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Abstract—Hand gesture recognition has attracted much
attention from academia and industry in recent years due to its
apparent superiority over traditional techniques in humancomputer interaction in terms of convenience. This domain has
been investigated from different perspectives among which
vision based approaches provide the most natural and intuitive
interfaces. This paper presents a comprehensive review on
vision based hand gesture recognition, with an emphasis on
dynamic hand gestures. First, a brief introduction of the basic
concepts and the classification of hand gesture recognition
techniques are given. Then, a number of popular related
technologies and interesting applications are reviewed. Finally,
we give some discussion on the current challenges and open
questions in this area and point out a list of possible directions
for future work.
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composed of a sequence of changing postures posed in a
short period of time. For example, waving goodbye belongs
to this category. In the following part of this paper, we will
focus on dynamic hand gesture recognition, although both
areas do share some common techniques.
To enable hand gesture recognition, numerous
approaches have been proposed, which can be classified into
various categories. A common taxonomy is based on
whether extra devices are required for raw data collecting.
In this way, they are categorized into data glove based hand
gesture recognition [4], vision based hand gesture
recognition [5], and color glove based hand gesture
recognition [6] (see Fig. 1).
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I.

INTRODUCTION

Computerized hand gesture recognition has received
much attention from academia and industry in recent years,
largely due to the development of human-computer
interaction (HCI) technologies and the growing popularity
of smart devices such as smart phones.
As the most flexible part of human body, hands play an
important role in human’s daily life. It is very natural for a
person to use his/her hands when he/she wants to physically
manipulate an object or communicate with other people.
Traditionally, HCI is accomplished with devices such as
mouse and keyboard, which are limited in terms of
operational distance and convenience. By contrast, hand
gesture recognition provides an alternative to these
cumbersome devices, and enables people to communicate
with computer more easily and naturally. In nowadays, hand
gesture recognition technologies have already been
successfully implemented in a wide range of applications,
such as virtual reality [1], consumer electronics control [2],
video games, sign language recognition [3] etc.
Note that there is a clear distinction between hand posture
and hand gesture, although people often consider them to be
identical. Hand posture refers to a single static pose of the
hand (e.g., the victory sign) and can be represented by a
single image. In contrast, hand gesture is dynamic, which is

Figure 1. Data glove based, vision based and color glove based hand
gesture recognition (from left to right).

Data glove based approaches require the user to wear a
cumbersome glove-like device, which is equipped with
sensors that can sense the movements of hand(s) and fingers,
and pass the information to the computer. The advantages of
these approaches are high accuracy and fast reaction speed.
However, these techniques are not very natural and flexible,
and the data gloves can be quite expensive.
Vision based approaches do not require the user to wear
anything (naked hands). Instead, video camera(s) are used to
capture the images of hands, which are then processed and
analyzed using computer vision techniques. This type of
hand gesture recognition is simple, natural and convenient
for users and at present they are the most popular
approaches to gesture recognition. However, there are still
several challenges to be addressed, for instance, illumination
change, background clutter, partial or full occlusion etc.
Color glove based approaches represent a compromise
between data glove based approaches and vision based

approaches. Intrinsically, they are similar to the latter,
except that, with the help of colored gloves, the image
preprocessing phase (e.g., segmentation, localization and
detection of hands) can be greatly simplified. The
disadvantages are similar to data glove based approaches:
they are unnatural and not suitable for applications with
multiple users due to hygiene issues.
Vision based hand gesture recognition can be further
categorized into appearance based approaches and 3D
model based approaches [7]. Appearance based approaches
extract the low-level features from 2D images and compare
them with predefined template gestures. They are relatively
simple in computation but the loss of the depth information
makes it susceptible to background disturbance. In contrast,
3D model based approaches can exploit the depth
information and are much more computationally expensive
but can identify hand gestures more effectively.
In this paper, we focus on vision based hand gesture
recognition, more specifically the technologies and
applications of appearance based approaches. The rest of the
paper is organized as follows: Section II introduces the key
algorithms used in hand gesture recognition. Applications of
hand gesture recognition are presented in Section III. This
paper is concluded in Section IV with some discussion and a
list of possible directions for future work.
II.

TECHNOLOGIES

Hand gesture recognition involves three important phases:
detection and segmentation, tracking, and classification. The
detection and segmentation part is to detect hands and
segment the corresponding image regions from the
background. Tracking exploits the spatial and temporal
information of successive image frames to estimate the
trajectories of hand motion. Classification takes hand
trajectories as input to identify the specific types of gesture.
The framework of a typical hand gesture recognition system
is shown in Fig. 2.
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Figure 2. Framework of a typical hand gesture recognition system.

