ABSTRACT
Virtual Environment (VE) system offers a natural and intelligent user interface. Hand gesture
recognition is more efficient and easier interaction in VE than human-computer interface (HCI)
devices like keyboards and mouse. We propose a hand gesture recognition interface that
generates commands to control objects directly in a game. Our novel hand gesture recognition
system utilizes both Bag-of features and Support Vector Machine (SVM) to realize user-friendly
interaction between human and computers. The HCI based on hand gesture recognition interacts
with objects in a 3D virtual environment. With this interface, the user can control and direct a
helicopter by a set of hand gesture commands controlling the movements of the helicopter. Our
system shows the hand gesture recognition interface can attain an enhanced and more intuitive
and flexible interaction for the user than other HCI devices.

INTRODUCTION
Virtual environments (VE) give three-dimensional (3D) environment in which a person is
able to interact directly with virtual objects naturally and efficiently in the environment. The
methods to interact with VE using hand gestures are two types. First type is to generate an event
or command for functional interaction. The other is to control object directly. Several systems
exploit hand gesture recognition to generate commands like our system. While some of the
others employ 3D menu with 3D-cursor to generate command in 3D environment [1].

Devices that detect object location and direction, speech and sound, facial expression,
hand gestures, haptic response and other features of human actions can be used for interactions
between humans and VEs. Immersive and natural Human-Computer Interfaces (HCI) for
systems in 3D VE become promising by using these devices and approaches [2, 3, 4].

In the past, study on man-machine interaction has been confined to methods that make
use of graphic display, a keyboard and a mouse. However, this concept has been changed
recently. Approaches like vision, sound, speech recognition, projective displays and context
aware devices permit for a much richer, multimodal interaction between human and computer.
Gestures are helpful for machine interaction because they are the most important and meaningful
type of human communication. In our approach, we will deal with man-machine interaction
using the bare hand. The position and direction of the hand gesture will be used to control our
application directly.

Gestural interfaces are continuously investigated since the work in [5]. Gestural
interfaces opened up largely by using of the Wiimote [6]. Gesture interfaces for gaming that used
hand/body gesture technology must be aimed to attain social and commercial achievement. Most
research on the area of gestural interaction concentrated on algorithms and robust recognition of
gestures [6, 7, 8]. However, gestural interfaces have to satisfy the same requirements like the
other interaction methods [40].

HCIs in the future will allow more natural and intelligent interaction between human and
all types of sensor-based devices. Development in the human-computer interaction field has
introduced novel technologies that allow users to interact with computer systems in increasingly
natural and intuitive ways; applications implementing them demonstrate increased effectiveness,
speed, power, and realism. However, users used to usual interaction methods like mouse and
keyboards are most likely reluctant to accept new, alternative interfaces. Usually, new alternative
interfaces have to be more accessible with short periods of learning and adjustment. They have to
offer more natural human-machine interaction. There are a lot of researches on hand-gesture
interfaces over the past 30 years in multiple application fields. There are four types of these
applications, which are human-robot interaction, entertainment, medical systems and assistive
technologies, and crisis management and disaster relief. Any hand gesture recognition approach
will not work properly for every application because every hand gesture recognition technique is
affected by environment, application domain, and human cultural background [41].

Hand-gesture recognition applications have three main advantages over conventional
human computer interaction systems: First, retrieving information while keeping total sterility.
Touchless interfaces are particularly helpful in healthcare environments; Second, helping
physical handicaps. Interact with home devices and appliances for users with physical handicaps
and/or elderly people with disability to move; finally, navigating large data. Navigation of big
complex data volumes and manipulation of high-quality images through intuitive actions benefit
from 3D interaction, rather than restricted traditional 2D techniques [41].

This is organized as follows: section two introduces related works; the third section
describes our 3D gaming VE; section four describes our system in details, including the training
stage to build the cluster and the SVM classifier models and the testing stage for recognition;
section five provides experimental results; section six explains how our system generates gesture
commands; section seven describes the interaction with our 3D gaming VE by hand gestures; the
last section gives the conclusion of our method.

