 

 

1. Introduction 

Typically, user-computer interfaces are based on conventional interaction devices, such 

as a mouse, keyboard, touch screen, tablet, etc., all of which rely on a user's physical 

contact and operation. However, in many situations, such operations and interactions are 

impossible; in such a case, a user's natural body motion can be used as very useful 

information for the human-machine interaction. Therefore, considerable research efforts 

have been carried out on the techniques known as the natural user interface (NUI), in 

which the system attempts to track and recognize a user's action and this then provides a 

very efficient method for the interaction [1-7]. In particular, the NUI technique, which 

uses a user's bare hand information, is known as one of the most efficient methods that 

enables users to interact with any device. Although hand information tracking/estimation 

is steadily gaining importance owing to the drive from various applications, most 

conventional approaches are restrictive and difficult to use in real applications. In 

addition, they often require complicated and expensive devices that are generally operated 

under laboratory conditions by experts, and are not easily adopted in commercial 

applications. In this paper, we present a hand-tracking and gesture recognition system. 

Our system uses a depth-capture device (MS Kinect) to acquire 3D geometric information 

of a user's bare hand, and the user's hand position and gesture information are estimated 

from the depth clues. In particular, we build a flexible ellipsoidal object and restrict the 

hand-tracking area within the ellipsoidal object to avoid tracking failure problems, often 

occurring in conventional object detection/tracking systems. This tracking area is actively 

adjusted according to the statistical data of a user's hand motion history. The proposed 

system computes the running average of the hand position during a predefined period, and 

estimates uncertainty of the hand motion direction based on the covariance of the hand 

coordinated in the 3D space. This uncertainty is used to determine the shape and size of 
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the ellipsoidal tracking object in the next tracking period. Subsequently, the hand position 

in the next tracking period is assumed to be present in the tracking object, and we detect 

the user's hand position in the predefined area. This approach ensures very stable tracking 

even when multiple objects are present in the scene simultaneously, which occurs very 

frequently in real applications. Once the position of a user's hand is acquired, the system 

attempts to count the number of fingers to recognize the gesture information of the hand. 

Our system tracks a user's hand information using the active tracking ellipsoid, such that it 

can be used in systems, such as a kiosk with a very large screen in which conventional 

interfaces cannot be used, in a crowded area. The proposed system aims to be adopted in 

diverse systems that operate based on the NUI framework. The experimental results verify 

the accuracy and efficiency of the proposed system. 

 

2. Algorithm Description 

The proposed system computes the running average of the center coordinate of the 

hand during a predefined period to remove the noise (jitter) problem. Currently, we 

accumulate the hand coordinates of 50 frames, and this running average is also used to 

compute the covariance of the hand motion, which determines the shape of the ellipsoidal 

tracking object. Once the position and uncertainty of a user's hand are estimated, the 

system then attempts to count the number of fingers to recognize a user's hand 

information. This allows the users to perform diverse interactions with the system using 

only a bare hand. Figure 1 shows the block diagram that illustrates the work flow of the 

proposed system. 

 

2.1. Three-dimensional Tracking Ellipsoid 

In our system, the hand tracking largely relies on the estimation of the tracking 

ellipsoid. Figure 2 shows the estimation of the ellipsoidal tracking ellipsoid, and the 

ellipsoid is used to restrict the detection area in the next tracking phase. Initially, the 

search range is set to a fixed sphere of a predefined radius. For the center position of the 

hand  𝐗t = (𝑥ℎ, 𝑦ℎ , 𝑧ℎ)
T, the initial ellipsoid is given as 

 

 

Figure 1. Workflow of the Proposed System 
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Figure 2. Search Range Restriction using the Ellipsoid 

(𝑥 − 𝑥ℎ)
2 + (𝑦 − 𝑦ℎ)

2 + (𝑧 − 𝑧ℎ)
2 = 𝑟2.                                                               (1) 

 

Considering the scale along each axis of the coordinate frame, the ellipsoid is represented 

as the following. 

