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ABSTRACT
The user interface of existing autonomous wheelchairs concentrates on direct
control of the wheelchair by the user using mechanical devices or various hand,
head or face gestures. However, it is important to monitor the user to ensure safety
ard comfort of the user, who operates the autonomous wheelchair. In addition,
such monitoring of a user greatly improves usablity of an autonomous wheelchair
due to the improved communication between the user and the wheelchair. This
paper proposes a user mamihg system for an autonomous wheelchair. The
feedback of the user and the information about the actions of the user, obtained by
such a system, will be used by the autonomous wheelchair for planning of its
future actions. As a first step towards creatid the monitoring system, this work
proposes and examines the feasibility of a system that is capable of recognizing
static facial gestures of the user using a camera mounted on a wheelchair. The
prototype of such a system has been implemented andl,testieieving 90%
recognition rate with 6% false positive and 4% false negative rates.
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1 INTRODUCTION independent decisiortzased on this feedback is one
of the important component®f an intelligent
1.1 Motivation wheelchair. Such a wheelchair requires sdonm of

In 2002, 2.7 million people that were aged feedback to obtain information about the intentions

fifteen and older sed a wheelchair in the USA [1].

of the user. It is desirable to obtain the feedback in

This number is greater than the number of people an unconstrainednd nortintrusive way and the use

who are unable to see or hear [1]. Thajority of
these wheelchaibound people has serious
difficulties in performing routine tasks and is
dependent on their caregivers. elTtproblem of

of a video camera is one of the most popular
methods to achieve thigoal. Generally, the task of
monitoring the user may be difficult. This work
explores the feasibility of a system capable of

providing disabled people with greater independence obtaining visual feedbackom the user for usage by
has attracted the attention of researchers in the areaan autmomouswheelchair.In particular, this work

of assistive technology. As a result, modern
intelligent wheelchairs are able to autonomously
navigate indoors and outdoors, and avaidligions
during movement without intervention of the user.

considers visual feedback, namégial gestures.

1.2 Related Research
Autonomouswheelchairs attract much attention

However, controlling such a wheelchair and ensuring from researchers (see e.g32[ 36, 16] for general

its safeoperation may be challenging for disabled
people. Generallythe form of the control has the
greatest impact on the convenienog usirg the
wheelchair. Ideally, the user should ro# involved

in thelow-level direct control of the wheelchaiFor
example, if the user wishes to move from the
bedroomto the bathroom, the wheelchair should
receive instructionto move to the bathroom and
navigate there autonomouslyithout any assistance
from the user. During the executiaf the task, the
wheelchair will monitor the user in order detect if
the user is satisfied with the decisions takenthzy
wheelchair, if he/she requires some type of
assistancer he/she wishes to give new instructions.
Hence, obtainindeedback from the user and taking

reviews). However, most research in the area of
autmomous wheelchairs focus on automatic route
planning, navigation and obstacle avoidance.
Relatively, little attention has been paid to the issue
of the interface with the useMost, is not all,
existing research in the area of user intedaise
concentrated on the issue of controlling the
autonomous wheelchair by the user32]. The
methods thatcontrol the autonomouswheelchair
include mechanical devices, such as joysticks, touch
pads, etc. (e.g.9]); voice recognition systems
(e.q.R2)); electrooculographic (e.diD,
electromyographic (e.g-8) and
electroencephalographic (e34]) devices and
machine vision systems (e%yf]). The machine



vision approaches usually rely on head (€29, B8,
36, 27, 7, 6]), hand (e.g.25, 21]) or facial (e.g. 9, 7,
6]) gestures to control the autonomous wheelchair.
A combination of joystick,touch sceen and
facial gestures was used i®][to control of an

considered arntentional gesture. In the next stage,
the system tried tdind the meaning of the detected
gesture by trying all possiblactions until the user
confirmed the correct action lbgpeating the gesture.
The authors reported that the proposeuaeelchair

autonomousvheelchair. The facial gestures are used
to control the motion of the wheelchair. The authors
proposed the use of Active Appearance Models

supports four commands, but they do piaivide any
data about the performance of the system
The use of a combination of &@& gestures and