A. Detection and Segmentation
This part belongs to the preprocessing stage, which
locates the task-relevant regions of the images and
eliminates the background. It is both important and
challenging for the reason that it generates the source data
for the subsequent tracking and classification stages and the
background might be very noisy in real-world situations. A
large number of methods have been proposed based on
various types of visual features or their combinations. For
dynamic hand gesture recognition, the motion of hands
instead of the pose of hands is the major concern and the
computational complexity should be kept as low as possible.
Consequently, low-level features and simple methods such
as skin color, shape and background subtraction are often
preferred.
1) Skin Color
Skin color detection is the most popular method for
segmentation for its simplicity and convenience. Color
space selection is a key factor for skin color detection. Since
the RGB color space is sensitive to lighting conditions and
has relatively high computational cost, several other
orthogonal color spaces that can better separate the
chromaticity from the luminance components have been
proposed, such as HSV [8], YCbCr [9], YUV [10] and YIQ
[11-12]. In these color spaces, the chromaticity information
is often represented by one or two components, which are
used in segmentation. In the HSV color space, the color
information is represented by the H (hue) component and S
(saturation) component, and is invariant to the change of V
(value) for most of the time. As a result, H and S are often
chosen to represent the color information. In the YCbCr
color space, the luminance component of the image is
represented by Y, while the chrominance component is
represented by Cb and Cr.
With the chosen color space, the common methods for
segmentation are: 1) using constant threshold or adaptive
threshold selected empirically to identify skin areas, usually
referred to as skin filters; 2) calculating the similarity
between a predefined skin color model and the input image
(i.e., the probability of a pixel or pixel block being part of
the hand).
The advantages of skin color segmentation are: 1) it is
computationally inexpensive and can be implemented in real
time; 2) it is invariant against rotation, partial occlusion and
pose change. However, this method is not capable of solving
the task satisfactorily due to: 1) it is sensitive to illumination
change; 2) it cannot handle complex background with skinlike colors or other skin object, such as human face and
human arm; 3) many of these approaches are constrained to
predefined models and are not robust enough.
2) Shape
The geometric features of hands can be also used for
detection in different ways. The contour of hands can be
obtained by applying edge detection operators, such as

Canny, Sobel, Prewitt, Roberts and Laplace operator.
Compared with skin color detection, the contour feature has
the superiority of being independent of illumination and
skin color variation. However, its effectiveness can be
hindered by occlusions and viewpoint change. Furthermore,
edge detection may often result in a large number of edges
that belong to irrelevant background objects. Therefore, the
integration of shape, texture and color features may produce
better performance [13].
There are several methods focusing on the morphology of
hands such as fingertips [14]. One common clue to detect
fingertips is the curvature [15]. Template matching is
another technique that is often adopted in fingertip detection.
Templates can be images of fingertips [16] or fingers [17].
However, template matching has some inherent drawbacks:
1) it is computationally expensive; 2) it cannot cope with
scaling change or rotation of the target hand; 3) hand
appearance can vary dramatically due to its 27 degrees of
freedom, making it difficult to choose the right template.
3) Background Subtraction
Background subtraction is a method for segmenting the
foreground. It compares the current image with the
background image and extracts the foreground. It can only
work in restricted situations, such as static background and
unchanged illumination, which do not hold for most real
scenarios. For slowly changing backgrounds, the model for
background can be updated from frame to frame [18].
For motion detection, the former image can be regarded
as the background image and the subtraction of successive
frames can produce a rough estimation of the moving objects.
B. Tracking
The challenge of hand tracking mainly comes from the
fact that the hand is a highly articulated object and cannot be
treated as a rigid object, and the speed of gesture can be
rather fast. Typical algorithms for hand tracking are: optical
flow, Camshift, Kalman filtering, particle filtering,
condensation algorithm etc. All these algorithms are based
on certain assumptions and the integration of different
algorithms can often generate better results.
1) Optical Flow
Optical flow methods are pixel-based approaches to
object motion estimation where a direct relationship is
assumed between object motion and intensity changes
within an image sequence [19]. Among the existing
methods for optical flow estimation, gradient based
techniques are characterized by the assumption of brightness
constancy and spatial-temporal smoothness [20].
The major advantage of using optical flow in tracking is
that it does not require any priori knowledge of the object
appearance. However, this advantage may be compromised
by its high computational complexity. For real-time hand
gesture recognition applications, the Lucas–Kanade method
based on block motion model is often used, which does not
contain the iterative procedure [21].