3D VIRTUAL GAME ENVIRONMENT
The game “Fly over the city” presented in this paper is developed using Java 3D. Java 3D
is a client-side API which was developed at Sun Microsystems. It uses java programming
language to render interactive 3D graphics. Java 3D aims to enable quick development of
complex 3D applications. It also enables fast and efficient implementation on a variety of
platforms such as PCs, and workstations. Java 3D provides rich libraries for building shapes,
describing behaviors, interacting with the use, and controlling rendering details. It allows
software developer to build 3D scenes programmatically, or through loading 3D content from
VRML, OBJ and other external files.
The game “Fly over the city” is composed of different objects that represent different
parts of the city such as high buildings, town homes, stadium, markets, city hall, streets, and
airport as shown in Figure 1. These objects are all static, and have been imported from Alice v2.0
libraries.

Figure 1: Part of the city

Dynamic objects such as people and birds perform certain behaviors, where people walk
in the streets and birds flies in the sky. The main object in this game is a helicopter as shown in
Figure 2(a). Creating the Helicopter object require to define its geometry, components, and
Sound. The game starts when the helicopter departs the airport as shown in Figure 2(b). The
player uses the 4 arrows keys in keyboard to fly helicopter. To move up/down the helicopter, the
user simply presses the up/down arrow key accordingly. To move right/left the helicopter, the

user just presses the right/left arrow key accordingly. The user can also speed up or slow down
helicopter simply by pressing the letter key A/Z on the keyboard accordingly. If the user is
willing to hold helicopter in the sky, she/he does not press any keys on the keyboard. To fly it
again, simply she/he presses any of the 4 arrows keys in keyboard.

Figure 2: (a). Helicopter (b). Flying over the city

While flying the helicopter might collide with other objects such as birds, buildings, and
High-rise buildings. A function called collision is used to address the collision. When the
helicopter is about to collide with the building, it will move backward and when it is about to
collide with a bird, it will move down. Figure 3 describes the state machine diagram for the
helicopter.

HAND GESTURE RECOGNITION SYSTEM
OVERVIEW
Our hand gesture recognition system consists of two stages: the offline training and the
online testing. The cluster and multi-class SVM classifier models will be built in the training
stage and will be used in the testing stage to recognize hand gestures captured from a webcam.

Training Stage
The training stage model is shown in Figure 4. Before building the bag-of-features
model, we captured 100 training images for each hand gesture, which are the fist, index, palm,
and little finger gestures, for different people, scales, and rotations and under different
illuminations conditions to increase the robustness of the multi-class SVM classifier and the
cluster model. The system can also recognize any other gestures, such as two, three, and five. All
the training images illustrate the hand gestures without any other objects and the background has
no texture or objects (white wall). In this way, we guarantee that all the key points extracted
from training images using the SIFT algorithm will represent the hand gesture only. Processing
time for extracting key points using SIFT will be reduced when the image resolution is reduced
and converted into portable gray map (PGM) format. Therefore, SIFT is real time performance
for low resolution PGM images. The size of training images have been reduced to 50×50 pixels
and converted into PGM format to coincide with the size of the small image (50×50 pixels) that
contains the detect hand gesture only for every frame captured from the video file in the testing
stage.

The bag of features model is built using features extraction, learning a “visual
vocabulary” by k-means clustering, quantizing features using visual vocabulary and finally
representing images by frequencies of “visual words”, as will be discussed in the following:

Sift Algorithm
We used the SIFT algorithm to extract the key points (vectors) for each training image.
Figure 5 shows some training images with their key points. The number of key points decreases
when the hand gets away from the camera and increases when the hand comes closer to the
camera, because the area of the hand increases. For the same distance from the camera, we notice
that the palm gesture has the maximum number of key points as it has the largest area. We can
increase the number of training images to train the system as we wish for all the hand gestures
for different people with different scales, orientations and illumination conditions. The more
training images used with different illumination conditions, the more accurate in building kmeans cluster and SVM models since extracted features for training images using SIFT are
invariant to scale, orientation and partially to illumination changes. Therefore, the time will
increase for building the cluster model in the training stage. However, this will not affect the
testing stage speed.

