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Abstract— Capturing the hand gesture is useful in many 
virtual reality applications like video games and surgery 
training for medical students. In this project, we have designed 
and built a hand tracking glove that is able to track the pose of 
the hand and the motion of the five fingers. We have employed 
sensing data from three different kinds of sensors, which 
includes a camera, an inertial measurement unit (IMU) and 
flex sensors. The ArUco marker is attached to the back of the 
glove to obtain the pose information of the hand from the 
camera. The Kalman filter is applied to stabilize the pose 
acquired. An IMU is adopted to increase the sampling rate up 
to 100Hz. Our system uses a sensor fusion scheme. Even if the 
ArUco marker is occluded temporarily, the pose of the glove 
can still be obtained. We also make use of the flex sensor to 
track the finger motion. In our experiment, it is shown that the 
motion of the hand and fingers can be obtained correctly. A 
virtual hand model in the computer moves simultaneously with 
the human hand in the real space. 
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I.  INTRODUCTION 

In this project, we aim to develop a hand gesture input 
system to be used as a virtual reality input tool. Capturing the 
hand gesture is useful in many applications, for examples 
virtual reality video games, surgery training system for 
medical students, sign language inputs and etc. Many 
approaches have been developed such as those reported in 
[1] and [2]. Some more recent approaches are discussed in 
[3]–[10]. There are approaches that use the 3D range 
scanners like the Kinect sensor to handle the task. However, 
none can track the rotation and translation of the hand at a 
high sampling rate over 100Hz. In our approach, we would 
like to merge three types of sensing methods, namely the 
computer vision method, the inertial measurement unit 
(IMU) and the flex bending sensor together to achieve a 
better sampling result. Our goal is to achieve a sampling rate 
as high as 100Hz. It is well known that the computer vision 
sensor can find the pose of an object by using linear or non-
linear pose estimation methods. However, the sampling rate 
is usually limited by the camera frame rate of 30 to 60 
frames per second. Moreover, the pose estimation algorithm 
also requires feature extraction and pose finding that make 
the system very complex and slow. Usually, a low cost 
embedded system processor cannot handle such a kind of 
calculation smoothly. The IMU sensor can attain similar 
measurement results with a high sampling rate, say 100Hz or 

more. Since the outputs are in differential forms like speed or 
accelerations in translation and rotation, signal integration is 
used to obtain the absolute measurement of translational 
positions and rotational angles. Hence, drifting and noise 
may be the problems that are difficult to be solved. Merging 
these two types of sensors, i.e. vision and IMU, may be a 
potential solution and is discussed in [11]. However, we still 
cannot see a real implementation of such a method for hand 
pose tracking. In our project, we have developed a scheme 
for merging the two sensors: vision and IMU using an 
effective algorithm. The overview of our approach is shown 
in Figure 1. A screen shot of our prototype in operation is 
shown in Figure 2. 

In summary, our approach uses the vision-based method 
to produce the absolute measurement. During the gap 
between two sampling time steps of the vision sensor, the 
IMU is responsible for measuring the pose of the hand. For 
the vision-based method, we use the ArUco marker attached 
to the back of the palm. This scheme is robust and easy to be 
implemented. As for the IMU, we have built our own 
hardware based on some off-the-shelve electronic modules 
so that we can have more control of the algorithm to be used 
in our sensor fusion scheme. Moreover, finger tracking is 
also important to sense the gesture of the hand. In our work, 
we have employed the flex sensor for such a purpose and the 
result is satisfactory. The system is built and tested. The 
sampling rate is as high as 100Hz. This makes the system 
suitable for a large variety of virtual reality applications. 

This paper is divided into several parts. In Section II, we 
explain the background of our project. In Section III, the 
theory and design methodology are discussed. The 
implementation and testing results are explained in Section 
IV. Finally, the conclusion is found in Sections V.

II. BACKGROUND

Early approaches of hand posture tracking can be found 
in these surveys and papers [1], [2], [7]. The ideas reported 
were already becoming mature but most systems at that time 
were clumsy and expensive since small sensors and 
embedded systems were not well developed. An early work 
of using the flex sensor as finger motion sensors is found in 
the paper by Laviola and Zelezik [8]. A pure vision-based 
method for feature recognition is reported in the paper by  
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Figure 1.  Overview of the system. 

 

Figure 2.  A screen shot of the sensing glove in action. 