(𝑥−𝑥ℎ)2

𝛼2 +
(𝑦−𝑦ℎ)2

𝛽2 +
(𝑧−𝑧ℎ)2

𝛾2 = 𝑟2,                                                                    (2) 

where α, β, and γ are the scale factors determined by the covariance of the hand motion. 

The covariance for the uncertainty estimation is computed as follows. First, we compute 

the center of gravity of the hand region [8].  

 

𝑚00 = ∑ ∑ 𝐼(𝑥, 𝑦)𝑦𝑥 , 𝑚10 = ∑ ∑ 𝑥𝐼(𝑥, 𝑦)𝑦 ,𝑥  𝑚01 = ∑ ∑ 𝑦𝐼(𝑥, 𝑦)𝑦𝑥 ,   

 

𝑥𝑐 =
𝑚10

𝑚00
, 𝑦𝑐 =

𝑚01

𝑚00
.                                                                                          (3) 

 

Here, I(x, y) is the hand image, and x=(xc, yc) is the center point of the hand image. From x 

accumulated during a predefined period of n frames, the average of the hand position is 

computed as follows.  

𝐱𝑎
𝑡 =

1

𝑛
∑ 𝐱𝑖𝑛

𝑖=0 .                                                                                                    (4) 

Further, the running average is used to compute the covariance of the hand motion, 

acquired by Eq. (5). Here, we empirically set n = 50. 

𝐱𝑎
𝑡 = 𝐱𝑎

𝑡−1 +
𝐱𝑡−𝐱𝑡−1

𝑛
.                                                                                            (5) 

From the running average and Eq. (4), we compute a 3  3 covariance matrix as 

shown in Eq. (6). We can assume that the motion vector of the hand motion is 

independent of each coordinate frame, and we may set all the off -diagonal elements 

of the covariance matrix to zeros. Once the covariance matrix is acquired, we 

compute the scale factors of the ellipsoid along each axis, 𝛼 = 𝜔𝑥𝜎𝑥𝑥, 𝛽 = 𝜔𝑦𝜎𝑦𝑦, 𝛾 =
𝜔𝑧𝜎𝑧𝑧, and they determine the shape of the ellipsoidal tracking volume. From the 

center position of hand 𝐗t = (𝑥ℎ, 𝑦ℎ , 𝑧ℎ)
T  and the scale factors, we can build the 

active tracking volume, which is used to restrict the tracking area in the 3D space.  

 

𝐜𝐨𝐯𝑡 =
1

n
∑ (x𝑡 − x𝑎

𝑡 )(x𝑡 − x𝑎
𝑡 )T = [

σ𝑥𝑥 σ𝑥𝑦 σ𝑥𝑧

σ𝑥𝑦 σ𝑦𝑦 σ𝑦𝑧

σ𝑥𝑧 σ𝑦𝑧 σ𝑧𝑧

] ≈ [

σ𝑥𝑥 0 0
0 σ𝑦𝑦 0

0 0 σ𝑧𝑧

]𝑡
𝑖=𝑡−𝑛 .         (6) 

 

2.2. Hand Shape Representation 

After the hand position is obtained, the system attempts to recognize a user’s hand 

gesture by counting the number of fingers. Typically, conventional approaches for the 
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finger counting often need specific conditions that ensure stable operations. For example, 

Ren’s approach [5] requires a black belt to be worn on the user’s wrist to detect the 

accurate hand region. However, this type of constraint is not always possible, and may be 

uncomfortable to users. Instead, we use an alternative approach. First, we obtain the line l0 

that is orthogonal to the direction vector of the hand motion (green line in Figure 3(a)) 

and passes through the weighted center of the hand region. Subsequently, at the time step 

t, we compute two points Pt= {ps, pe} where the line l0 intersects with the contour of the 

imaged hand Ck = {c1, c2,…, ck}, and use these two points (yellow points in Figure 3(b)) 

as the initial and final points for the outline extraction for the finger counting. Figure 3 

shows the geometrical hand shape description and the time series curve that illustrate the 

extracted hand contour curve. Here, the x-axis is the angle from the initial point to the 

final intersection, and the y-axis represents the normalized distance from the hand’s center 

point to the imaged contour. From the curves in Figure 3, the topological information of 

the imaged hand, which is used to recognize a user’s hand gesture, can be obtained. In D. 