K-means Clustering
Among many different types of clustering, in this paper, we used the k-means Clustering
algorithm [36]. The number of the clusters (codebook size) will be determined depending on the
structure of the data. There will be a sort of compromise for how to choose vocabulary size or
number of clusters. If it is too small, then each bag of words vector will not represent all the key
points extracted from its related image. If it is too large, then there will be quantization artifacts

and over fitting because of insufficient samples of the key points extracted from the training
image.

In the training stage, when the training images contain only hand gestures on a white
background, the key points that are extracted will represent the hand gesture only and this will
not exceed 75 key points for the palm gesture, which has the largest number of key points. From
this information, we know that the number of clusters must be larger than 75. Therefore, the
training stage provides the minimum number of clusters that we can use. In the testing stage the
webcam camera will capture other objects besides the hand gesture such as the face and
background. The key points will be around 400 key points of all the objects in the image. We
choose the value 750 as the number of clusters (visual vocabularies or codebook) to build our
cluster model.

The first step in k-means clustering is to divide the vector space (128-dimensional feature
vector) into k clusters. K-means clustering starts with k randomly located centroids (points in
space that represent the center of the cluster), and assigns every key point to the nearest one.
After the assignment, the centroids (code-vectors) are shifted to the average location of all the
key points assigned to them, and the assignments are redone. This procedure repeats until the
assignments stop changing. Figure 6 shows this process in action for five key points: A, B, C, D,
and E and two clusters.

Once this is done, each feature vector (key point) is assigned to one and only one cluster
center that is in the nearest distance with respect to the Euclidean metric in 128 dimensional
feature vectors. The key points that are assigned to the same cluster center will be in the same
subgroup so that after clustering we have k disjoint subgroups of key points. Therefore k-means

clustering decreases dimensionality for every training image with n key points (n × 128) to 1 × k,
where k is number of clusters.

Key points of each training image will be fed into the k-means clustering model to reduce
its dimensionality into one bag-of-words vector with components equal to the number of clusters
(k). In this way, each key point, extracted from a training image, will be represented by one
component in the generated bag-of-words vector with value equal to the index of the centroid in
the cluster model with the nearest Euclidean distance. The generated bag-of-words vector, which
represents the training image, will be grouped with all the generated vectors of other training
images that have the same hand gesture and labeled with the same number and this label will
represent the class number. For example, label or class 1 for the fist training images, class 2 for
index training images, class 3 for little training images and class 4 for palm training images.

Building the Training Classifier Using Multi-Class SVM
After mapping all the key points that represent every training image with its generated
bag-of-words vector using k-means clustering, we fed every bag-of-words vector with its related
class or label number into a multi-class SVM classifier to build the multi-class SVM training
classifier model.

Testing Stage
Figure 7 shows the testing stage by using face detection and subtraction and hand gesture
detection. After capturing frames from webcam or video file, we detected the face and subtracted
it before using a skin detection and hand postures contours comparison algorithm because the
skin detection will detect the face and the face’s contours very close to the fist hand gesture
contours. To get rid of other skin like objects existing in the image, we make sure that the
contours of the detected skin area comply with the contours of any hand gestures contours to
detect and save the hand gesture only in a small image (50×50 pixels). Then, the key points were
extracted from the small image that contains the hand gesture only and will be fed into the
cluster model to map them into a "bag of words" vector and finally this vector will be fed into
multi-class SVM training classifier model to recognize the hand gesture.

Face Subtraction
We used the skin detection and contours comparison algorithm to detect the hand gesture
and this algorithm can also detect the face because the face has a skin color and its contours like
the hand fist gesture contours. To get rid of face area, we detected the face using Viola and Jones
method [26] and then subtracted the face before applying the skin detection algorithm to detect
the hand gesture only by replacing face area with a black circle for every frame captured. The
Viola and Jones algorithm has a real time performance and achieving accuracy as the best
published results [26]. It needs around 0.023 second/frame to detect the face.

First, we loaded a statistical model, which is the XML file classifier for frontal faces
provided by OpenCV to detect the faces from the frames captured from a webcam during the
testing stage. Once the face had been detected by the XML file classifier for every frame
captured, we replaced the detected face area with a black circle to remove the face from the skin
area. In this way, we make sure that the skin detection will be for hand gesture only as shown in
Figure 8.