(AAMSs) [33] to detect and interpret facial gests,
using the concept of Action Units (AUS) introduced
by [13]. To improve the performance of the of the head of a wheelchaiser by a stereo camera.
algorithm, an AAM is trained, using an artificial 3D The camera of the wheelchair waised upward 15
model of a human head, on which a frontal image of degrees, so that the images obtaibgdthe camera

the human face is projected. The model of the head were almost frontal. The usage of a stereo camera
can be manipulated in order to model variations of a permits a fast and accurate estimate of the head
human face due to head rotations or illumination posture aswvell as gaze direction. The authors used

gaze directiorto control anautonomousvheelchair
was suggested ifR7]. The system obtained images

changes. Such an approach allows one to build anthe head directioto set the direction of wheelchair

AAM, which is insensitive to different lighting

movement. To control thepeed of ta wheelchair,

conditions and head rotations. The authors do not the authors used a combination fate orientation

specify he number of facial gestures recognizable by

and gaze direction. If face orientation coincideith

the proposed system or the performance of the a gaze direction, the wheelchair moved faster. To

proposed approach.
In [30, 2,29] the authors proposed the use of the
face direction of a wheelchair user, to control the
wheelchair. The system uses face directio set the
direction of the movement of the wheelchair.
However, a straightforward implementation of such
an approach produces poor results

because

start or stop the wheelchair, the authors used head
shakingand nodding. These gestareere defined as
consecutive movements of the head of some
amplitude in opposite direction$he authors do not
provide data on the performancé the proposed
approach.

While the approaches presented in this section

unintentional head movements may lead to false mainly dealwith controlling the whelehair, some of

recognition. To deal with this problem, the authors
ignoredquick movements and took into account the
environment aroundhe wheelchair 30]. Such an
approach allows improvemenf the performance of
the algorithm by ignoring likelynintentional head
movements. The algorithms operated onages
obtained by a cama tilted by 15 degrees, which is
much less than the angles in thi®rk. To ignore
quick head movements, both algorithms performed
smoothing oma sequence of angles obtained from a
sequence of input imagedVhile this technique
effectively filters out fasandsmall head movements,
it does not allow fast and temporadgcurate control

of the wheelchair. Unfortunately, onlgubjective
data about the performance of these approdthes
been provided.

In [25] the use of hand gestures to control an
autonomais wheelchair was suggested. The most
distinctive features ahis approaclarethe ability to
distinguish between intentionadnd unintentional
hand gestures a n theaning ofe s

the approaches malge useful for the monitoring
system. The approach proposad[9] is extremely
versatile and can be adopted to recogriaeial
gestures of a user. The approaches presente&,n |
2] and especially inZ7] may be used taletect the
area ofinterest of the user. The approach presented
in [25] may be useful to distinguish between
intentional and unintentionabestures. However,
more research is required to determimeether this
approach is applicable to head or facial ge=s.

1.3 Contributions

The research described in this paper, works
towards the development of an awboous
wheelchair user monitoring system. This work
presents a system that is capable of monitoring static
facial gestures of a user of an admous
wheethair in a norntrusive way. The system
obtains the images using a standard camera, which is
installed in the area above the knee of the user as
glustraig@d in &Figure t2h Buch a design does not

unrecognized intentional hand gestures. The systemobstruct the field of view of the user and obtains

assumed that person who makes an intentional
gesturewould continue to do so until the system
recognizes it. Once the system established the
meaning of the gesture, thgerson continued to
produce the same gesture. Hence, distinguish
between intentional and unimtiional gestures,

repetitive patterns in hand movement are detected.

Oncea repetitive hand movement is detected, it is

input in anorrintrusive and unconstrained way.
Previous research in the area of interfaces of
autmomouswheelchairs with humans concentrates
on the issue of controlling the wheelchair by a user.
The majority of proposed approaches are suitable for
controlling the wheelchair only. One of the major
contributions of thiswork is that it examines the
feasibility of creating a monitoring system for users



of autonomous wheelchairs and proposes a general wheelchair instead of replacing it entirely. Such an

purpose static facial gesture recognition algorithm
that can be adued for a variety of applications that
require feedback from the user. In addition, unlike

approach facilitates thetask of controlling an
autonomous wheelchair and makes a wheelchair
friendlier to the user. The most appropriate way to

other approaches, the proposed approach relies solelyobtain feedback of the user is to monitor the user

on facial gestures, which is a significant advantage
for users with severe mobility limitations. Moreover,
the majority of similar approaches require the camera
to be placed directly in front of the user, obstructing
his/her field of view. The proposed approach is
capable of handling nefiontal facial images and
therefore, does not obstruct the field of view.