Lee’s approach [9], the hand contour is extracted and ellipses are fitted to the imaged 

finger tips. Further, based on fitting the errors, the inliers of the imaged finger contour are 

counted and the number of fingers is estimated from the number of inliers. However, this 

approach is not suitable for noisy images, and the counting results might be quite 

unstable. Instead, we use topological attributes of the time series contour curves of Figure 

3. From the extracted hand contour, we estimate the distance between the center point of 

the hand and the contour curve Ct = {cs, cs+1,…, ce}, which exists between the two 

intersection points Pt= {ps, pe}. Further, the distance is normalized by the minimum 

distance between the center point and the contour curve. Subsequently, we compute the 

normalized angles between the vector 𝑥𝑡𝐶𝑡⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗, which points from the center point xt to one 

point on the contour curve, and 𝑥𝑡𝑝𝑠
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  , which is from xt to the first point of the intersection. 

This is represented in Eq. (7) and Eq. (8) as follows. 

 

𝑁𝐷𝑘 =
|𝑥𝑡𝐶𝑡⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  |

min(|𝑥𝑡𝑐𝑠⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗|)
.                                                                                                          (7) 

 

𝑁𝐴𝑘 = cos−1 (
 𝑥𝑡𝑝𝑠
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ ∙𝑥𝑡𝐶𝑡⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  

2𝜋
).                                                                                              (8) 

 

Here, NDk is the k-th normalized distance, and NAk means the angle between 𝑥𝑡𝐶𝑡⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ and 

𝑥𝑡𝑝𝑠
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  , which is normalized by 2π. In Figure 3(b), the horizontal axis represents NA and the 

vertical axis ND. From the time series curve, we estimate the curvature data of the finger 

tips using Eq. (9). This can then be used to count the number of fingers to recognize a 

user’s hand gesture. 

 

𝑐𝑘(𝑖) = cos𝜃𝑘 =
𝑎𝑘(𝑖)⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ ∙ 𝑏𝑘(𝑖)⃗⃗ ⃗⃗⃗⃗ ⃗⃗ ⃗⃗  ⃗

|𝑎𝑘(𝑖)⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ | | 𝑏𝑘(𝑖)⃗⃗ ⃗⃗⃗⃗ ⃗⃗ ⃗⃗  ⃗|
.                                                                                       (9) 

 

In Eq. (9),  𝑎𝑘(𝑖)⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   = 𝑉𝑘+1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ − 𝑉𝑘

⃗⃗⃗⃗ , and 𝑏𝑘(𝑖)⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  = 𝑉𝑘−1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ − 𝑉𝑘

⃗⃗⃗⃗  , where 𝑉𝑘
⃗⃗⃗⃗  represents the vector 

that points to one point on the contour curve, that is 𝑉𝑘
⃗⃗⃗⃗ = (𝑁𝐴𝑘 , 𝑁𝐷𝑘). Further, θ is the 

angle between 𝑎𝑘(𝑖)⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   and 𝑏𝑘(𝑖)⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ . 
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(a)                                                     (b) 

Figure 3. Hand Shape Description: (a) Hand Contour and Principal Axis 
Detection (b) Time-Series Curve of the Hand Contour and the Fingers 

 
(a)                                                          (b) 

 
(c)                                                          (d) 

Figure 4. Estimation of Hand Center: (a) Distance Transform (x-axis) (b) 
Distance Transform (y-axis) (c) Center of Mass (x-axis) (d) Center of 

Mass (y-axis) 