Hand Gesture Detection
Detecting and tracking human hand in a cluttered background will enhance the
performance of hand gesture recognition using bag-of features model in terms accuracy and
speed because the key points extracted will represent the hand gesture only. Besides, we will not
be confined with the frame resolution size captured from a webcam or video file, because we
will always extract the key points of the small image (50×50 pixels) that contains the detected
hand gesture area only not the complete frame. In this way the speed and accuracy of recognition
will be the same for any frame size captured from a webcam such as 640×480, 320×240 or
160×120 and the system will be also robust against cluttered background because we process the
detected hand gesture area only. The small image size (50×50 pixels) that contains the detected
hand gesture area only has to be complied with the training images size of training stage.

For detecting hand gesture using skin detection, there are different methods including
skin color based methods. In our case, after detecting and subtracting the face, skin detection and
contours comparison algorithm was used to search for the human hands and discard other skin
colored objects for every frame captured from a webcam or video file. Before capturing the
frames from a webcam, we loaded four templates of hand gestures as shown in Figure 9: fist,
index, little and palm to extract their contours and saved them for comparison with the contours
of skin detected area of every frame captured. After detecting skin area for every frame captured,
we used contours comparison of that area with the loaded hand gestures contours to get rid of
other skin like objects exist in the image. If the contours comparison of skin detected area
complies with any one of the stored hand gestures contours, a small image (50×50 pixels) will
enclose the hand gesture area only and that small image will be used for extracting the key points
using SIFT algorithm.

In our implementation we used the hue, saturation, value (HSV) color model for skin
detection since it has shown to be one of the most adapted to skin-color detection [37]. It is also
compatible with the human color perception. Besides, it has real time performance and robust
against rotations, scaling and lighting conditions and can tolerate occlusion well.

From a classification approach, skin-color detection can be considered as a two class
problem: skin-pixel vs. non-skin-pixel classification. There are many classification techniques
such as thresholding, Gaussian classifier, and multilayer perceptron [38]. We used the
thresholding method, which has the least time on computation compared with other techniques
and this is required for real time application. The basis of thresholding classification is to find the
range of two components H and S in HSV model as we discarded the Value (V) component.
Usually a pixel can be viewed as being a skin-pixel when the following threshold ranges are
simultaneous satisfied: 0° < H < 20° and 75 < S < 190.

Once the skin area had been detected, we found contours of the detected area and then
compared them with the contours of the hand gestures templates.

If the contours of the skin area comply with any of the contours of the hand gestures
templates, then that area will be the region of interest by enclosing the detected hand gesture
with a rectangle, which will be used in tracking the hand movements and saving hand gesture in
a small image (50×50 pixels) for every frame captured as shown in Figure 10. The small image
will be used in extracting the key points to recognize hand gesture.

Hand Gesture Recognition
We converted the small image (50×50 pixels) that contains the detected hand gesture
only for every frame captured into a PGM format to reduce the time needed in extracting the key
points. For every small PGM image, we extracted the key points (vectors) using the SIFT
algorithm. The key points will be fed into the k-means clustering model that was built in the
training stage to map all the key points with one generated vector (Bag of Words) with
components (k), which is equal to the number of clusters (k) used in the training stage. Each
feature vector in the key points will be represented by one component in the generated vector
with value equals to the index of centroid in the cluster model with nearest Euclidean distance.
Finally, the generated bag-of-words vector will be fed into the multi-class SVM training
classifier model that was built in the training stage to classify and recognize the hand gesture.

EXPERIMENTAL RESULTS
We tested four hand gestures: the first gesture, the index gesture, the little finger gesture
and the palm gesture. The camera used for recording video files in our experiment was a lowcost Logitech QuickCam web-camera that provides video capture with different resolutions such
as 640×480, 320×240 and 160×120, at 15 frames-per second, which is adequate for real time
speed image recognition.

Ten video files with the resolution of 640×480 had been recorded for each hand gesture:
fist, index, little finger and palm using the Logitech webcam. The length of each video file was
100 images. The hand gestures were recorded with different scales, rotations and illuminations
conditions and with a cluttered background. The test was run for the forty video files to evaluate
the performance of the multiclass SVM classifier model for each gesture. Hand gesture
recognition will start from the first frame captured. The trained multi-class SVM classifier shows
a certain degree of robustness against scale, rotation, illumination and cluttered background.