constantly using some sort of input device and
classify the observations into categs that can be
understood by thewutonomouswheelchair. To be
truly user friendly, the monitoring system should
neither distract the user from his/her activities nor
limit the user in any way. Wearable devices, such as
gloves, cameras or electrodes, ulgudistract the

The proposed approach has been implemented inuser and therefore, are unacceptable for the purposes
software and evaluated on a set of 9140 images fromof monitoring. Microphones and similar voice input

ten volunteers, producing ten facial gestures. Overall,
the implementation achieves a recognition rate of
90%.

1.4 Outline of Paper
This paper consists of five d®ns. The first
section provides motivation for the research and

devices are not suitable for passive monitoring,
because their usage requires explicit involvement of
the user. In other words, theaushas to talk, so that
the wheelchair may respond appropriately. Vision
based approaches are the most suitable for the
purposes of monitoring the user. Video cameras do
not distract the user, and if they are installed properly,

discusses previous related work. Section 2 describesthey do not limit the fielabf view.

the entire monitoring system in general. Section 3
provides technical and algorithmic details of the
proposed approach. Section 4 detailthe
experimental evaluation of a software
implementation of the proposed approach. Finally,
Section 5 provides a summary and conclusion of this
work.

2 AN APPROACH TO WHEELCHAIR USER
MONITORING

2.1 Overview

While intelligent wheelchairs are becoming
more al more sophisticated, the task of controlling
them becomes increasingly important in order to
utilize their full potential. The direct control of the
wheelchair that is customary for namelligent
wheelchairs cannot utilize fully the capabilities of an
autonomous wheelchair. Moreover, the task of
directly controlling the wheelchair may be too
complex for some patients. To overcome this
drawback this work proposes to add a monitoring
system to a controlling system of an autonomous
wheelchair. The purposef such a system is to
provide the wheelchair with timely and accurate

The vision-based approach is versatile and
capable of capturing a wide range of forms of user
feedback. For example, they may capture facial, head
and various hand gestures as well as face orientation
and gaze direction of the user. As a resthig
monitoring system may determine, for example,
where the user is looking, is the user is pointing at
anything, is the user happy or distressed. Moreover,
the vision-basedsystem is the only system that is
capable of passive and active monitoring of uker.

In other words, avision-basedsystem is the only
system that will obtain the feedback of the user by
detecting intentional actions or by inferring the
meaning of unintentional actions. The wheelchair has
a variety of ways to use this information.orF
example, if the user looks at a certain direction,
which may differ significantly from the direction of
movement, the wheelchair may slow down or even
stop, to let the user look at the area of interest. If the
user is pointing at something, the wheelchaay
identify the object of interest and move in that
direction or bring the object over if the wheelchair is
equipped with a robot manipulator. If there is a
notification that should be brought to attention of the
user, the wheelchair may use only vispatification

feedback of the user on the actions performed by theif the user is looking at the screen or a combination

wheelchair or about the intentions of the user. The
wheelchair will use this information for planning of
its future actions or corréng the actions that are
currently performed. The response of the wheelchair

of visual and auditory notifications if the user is
looking away from the screen. The fact that the user
is happy may serve as confirmation of the wheelchair
actions, while distress mawdicate incorrect action

to feedback of the user depends on the context inor a need for help. As a general problem, inferring

which this feedback was obtained. In other words,
the wheelchair may react differently or even ignore
feedback of the user inféérent situationsBecause
it is difficult to infer intentions of the user from
his/her facial expressions, the monitoring system will
complement regular controlling system of a

intent from action is very difficult.