Chen et. al. [5]. It is intended to be used for sign language 
recognition but not for virtual reality input. Some approaches 
use the proximity sensor array to find the hand gesture, such 
as the paper in [10]. However, the detailed measurement of 
the hand rotation and translation are not reported so the 
functionality of the system is very limited. A more recent 
work of employing the KINECT sensor is described in the 
literature in [3], [6]. However, the sampling rate is limited 
and the cost is relatively high. Some approaches employed 
the Goniometric Sensor, which is described in the paper by 
Wang [4]. It seems that it is a more expensive solution for 
measuring the articulated motions of the fingers. The work 
reported recently in the paper by Anand Asokan et. al. [9] 
integrates an IMU rotation sensors and flex sensors in a 
gesture sensing glove, which is very similar to our approach. 
However, translational information of the palm is not 
measured. While in our approach, we have added the ArUco 
sensor to achieve the tracking task. This marker-based pose 
tracking scheme is originally developed by Garrido-Jurado 
et. al. [12]. The fusion of various sensors to improve 
measurement results is popular in an engineering system. A 
typical example of using computer vision and IMU to obtain 
the absolute pose of the tracking object can be found in the 
paper by Nutzi et. al. [11]. The use of Kalman filter in 

computer vision is also popular. It can improve tracking 
precision and remove noises. Its theory can be found in the 
book by Bar-Shalom et. al. [13] and some examples of 
applying Kalman filter to the problem are described in 
vision-based pose tracking papers in [14]–[16]. 

III. THEORY AND DESIGN 

A. Vision-based pose estimation using the ArUco marker 

We make use of the ArUco marker in [12] in our palm pose 
tracking application. In order to achieve the highest detection 
speed, we use the simplest 4-by-4 ArUco marker set. The 
fingers are assumed to be pointing to the forward direction of 
the palm. 

B. Stabilizing the translation motion obtained by the ArUco 
marker with Kalman filter 

 
1) Inputs to the Kalman filter 

 
Kalman filter is useful for tracking objects. In this paper, 

it is used to track the pose of the ArUco marker. Since the 
camera view may be blocked at some instants during 
operation, Kalman filter [14], [15] can help maintain tracking 
accuracy for the moment. The algorithm for the ArUco 
marker [12] can compute the marker pose of each frame 
independently. In our approach, the pose is described by the 
transformation [R,T]T at time t. Based on the matrix R, we 
can get the three rotational angles x, y, z , which are 
respectively the rotations around the X, Y, Z axes. T = [tx, ty, 
tz]

T represents the translation along the X, Y, Z axes. We 
define the state of the system in our Kalman filter as xt = [x, 
y, z,Tx,Ty,Tz]

T at time t. 
 

2) The recursive Kalman filter algorithm 
 

Below are the two basic transfer functions of the Kalman 
filter. 

 
 xt = Axt-1 + wt (1) 
 zt = Hxt + vt (2) 
 
Equation 1 defines the state changes by a discrete-time 

control process. Equation 2 defines the measurement to the 
system. x is the state vector, t is the time index and z is the 
measurement vector. Matrix A in equation 1 governs the 
relationship between the state at the previous time frame t 1 
and the current frame t. Matrix H in the equation 2 maps the 
state x to the measurement z. w and v are random variables. 
They have normal distributions with covariance Q and R, 
respectively. 

 
As the system propagates, it goes through two steps, 

namely the prediction step 
 
 x̂t

- = Ak̂t-1 (3) 
 Pt

- = APt-1A
T + Q (4) 

 
and the update step. 

 



 
Figure 3.  Hardware architecture of the glove. 

 Kt = Pt
- HT (H Pt

- HT + R)-1 (5) 
 x̂t = x̂t

- + Kt (zt - H x̂t
-) (6) 

 Pt = (I - Kt H) Pt
- (7) 

 
The prediction step basically projects state x in equation 

3 and the covariance estimates in equation 4 from the 
previous time frame t-1 to the current frame t to a a priori 
estimate. 

  
 

The update step is used to rectify the model based on the 
measurement and the covariance estimate. Firstly, the 
Kalman gain Kt is calculated in equation 5. Then it is used to 
combine with the measurement zt to obtain the a posteriori 
state estimate x̂t, and hence the a posteriori covariance 
estimate Pt. 
 

C. Hardware Design 

 
In addition to the ArUco marker based on the computer 

vision techniques, some electronics are embedded into the 
glove to provide extra data on palm rotation and finger 
flexes. To handle the communication between these sensors 
and the software in the computer, a microcontroller is used to 
gather data from all the sensors. They are packaged and 
transferred to the computer via Bluetooth. The glove is 
powered by a one-cell lithium polymer battery through a 
battery management module, which handles charging and 
voltage regulation. The hardware architecture of the glove is 
shown in Figure 3. 

 

D. The intertal measurement unit (IMU) 

An inertial measurement unit (IMU) measures the 
accelerations and angular velocities along the X, Y and Z 
axis. According to the datasheet of the IMU chosen for this 
application, the unit is able to provide data at a speed of 
100Hz. The unit also has a built-in microcontroller to 
compute and output the pose in Euler angles. The unit gives 
out the data through UART at a baud rate of 115200bps with 
the format illustrated in Figure 4. The microcontroller 
forwards this packet together with the flex data appended at 
the end each time when the Euler angle data are received  

 
Figure 4.  UART data format. 