Table 1 shows the performance of the multi-class SVM classifier for each gesture with
testing against scale, rotation, illumination and cluttered background. The recognition time will
not be affected with cluttered background or increasing the resolution of video file because the
key points will be extracted using SIFT from the small image (50×50 pixels) that contains the
detected hand gesture only. The recognition time for every frame captured is 0.017 second,
which includes frame capture, hand detection, extracting key points and classification. The total
time needs for detecting face and hand gesture detection and recognition will be 0.04 seconds
which satisfies the real time performance.

Figure 11 shows some correct samples for hand gesture recognition using multi-class
SVM classifier for fist, index, little and palm gestures with testing against scale, rotation,
illumination and cluttered background.

BUILDING GESTURE COMMANDS
A hand gesture is an action, which consist of a sequence of hand postures. The rules for
the composition of hand postures into various hand gestures can be determined by a grammar
[39]. We built a grammar for our system that generates 40 gesture commands, which can be used
to control or interact with an application or a videogame instead of keyboard or mouse, by
sending events to be executed such as double click, close, open, go left, right, up, or down and so
on. Those gesture commands can be generated by three ways. First, by observing the gesture
transitions from posture to posture, such as from fist to index, fist to palm, fist to little or stay fist
and so on for the other postures. For each posture we have four transitions to other states, thus,
we have 16 events or gesture commands can be sent from all of the transitions among of the four
postures. Second, by observing the direction of movement for each posture: up, down, left or
right. We have four directions or gesture commands for each posture or 16 gesture commands for
four postures. We did not take the case of no movement for each posture as it is counted already
in the first way when the transition occurred from fist to fist or palm to palm and so on. Finally,
by observing the hand posture size or scale: when it comes close (zoom in) or far away (zoom
out) from camera.

As we have two cases for each posture, we have eight gesture commands for the four
postures. Therefore, from the three ways, we have totally 40 gesture commands can be sent to
interact with an application or video game. In the following sections, we will explain how our
system can generate gesture commands using three ways.

Transitions among Postures
This way depends on saving every two postures recognized from every two consecutive
frames of a video sequence in a two states of a queue: the new state of the queue, which holds
the current or new posture recognized from a video or webcam and the old state of the queue,
which holds the previous or old recognized posture. The first posture recognized from first frame
will be saved in the two states of the queue because they are empty. The next recognized posture
will be saved in the new state after transferring its posture state to the old state. Thus for every

frame captured, the posture state of the old state is emptied. Then, the posture state of the new
state is transferred to the old state. Finally, the current posture recognized from the frame will be
saved in the new state. By observing the two states for every two consecutive frames captured,
the system will keep monitoring the transitions among every two consecutive recognized
postures and generates a specific gesture command for a specific transition among recognized
postures. Figure 12 shows all the transition states of fist posture with all other postures.

Movement Direction for Each Posture
This way depends on tracking the movement direction of the detected posture using the
rectangle, which captures the detected hand posture only, and the transition of recognized
posture still the same such as palm to palm. Once the hand posture is detected from each frame
by the rectangle and the transition of recognized posture still the same, the coordinates X and Y
point, which located in the middle of the rectangle, is recorded. The system will always monitor
the absolute difference of distance between the two points of rectangle in the X and Y
coordinates for every two successive frames that have the same posture. If the absolute
difference of distance in X direction is larger than absolute difference of distance in Y direction,
then the hand posture is moved left or right. If the difference of distance in X direction is
positive, then the hand posture is moved right and if it is negative, then the hand posture is
moved left. If the absolute difference of distance in Y direction is larger than absolute difference
of distance in X direction, then the hand posture is moved up or down. If the difference of
distance in Y direction is positive, then the hand posture. Is moved down and if it is negative,

then the hand posture is moved up. Figure 13 shows all the movement direction cases of palm
posture.