2.2 General Design

The monitoring system performs constant
monitoring of the user, but it is not controlled by the
user and therefore, does noequire any user



interface. From the viewpoint of thautonomous external dimensions of the wheelchair, limit the field
wheelchair, the monitoring system is a software of view of the user and allows tracking of the face
component that runs in the background and notifies and hands of the user. However, this requinas the
the wheelchair system about detected user feedbackmonitoring system deals with ndrontal images of
events. To make the monitoring systenrenfiexible, the user, taken from underneath of the face of the
it should have the capability to be configured to user. Such images are prone to distortions and
recognize events. For example, one user may expresgherefore, the processing of such images is
distress using some sort of face gesture while anotherchallenging. To the best afur knowledge, there is
may do the same by using a head or hand gesture.no research that deals with facial images taken from
The monitoring system should be altedetect the underneath of the user face at such large angles as
distress of both kinds correctly depending on a user required in this work. In addition, the location of the
observed. Moreover, due to the high variability of head and hands is not fixed, so the monitoring
the gestures performed by different people, and system should deal with distortions due to chamdes
because of natural variability of disorders, the the distance to the camera and viewing angle.
monitoring system requires training faaah specific The block diagram of the proposed monitoring
user. The training should be performed by trained system is presented in Fig. 1. The block diagram
personnel at the home of the person for which the illustrates the general structure of the monitoring
wheelchair is designed. Such training may be system and its integration into the controlling system
required for a navigation system of the intelligent of anintelligent wheelchair.
wheelchairs, so the requirement to train the
monitoring system is not exaggerated. The training
includes collection of the training images of the user,
manual processing of the collected images by
personnel and training the monitoring system. pr i e e 1
During training, the monitoring system learns head, | ’ ] .
face an hand gestures as they are produced by the ! L
specific user and their meanings for the wheelchair. 1 1
In addition, various images that do not have any ; _vw v ]
special meaning for the system are collected and | S : :
| |
1 1
1 1
1

Camera

System

gaze head gestures
direction recognition
detection

used to train the system to reject spurious images.
Such an pproach produces a monitoring system with
maximal accuracy and convenience for the specific «__}_______ [——
user.
It may take a long time to train the monitoring T T e i :
system to recognize emotions of the user, such as |
distress, because a sufficient number of images of ' Decision taking
|
1
1

genuine facial expressions of the user should be
collected. As a result, the full training of the
monitoring system may consist of two stages: in the 1P Undersanding of user'sintenions |
first stage, the system is trained to recognize hand . 3 3
gestures and the face of the user, and in the next !

stage, thesystem is trained to recognize the emotions ! Recopriion of the environment_ |

of the user. _ o Figure 1: The block diagram of monitoring system
To provide the wheelchair system with timely

feedback, the system should have good performances TECHNICAL APPROACH TO FACIAL

that allows reatime processing of input images. GESTURE RECOGNITION
Such performance is sufficient to recognize both

stetic and dynamic gestures performed by the user. 3 4 System Overview
To avoid obstructing the field of view of the user, The facial gesture recognition system is part of

the camera should Dbe  moyfigfhautshsntodsihdefchairt alfthis Yadt ®ids © S

field of view. However, the camera should be also some impli@tions on the system. It takes an image

capable of taking images of the face and hands of the st the face as input, using a standard video camera,
us@. Moreover, it is desirable to keep the external 5nq produces the classification of the facial gesture
dimensions of the wheelchair as small as possible, 55 an output. The software for the monitoring system
because a compact wheelchair has a clear advantage,ay run on a computer that controls the wheelchair.
when navigating indoors or in crowded areas. To However, the input for the monitoring system can

satisfy these_ requirements one of the p_Iaces to mountyst pe obtained using the existing design of the
the camera is on an extension of the side handrail of heelchair and requires installation of additional

the wheelchair. This does not enlarge the overall pargware. Due to the fact that the system is intended




for autonomouswheelchair users, the hardware in this research. Facial gestures formed by only the
should neiber limit the user nor obstruct his or her usage of the eyes and mouth, are a small subset of all
field of view. The wheelchair handrail is one of the facial gestures that can be produced by a human.
best possible locations to mount the camera for Hence, many gestures cannot be classified using this
monitoring of the user because it will neither limit approach. Howeverijt is assumed that the facial
the user nor obstruct the field of view. This approach gestures that have some meaning for the monitoring
has one serious drawback: the camera mounted in system differ in the contours of the eyes and mouth.
such a manner produces rfmantal images of the Hence, this subset is enough for the purpose of this
face of the user who is sitting in the wheelchair. research, namely a feasibility study.