Optical flow based methods perform well when objects
move not very fast and there are only a few moving objects.
For applications demanding high accuracy, such as robot
navigation, optical flow itself may not be sufficient due to
the factor of drift, which is caused by error accumulating. In
this situation, exploiting the color information in optical
flow tracking may result in better results [22].
2) Camshift
Camshift, short for “Continuously Adaptive Mean Shift”,
is an algorithm based on the mean shift algorithm. It was
originally used for face tracking [23], and achieved good
results. It is robust against noise and distractions. However,
this algorithm alone cannot obtain good performance on
hand tracking. The reason is that Camshift specifies the
target using a rectangle while the hand is an object with
plenty of concavo-convex sections, which cannot be well
represented by a rectangle. For hand tracking, adjustment of
the original algorithm is necessary, such as the incorporation
of Kalman filtering [24].
3) Particle Filtering
Particle filters can be used to track objects in densely
cluttered background. It performs a random search to obtain
an estimate of the posterior distribution describing the
object’s configuration. Compared with Kalman filtering,
this approach has apparent superiority in that it is not
limited by the unimodal nature of Gaussian densities, which
cannot simultaneously represent alternative hypotheses.
However, particle filters have a common issue: the
degeneracy phenomenon [25]. After a few iterations, all but
one sample will have negligible weights and a great amount
of computational effort is wasted.
To address the degeneracy problem, the unscented
particle filter (UPF) uses the unscented Kalman filter to
generate sophisticated proposal distributions that seamlessly
integrate the current observation [26]. In the meantime, the
condensation algorithm, which was used to learn to track
curves against cluttered backgrounds, can achieve better
performance than Kalman filters, and also operates in realtime [27]. Particle filters and the mean shift algorithm can
be also combined to preserve the advantage of mean shift
while solving the degeneracy issue of particle filters [28].
4) TLD
Most recently, a new tracking algorithm called TLD
(Tracking-Learning-Detection) [29] has received immense
interests from academia. It uses a tracker and a detector to
track the object independently while the learner estimates
the detector’s errors and updates it to avoid similar errors in
the future. With these three modules combined together,
competitive tracking results have been obtained on various
test samples. However, when applied to hand tracking, it
often cannot achieve the same good result as on other
objects such as cars. The reason again lies in the specific
features of human hands and the fast changing appearances,
which cannot be adequately learnt in a timely manner.

C. Classification
For hand gesture recognition, the final step is
classification. It uses the information extracted and
processed by previous steps and outputs the recognition
results. Note that predefinition is required to distinguish real
gestures from meaningless hand moves.
There have been various approaches to gesture
recognition, which can be roughly divided into two
categories: techniques based on mathematical models, such
as Hidden Markov Model (HMM) and Finite State Machine
(FSM), and techniques based on soft computing, such as
neutral networks. Among them, HMM is the most
frequently used approach to hand gesture recognition.
HMM is a Markov model in which the system being
modeled is assumed to be a Markov process with
unobserved (hidden) states [30]. A set of hidden parameters
is determined from a set of related, observable parameters.
Although initially introduced and studied in the late 1960’s
and early 1970’s, HMM became popular in temporal pattern
recognition in the 1990’s. In the early time, HMM was
mostly used in speech recognition and achieved good results
[31]. Gradually, it started to be applied to gesture
recognition, especially sign language recognition [32]. The
popularity of HMM in hand gesture recognition is largely
due to the fact that each gesture, which is spatial-temporal,
can be conveniently treated as a sequence of postures, and
HMM has proven capability of efficiently modeling spatialtemporal information. Each gesture is modeled by a
different HMM and the given unknown gesture is tested by
each HMM and the gesture corresponding to the HMM with
the best match is returned as the final recognition result.
In [18], Chen and Fu applied HMM to the recognition of
20 different dynamic hand gestures. They combined the
spatial and temporal features as the input feature vector to
HMM. The training set was composed of 1200 image
sequences, including 60 different gestures performed by 20
different people. Another 1200 image sequences were used
in the test phase. With stationary background and normal
lighting condition, the system’s recognition rate was over
90% while running in real time. The recognition of Arabic
numbers performed by hand can be also realized using
HMM with recognition rate over 95% [33].
III.