Distance from Camera for Each Posture
This way depends on tracking the size of height for the rectangle, which captures the
detected hand posture only, and the transition of recognized posture still the same. Once the hand
posture is detected from each frame by the rectangle and the transition of recognized posture still
the same such as little to little, the height of the rectangle is recorded. The system will always
monitor the difference between the heights of two rectangles for every two successive frames
that have the same posture. If the difference of rectangle height between the new frame and the
previous frame is positive, then the posture gets closer to camera (zoom in) and if the difference
is negative, then the posture gets away from camera (zoom out). Figure 14 shows all the zoom
cases of little posture.

INTERACTION WITH 3D GAMING VE BY HAND
GESTURES
To show the effectiveness of our gesture recognition system for human-computer
interaction, our application of gesture-based interaction was tested with a 3D gaming VE by
sending events to the keyboard. With this system, the user can navigate the 3D gaming world by
flying the helicopter with a set of hand gestures by generating events or commands to control and
direct its movements. Instead of using static hand postures to control 3D gaming VE, we develop
our system into dynamic hand gesture to generate gesture command set in order to make the user
experience natural and intuitive.

The C# was used to integrate our DLL file generated from C-based gesture recognition
component. With this framework, the C# methods can call applications and libraries written in
C/C++. The program in C# was used to send events to the keyboard using the
SendKeys.SendWait method. Those events or commands are generated using our hand gestures.

The user, who is characterized by the avatar helicopter, can explore through the 3D
gaming VE to navigate the virtual world and interact with objects. A good exploration and
interaction interface to the 3D gaming VE should be natural and intelligent. In the meantime, the
hand gesture interface should also be easy to learn and effective to permit the user to execute the
actions. The interactions should be direct and accurate in order that the user and the VE are in
concurrence on what objects is being interacted with.

Since the user is characterized by the avatar helicopter in the VE, we used our visionbased hand gesture recognition system to explore the helicopter by a set of hand gesture
commands. In order to use hand gestures as an HCI device for VE applications, the hand gesture
recognition system must satisfy the requirements in terms of real-time, accuracy, and robustness.
The avatar helicopter can be moved forward/backward and turn left/right. Besides the helicopter
can be hold in the sky and resumed flying and it can be speed up or slow down. To implement
these functions, we map these commands by integrating the recognized hand gestures and hand
motions directions according to Table 2. These gesture commands take into account the
intuitiveness for the user to explore the 3D gaming VE. To move up/down the helicopter, the

user simply moves his palm up/down accordingly in front of the camera. To move right/left the
helicopter, the user just moves her/his palm right/left accordingly. The user can also speed up or
slow down helicopter simply by moving her/his palm forth/back accordingly in front of the
camera. If the user is willing to hold helicopter in the sky, she/he changes the hand posture from
palm to fist. To fly it again to any direction, simply she/he changes the hand posture from fist to
palm and then moves her/his palm to that direction. It can also be zoomed in/out the screen by
moving her/his fist back and forth. The screen will be zoomed in if the scale of the fist becomes
bigger and vice versa.

We have two independent applications that can be run at the same time, which are
helicopter game and our hand gesture detection and recognition system. The helicopter game can
be run and controlled by keyboard without any relation with the webcam. We first ran the 3D
gaming virtual environment in which we can control the movements of helicopter using
keyboard. Then, we ran our hand gesture recognition system independently to send events or
commands to the keyboard to control movements of helicopter. We tested the exploration of the
VE with the defined hand gesture commands. Our system shows the gesture-based interface
attain an improved interaction. Compared with controlling the avatar helicopter with the arrow
keys on the keyboard, it is more intuitive and comfortable for users to use hand gestures to direct
the movement of the avatar helicopter.

CONCLUSION
We proposed how a game running on a computer can be controlled with a bare hand
using our approach to hand gesture recognition which can be utilized in natural interaction
between human and computers. A novel vision-based hand gesture interface for interacting with
objects in a 3D VE is designed and implemented. With the vision-based hand gesture interface,
the user is able to navigate the 3D VE and access the objects by controlling the movements of the
helicopter using a set of hand gesture commands. The system combines Bag-of-features and
SVM to achieve real-time hand gesture recognition with high accuracy. Compared with
traditional HCI devices such as keyboards and mouse, this vision-based hand gesture interface
provides more natural and quick movement and entertainment for the user.
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