Nonfrontal images are distorted and some parts of

the face may even be invisible. These facts make 3.3 System Design

detection of facial gestures extremely difficult. Conceptually,the algorithm behind the facial
Dealing with norfrontal facial images taken from gesture detection has three stages: (1) detection of
underneath of a person is very uncommon and rarely the eyes and mouth in the image and obtaining their
addressed. The automous wheelchair with an contours; (2) conversion of contours of facial
installed camera for the monitoring system and a features to a compact representation that describes
sample of the picturénhait is taken by the camera, are the shapes of contea) and (3) classification of

shown in Figure 2. contour shapes into categories representing facial
gestures. This section proceeds to briefly describe
3.2 Facial Gestures these stages; the rest of the chapter discusses these
Generally, facial gestures are caused by the stages in more details.
action of one or several facial muscles. This fact In the first stage, the algorithm of the nitoning
along with the great natural variability of the human system detects the eyes and mouth in the input image
face makes the general task of clbésg facial and obtains their contours. In this work, the modified

gestures difficult. Facial Action Coding System AAM algorithm, first proposed in 35] and later
(FACS), a comprehensive system that classifies modified in [33], is used. The AAM algorithm is a
facial gestures was proposed 18], The approach is  statistical, deformable modbhsed algothm,
based on classifying clearly visible changes on a face typically used to fit a previously trained model into
and ignoring invisible or subtly visibl changes. It an input image. One of the advantages of the AAM
classifies a facial gesture using a concept of Action and similar algorithms is their ability to handle
Unit (AU), which represents a visible change in the variability in the shape and the appearance of the
appearance on some area of the face. Over 7000modeled object due to prior knowledge. In twisrk,

possible facial gestures were classified b¥].[ It is the AAM algorithm successfully obtains contours of
beyond the scope of this work tleal with this full the eyes and mouth in ndrontal images of
spectrum of facial gestures. individuals of different gender, race, facial

In this work, a facial gesture is defined as a expression, and head pose. Some of these individuals
consistent and unigque facial expression that has somewore eyeglasses.
meaning in the context of application. The human In the second stage, contours of fad@atures
face is represented as a set of contours of variousobtained in the first stage are converted to a
distinguishable facial features that can be detected in representation suitable for the classification to
the image of the face. Naturally, as the face changescategories by a classification algorithm. Due to
its expression, contours of some facial features may movements of the head, contours, obtained in the
change their shapes, some facial features mayfirst stage, are at different locations in the gea
disappear, and some new facial features may appeathave different sizes and are usually rotated at
on the face. Hence, in the context of the monitoring different angles. Moreover, due to nparfect
system, the facial gesture is defined as a set of detection, a smooth original contour becomes rough
contours of facial features, which uniquely identify a after detection. These factors make classification of
consistent and unique facial expression that has somecontours using homography difficult. In order to
meaning for the application. It is desiraltite use a pefform robust classification of contours, a post
constant set of facial features to identify the facial processing stage is needed. The result of post
gesture. Obviously, there are a lot of possibilities in processing should produce a contour representation,
selecting facial features, whose contours define the which is invariant to rotation, scaling and translation.
facial gesture. However, selected facial gestures To overcome nomperfect detection, such a
should be easily and consistgntietectable. Taking  represerdtion should be insensitive to small, local
into consideration the fact that the most prominent changes of a contour. In addition, to improve the
and noticeable facial features are the eyes and mouthrobustness of the classification, the representation
the facial gestures produced by the eyes and mouthshould capture the major shape information anig
are most suitable for usage in the system. Therefore,ignore fine contour details that are irrelevant for the
only contours of the e&s and mouth are considered classification. In this work, Fourier descriptors,



Figure 2: (a) Theautonomousvheelchaifleft]. (b) Sample of picture taken by face camera [right].

first proposed in 39, are wused. Several
comparisons 41, 26, 28, 23] show that Fourier
descriptos outperform many other methods of
shape representation in terms of accuracy,
computational efficiency and compactness of

representation. Fourier descriptors are based on an

algorithm that performs shape analysis in the
frequency domain. The major drawlaaf Fourier

descriptors is their inability to capture all contour
details with a representation of a finite size. To
overcome nosperfect detection by the AAM

algorithm, the detected contour is first smoothed
and then Fourier descriptors are calculated.
Therefore, a representation of the finest details of
the contour that would not be well captured by the
method is removed. Moreover, the level of detalil

that can be represented using this method is easily

controlled.