are pushing the user experience one step further by
providing a touch-free solution (the touch sensors are no
longer required). Many major IT companies including
Microsoft, Samsung, Sony and Qualcomm have integrated
hand gesture recognition techniques into their products such
as smart TVs, video game consoles and mobile processors.
In the near future, it is very likely that people can use
fingers and hand movement to conveniently control various
devices [34, 35]. For example, in the project of Kinect
Magic Cursor, a left mouse button click can be simulated by
raising the left hand above the shoulder.
B. 3D Virtual Environment
In the 3D virtual environment, the Kinect depth sensor
can be used for producing 3D animations [36]. Users can
upload 3D models, such as toys, into the system and
perform as puppeteers. The system can then use the 3D
models as puppets for an animation show (Fig. 3). In a low
cost interface device for interacting with objects in the
virtual environment using hand gestures [37], the core
architecture consists of a central computing module, which
can locate the position of fingers in specific moment and
then remodel the hand postures. With a number of key
patents [38 – 40], GestureTek has grown as a world-leader
in the field of 3D video hand gesture control. For example,
its WallFX system can create dynamic wall displays by
tracking and responding to subtle human body movements,
allowing for real-time interaction between the user and the
display, and turning any vertical surface into an interactive
display system. Its GestureTrack3D Hand Tracker is able to
follow two hands to form a multi-touch mode, and can track
up to ten hands simultaneously.

APPLICATIONS

Since hand gestures have long been serving as an
essential communication medium in human society, we
believe that they can also play an equally important role in
the computerized world. This section introduces a series of
new applications of vision based hand gesture recognition in
recent years to give an indication of its prospect in the future.
A. Alternative to Touch-Based Devices
Tablet PCs and smart phones have driven our everyday
life into the era of touch-to-control, by getting rid of
traditional input devices such as mouse and keyboard. In the
meantime, vision based hand gesture recognition techniques

Figure 3. Example of 3D animations in front of a Kinect depth sensor.

C. Surgical System
In a surgical environment, hand gesture recognition
systems can help doctors manipulate digital images during
medical procedures using hand gestures instead of touch
screens or computer keyboards (Fig. 4). For example, the
hand gesture control system allows doctors to remain in
place during an operation, without the need to operate
traditional computer-based interfaces [41, 42].

Figure 4. Example of hand gesture recognition in surgical system.

D. Sign Language
A sign language uses body language to convey meaning
instead of acoustically conveyed sound patterns. Various
vision based gesture recognition methods have been
embedded into sign language interpreters [43]. Usually, a
capture device is used to find and track hands and record the
shapes and trajectories of hands, which are represented by
feature vectors. After being matched to corresponding signs,
the feature vectors are compared against a grammar library
to determine whether the signs make sense in a grammar
context. A meaningful grammar context requires reasonable
previous and successive signs implication. For static hand
gestures, interpreters can reach over 99% accuracy [44, 45].
However, for dynamic hand gestures, it is still difficult to
achieve comparable performance and the incorporation of
user demographic information and contextual databases may
elevate the performance to some extend [46].
E. Robot Control
Venetsky and Tieman [47] proposed a robot gesture
recognition system, which allows users to control the robot
via hand gestures. The system consists of a robot unit, a
video or infrared camera affixed to the robot unit for
capturing hand images, a gesture recognition unit and a
gesture database. It is also possible to use train robots to
learn new gestures in an online or interactive manner [48].
IV.

With the rapid development of sophisticated techniques, a
number of successful applications have emerged [49, 50].
However, most of these applications rely on highly
restricted situations, such as simple background, normal
illumination and static camera. For gesture recognition in
the general circumstance, a number of issues are to be
addressed, such as complex background, partial-occlusion,
background disturbance, object reappearance, illumination
change and running in real time. Moreover, the hand is the
most flexible part of human body and has high DOFs. It
poses additional challenges as it has a variety of
appearances and can change quickly. The speed of hand
motion itself can be also very fast.
To cope with these challenges, many algorithms can be
strategically combined together to collaborate with each
other, and encouraging results have been achieved in
various cases. For complex background, the fusion of the
skin-color model and the shape model can perform better in
the segmentation task. A number of new ideas have also
been proposed, such as background modeling, self-learning,
adaptive object model and historical object template. Note
that, similar to the fusion of multiple algorithms, the
exploitation of the background information and the object
information in previous frames can improve the accuracy of
tracking but will inevitably result in increasing
computational complexity.
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