 
Figure 5.  The timeline of various data generated and received by the 

software. 

from the IMU. Our glove can provide measurement data at a 
speed of 100Hz. 

 

E. Time stamping of the interial measurement unit 

To enable fast and robust hand pose estimation, data 
from both the visual marker and IMU are fused based on 
time stamping. Using data from the two sources have the 
following pros and cons: 

The ArUco marker: 
 Advantages: The pose obtained is absolute and 

drift-free. 
 Disadvantages: It is relatively slow (20-30Hz). 

No estimation can be obtained if the marker is 
not detected. 

IMU: 
 Advantages: It is fast (100Hz) and independent 

of camera field of view. 
 Disadvantage: Pose obtained drifts over time. 

 
To prevent the processing of data from one source from 
blocking the other, the algorithm runs in two separate 
threads. One processes the AR packets for visual marker 
detection and the other processes the IMU packets from the 
glove. Besides, the system also records the actual time stamp 
of the data received. Based on the characteristics of the data 
from the two sources, the following algorithm is developed 
to fuse the measurement data: 
1) The Euler angle from ArUco marker is saved each time 

the marker is detected, since the marker can obtain an 
absolute pose. 

2) If the ArUco marker is detected at the time in between 
two consecutive samples of IMU data, our system inter-
polates the two IMU data at the time of marker detection 
and saves it as reference, i.e. REF packet. For example, 
packet REF1 is an estimation of IMU orientation when  
 

 

 

 



 
Figure 6.  Five flex sensors attcahed to the five fingers with a glove. 

packet AR1 is received. It is estimated by interpolating 
the pose data in packets IMU1 and IMU2. 

3) When new IMU data are received, it is compared against 
the reference IMU data in Step 2. An offset, which is 
saved in the OFF packet, from the reference is calculated. 
For example, packet OFF1 is the offset of packet IMU2 
from REF1. 

4) The offset is then added to the absolute pose obtained 
from ArUco marker and it becomes the predicted 
orientation, i.e. the ARP packet. Therefore, the predicted 
orientation of the marker at the time when packet IMU2 
is received equals to the orientation represented by AR1 
plus OFF1. 

5) Steps 3 and 4 are repeated until the ArUco marker is 
detected again. Once the marker is detected, the process 
restarts from Step 1. 

 

F. Flex Sensors 

Figure 6 shows how the five flex sensors are attached to 
the five fingers with a glove. To avoid the sampling of flex 
sensor voltages from blocking the reception of IMU data, the 
analog-to-digital converter (ADC) of the microcontroller is 
set to operate in free running mode. The program only 
collects the data when the conversion is done. After that, the 
ADC input channel is set to the next flex sensor channel and 
a new ADC conversion is started. 

The flex sensor data is transmitted to the computer 
together with the IMU data. The microcontroller appends the 
five flex sensor readings as five bytes after the IMU data 
field when sending the data to the computer. The format of 
the final data packet is shown in Table I. Notations TFlex , 
IFlex, MFlex, RFlex and PFlex represent the flexes of the 
thumb, index finger, middle finger, ring finger and pinky, 
respectively. 

IV. EXPERIMENTS AND RESULTS 

We have successfully built the system. The system in 
operation is illustrated in Figure 8. A live video 
demonstration of our system, together with the additional 
information related to this work, can be found at 
http://www.cse.cuhk.edu.hk/khwong/papers.html and 
https://youtu.be/no_z_LYdmzU . 

 

 
Figure 7.  Schematic of a flex sensor for one finger. 

TABLE I.  THE STRUCTURE OF THE DATA PACKET  

IMU Data TFlex IFlec MFlex RFlex TFlex 

 
 

 
Figure 8.  Our system in operation. 

V. CONCLUSION 

We have successfully designed and built a hand tracking 
glove that tracks the hand pose and finger motion. The 
system can be used to input the pose and gesture that are 
useful for many virtual reality applications. The system 
employs a visual marker tracking method to compute the 
pose of a hand. Moreover, the tracking is also carried out by 
an Inertial Measurement Unit (IMU) to increase the 
sampling rate up to 100Hz. The whole tracking system uses a 
sensor fusion scheme. Even if the vision-based pose 
estimation algorithm fails when the camera view is being 
blocked for a short instant, pose information of the glove can 
still be obtained. Moreover, finger motion tracking is 
achieved by five flex sensors attached to the finger inside the 
glove. The bending of each finger can be measured 
electronically and sampled at the rate that is the same as that 

 

 

 



of the flex sensors. The system is built and a virtual hand 
model is shown on the monitor moving simultaneously with 
the real hand. Experimental result shows that the pose of the 
hand and finger gesture are sampled correctly at over 100 
frames per seconds. The system does not lose track even if 
the camera is being blocked temporarily. It can be applied to 
gaming, teaching, learning and helping the disabled. 
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