In the third stage, contours are cified into
categories. A classification algorithm is an
algorithm that selects a hypothesis from a set of
alternatives. The algorithm may be based on

different strategies. One is to base the decision on a

set of previous observations. Such a set is gdwperal
referred in the literature as a training set. In this
research, the -Kearest Neighbors classifier gL
was used.

3.4 Active Appearance Models (AAMs)

This section presents the main ideas behind
AAMs, first proposed by Taylor et al3$]. AAM is
a combind modetbased approach to image
understanding. In particular, it learns the variability

in shape and texture of an object that is expected to
be in the image, and then, uses the learned

information to find a match in the new image. The
learned object modés allowed to vary; the degree
to which the model is allowed to change is

controlled by a set of parameters. Hence, the task of

finding the model match in the image becomes the
task of finding a set of model parameters that
maximize the match between thignage and

modified model. The resulting model parameters
are used for contour analysis in the next stages. The
learned model contains enough information to
generate images of the learned object. This property
is actively used in the process of matching.

The shape in an AAM is defined as a
triangulatedmeshthat may vary linearlyln other
words, any shape can be expressed as a base
shapes; plus a linear combination of m basis

shapes;:

m
5 =5L~+2F’i5i (1)
i=1

The texture obn AAM is the pattern of
intensities or colors across an image patdtich is
also, may vary linearlyi.e. the appearance A can
be expressed as a base appeardngaus a linear
combination of basis appearance imaggs

."-l.l ZHD +Z 5[."3][ {2:]
i=1

The fitting of AAM to an input image | can be
expressed as minimization of the function:

D Fla - 10vee)] @
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simultaneously with respect to shape and
appearance parametezands;, A is of the form

described irEquation2; F is an error norm functign

W is a piecevse affine warp from a shape ssto
The resulting set of shape parameters define
contours of the eyes and mouth that were matched
to the input image.

In generalthe problem of optimization of the
function presented ifEquation 3 isnonlinear in



terms of shape and appearance paramgtensls,

can be solved using any available method of
numeric optimization. Cootes et all0] proposed

an iterative optimization algorithm and suggested
multi-resolution models to improvéné robustness
and speed of model matching. According to this
idea, in order to build the multesolution AAM of

an object with k levels, the set of k images is built
by successively scaling down the original image.
For each image in this set, a separattMAis
created. This set of AAMs is multesolution AAM
with k levels. The matching of the mufsolution
AAM with k levels to an image is performed as
follows: first, the image is scaled down k times, and
the smallest model in the muhésolution AAM, is
matched to this scaled down image. The result of
the matching is scaled up and matched to the next
model in the AAM. This procedure is performed k
times until the largest model in the muiéisolution
AAM is matched to the image of the original size.
This approach is faster and more robust than the
approach that matches the AAM to the input image
directly.

The main purpose of building an AAM is to
learn the possible variations of object shape and
appearance. However, it is impractical to take into
accaint all of the possible variations of shape and
appearance of object. Therefore, all observed
variations of shape and appearance in training
images are processed statistically in order to learn
the statistics of variations that explain some
percentage oflaobserved variation. The best way
to achievethis is to collect a set of images of the
object and manually mark the boundary of the
object in each image. Marked contours are first
aligned using the Procrustes analy4ig[and then,
processed using PCAnalysis 19 to obtain the
base shape; and the set of m shapes that can
explain a certain percentage of shape variation.
Similarly, to obtain the information about
appearance variatipntraining images are first
normalized by warping the training shape the
base shaps,, and then, PCA analysis is performed
in order to obtair images that can explain a certain
percentage of variation in the appearance. For more
detailed description of AAMs, the reader is referred
to [10, 11, 35].

In this work, the modied version of AAM,
proposed by Stegmann3j, is used. The
modifications of original AAMs that were used in
the current work are summarized in the following
subsections.

3.4.1Increased Texture Specificity

As described above, the accuracy of AAM
matching isgreatly affected by the texture of the
object. If the texture of the object is uniform, AAM
tends to produce contours that lie inside the real
object. This happens because the original AAM

algorithm is trained on the appearance inside of
training shapes; ti has no way to discover
boundaries of an object with a uniform texture. To
overcome this drawback, Stegmard3][suggested
the inclusion of a small region outside the object.
Assuming that there is a difference between the
texture of the object and backgmnd, it is possible
for the algorithm to accurately detect boundaries of
the real object in the image. Due to the fact that the
object may be placed on different backgrounds, a
large outside region included in the model may
badly affect the performance tiie algorithm. In
this work, a strip that isne pixel wide around the
original boundary of the object, as suggested®&}, [

is used.