3. Results 

To evaluate the efficiency and accuracy of the proposed system, we conduct a set of 

experiments and compare the results. The experiments are performed using a computer 

running MS Windows 7, a visual camera, and a Kinect depth-capture device.  
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Figure 5. Examples of the Conventional Approach #1 (Soutschek et al.) 
[6] 

 

Figure 6. Examples of the Conventional Approach #2 (Bergh et al.) [7] 
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Figure 7. Proposed Method 

3.1. Accuracy of Hand Center Estimation 

The center point of a region can be computed using several conventional methods such 

as distance transform [10] and center of mass [11]. Figure 4 presents the results of the 

center point estimation (a) and (b) the results when using the distance transform, which 

show that the center point has a lot of noisy jitter. (c) and (d) are the center points 

obtained by the center of mass method, which verify that the results are very stable. 

Therefore, we use the center of mass to obtain the center position of the hand. 
 

3.2. Active Tracking Ellipsoid 

Figures 5 and 6 illustrate examples of the conventional approaches. In Figure 5, the red 

regions represent that a user's hand is detected from the depth information obtained by the 

depth-capture device. For the system to operate successfully, only one user's hand should 

be detected and tracked. However, the examples show that all objects present in the 

operation area are detected, resulting in unsuccessful hand tracking. This is because the 

system assumes the tracking region to be fixed in the 3D scene space [6]. Figure 6 shows 

the results of Bergh’s approach [7]. In this example, the system first attempts to detect a 

user’s face, and any object closer to the camera than the face is considered as the user’s 

hand. If any other face is closer to the camera, the system fails to detect the user’s hand. 

Nevertheless, as shown in Figure 7, the proposed system restricts the search area using the 

tracking ellipsoid, and the hand detection is not affected by any other object present in the 

operation area. Figure 7 also shows that the tracking ellipsoid actively changes according 

to the hand motion such that it expands toward the direction of the hand motion. 

 

3.3. Evaluation of Hand Gesture Recognition 

Figure 8 shows the time-series curves of the hand contours. Here, the x-axis is the 

angle from the initial point to the final intersection, and the y-axis represents the 
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normalized distance from the hand’s center point to the imaged contour. In particular, 

Figure 8(a) shows a noisy contour curve, which may result in unstable finger counting. 

Figure 8(b) is a refined curve obtained via the average filter to reduce the noisy 

components. Figure 9 shows the uncertainty of the hand motion on each coordinate axis. 

This information is used to determine the shape of the tracking ellipsoid. The 3D tracking 

ellipsoid is illustrated in Figure 10. 

 

 
(a)                                                 (b) 

Figure 8. Time-Series Curve for the Finger Count: (a) before and (b) after 
Noise Suppression 

 

 

 

Figure 9. Uncertainties of Hand Motion in x, y, and z axes, Respectively 

3.4. Processing Time of the Proposed System  

To be used in real applications, the system should run in frame rates, i.e., 24 frames per 

second. Figure 11 shows the operation time per frame. From the results, we verify that the 

system operates at a frame rate of approximately 24–30 fps, which ensures the real-time 

operation of the proposed system. Figure 12 shows the proposed framework in a real 

application. We build an application in which a user can perform interactions with the 

system by using his/her bare hand motions. This also verifies that it can be used in the 

systems, such as a kiosk with a very large screen for which conventional interfaces cannot 

be used. 
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Figure 10. Tracking Ellipsoid that Changes Actively According to the Hand 
Motion History 

 

Figure 11. Processing Time of the Proposed System 

3. Conclusion and Future Work 

We proposed a hand tracking framework that can be used in an NUI-based application. 

Our system builds a flexible ellipsoid that changes actively according to the statistics of 

the hand motion history, and the tracking is restricted within the ellipsoidal area. The 

finger counting technique is used to recognize a user's hand gesture. The experimental 

results show that the proposed system can be successfully driven in diverse NUI-based 

systems. Our future work will focus on the development of an application based on the 

proposed framework. 
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Figure 12. Demonstration of the Proposed System 
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