3.4.2Robust Similarity Measure

According to Equatior3, the performance of
the AAM optimization is greatly affected by the
measure, or more formally, the error norm, by
which texture similarity is evaluated, and denoted
as F in the equatiolhe quadratic error norm, also
known as least squares normignorm, is one of
the most popular among the many possible @wic
of error norm. It is defined as:

F(e) = e* (4)

where e is the difference between the image and
reconstructed model. Due to the fast growth of
function x* , the quadratic error norm is very
sensitive to outliers, and thus, can affect the
performance of he algorithm. Stegmann33]
suggested the usage of the Lorentzian estimator,
which was first proposed by Black and Rangarajan
[8], and defined as:

) g2
J’*'.:.a?,t?_,j:ln:ng(1+7 ,)
2a;?,

.
i 5‘I

"

where e is the difference between the textures of the
image and the reconstructed

AAM model; &, is a parameter that defines the
values considered as outliers. THeorentzian
estimator grows much slower than a quadratic
function, and thus, it iless sensitive to outliers and
hence it is used in this research. According to
Stegmann[33], the value 6. is taken equal to
the standard deviation of appearance variation.

3.4.3Initialization

The performance of the AAM algorithm
depends highly on the initial placement, scaling and
rotation of the model in the image. If the model is
placed too fafrom the true position of the object, it
may not find the object or mistakenly matches the
background as an object. Thus, finding good initial
placement of the model in the image is a critical
part of the algorithm. Generally, initial placement



or initialization depends on the application, and
may require different techniques for different
applications to achieve good results. Stegm&3h [
proposed a technique to find the initial placement of
a model that does not depend on the application.
The idea is tatest any possible placement of the
model, and build a set of most probable candidates
for the true initial placement. Then, the algorithm
tries to match the model to the image at every initial
placement from the candidate set using a small
number of optinEation iterations. The placement
that produces the best match is selected as a true
initial placement. After the initialization, the model
at the true initial placement is optimized using a
large number of optimization iterations. This
technique producesogd results at the expense of a
high computational cost. In this research, a grid
with a constant step is placed over the input image.
At each grid location, the model is matched with
the image at different scales. To improve the speed
of the initialization, only a small number of
initialization iterations is performed at this stage.
Pairs of location and scale, where the best match is
achieved, are selected as a candidate set. In the next
stage, a normal model match is performed at each
location and scalérom the candidate set, and the
best match is selected as the final output of the
algorithm. This technique is independent of
application and produces good results in this
research. However, the high computational cost
makes it inapplicable in applicatiomsquiring real
time response. In this research, the fitting of a
single model may take more than a second in the
worst cases, which is unacceptable for the purposes
of reaktime monitoring the user.

3.4.4Fine Tuning The Model Fit

The usage of prior knowledgehen matching
the model to the image, does not always lead to an
optimal result because the variations of the shape
and the texture in the image may not be strictly the
same as observed during the traini88][ However,
it is reasonable to assume tha¢ tlesult produced
during the matching of the model to the image, is
close to the optimum3B]. Therefore, to improve
the matching of the model, Stegmani83]
suggested the application of a gengralpose
optimization to the result, produced by the regular
AAM matching algorithm. However, it is
unreasonable to assume that there are no local
minimums around the optimum and the
optimization algorithm may become stuck at the
local minimum instead of optimum. To avoid local
minima near the optimum, Stegmann33|
suggested the usage of a simulated annealing
optimization technique, which was first proposed
by Kirkpatrick et al. 4], a randormsampling
optimization method that is more likely to avoid
local minimum and hence it is used in this research.

Due to spae considerations, the detailed

description of theapplication of thealgorithm in
this workhas beemmitted;the reader is referred to
[14] for moredetails

3.5 Fourier Descriptors

The contours produced bpAM algorithm at
the previous stagare not suitale for classification
because it is difficult to define a robust and reliable
similarity measure between two contours,
especially when neither centers nor sizes nor
orientations of these contours coincide. Therefore,
there is a need to obtain some sort gbfape
descriptor for these contours. Shape descriptors
represent the shape in a way that allows robust
classification, which means that the shape
representation is invariant under translation, scaling,
rotation, and noise due to imperfect model
matching. There are many shape descriptors
available. In this work, Fourier descriptors, first
proposed by Zahn and Roskie89], are used.
Fourier descriptors provide compact shape
representation, and outperform many other
descriptors in terms of accuracy and efficy P3,

26, 28, 41]. Moreover, Fourier descriptors are not
computationally expensive and can be computed in
real time. The performance of the Fourier
descriptors algorithm isbecause it processes
contours in the frequency domain, and it is much
easier toobtain invariance to rotation, scaling, and
translation in the frequency domain than in the
spatial domain. This fact, along with simplicity of
the algorithm and its low computational cost, are
the main reasons for selecting this algorithm for
usage in tls research.

The Fourier descriptor of a contour is a
description of the contour in the frequency domain
that is obtained by applying the discrete Fourier
transform on a shape signature and normalizing the
resulting coefficients. The shape signature e
dimensionafunction, representintyvo-dimensional
coordinates of contour points. The choice of the
shape signature has a great impact on the
performance of Fourier descriptors. Zhang and Lu
[40] recommended the use of a centroid distance
shape signate that can be expressed as the
Euclidean distance of the contour points from the
contour centroid. This shape signature is translation
invariant due to the subtraction of shape centroid
and therefore, Fourier descriptors that are produced,
using this shapsignaturearetranslation invariant.

The landmarks of contours produced by the
first stage are not placed equidistantly due to
deformation of the model shape during the match of
the model to the image. In order to obtain a better
description of the cdour, the contour should be
normalized. The main purpose of normalization is
to ensure that all parts of the contour are taken into
consideration, and to improve the efficiency and
insensitivity to noise of Fourier descriptors by
smoothing the shape. Zhaagd Lu p0] compared



several methods of contour normalization and

suggested that the method of equal arc length
sampling produces the best result among other
methods. According to this method, landmarks

should be placed equidistantly on the contour or in

other words, the contour is divided into arcs of

equal length, and the end points of such arcs form a
normalized contour. Then, the shape signature
function is applied to the normalized contour, and

the discrete Fourier transform is calculated on the
resut.

Note that the rotation of the boundary will
cause the shape signature, used in this research, to
shift. According to the time shift property of the
Fourier transform, it causes a phase shift of Fourier
coefficients. Thus, taking only a magnitude oé th
Fourier coefficients and ignoring the phase provides
invariance to rotation. In addition, the output of the
shape signature are real numbers, and according to
the property of discrete Fourier transform, Fourier
coefficients of a reavalued function areonjugate
symmetric. However, only the magnitudes of
Fourier coefficients are taken into consideration,
which means that only half of the Fourier
coefficients have distinct values. The first Fourier
coefficient represents the scale of the contour only,
so it is possible to normalize the remaining
coefficients by dividing by the first coefficient in
order to achieve invariance to scaling. The fact that
only the first few Fourier coefficients are taken into
consideration allows Fourier descriptors to catch
the most important shape informati@nd ignore
fine shape details and boundary noise. As a result, a
compact shapeepresentation is produced, which is
invariant under translation, rotation, scalirend
insensitive to noise. Such a representation is
appropiate  for classification by various
classification algorithms.

3.6 K-Nearest Neighbors classification

The third stage performs classification of facial
features, obtained in the previous stage, into
categories or in other words, it determines which
facial gesture is represented by the detected
boundaries of the eyes and mouth. This stage is
essential because boundaries represent numerical
data, whereas the system is required to produce
facial gestures corresponding to boundaries or in
other words, the systeris required to produce
categorical output. The task of classifying items
into categories attracts much research, and
numerous classification algorithms have been
proposed. For this research, a group of algorithms
that learn categories from training datal goredict
the category for an input image is suitable. In the
literature, these algorithms are called supervised
learning algorithms. Generally, no algorithm
performs equally in all applications, and it is
impossible to analytically predict which algorithm
will have the best performance in the application. In

the case of Fourier descriptors, Zhang and 44] [
recommended classification according to the
nearest neighbor, or in other words, Fourier
descriptor of the input shape is classified according
to the nearest, in terms of Euclidean distance,
Fourier descriptor of the training set. In this
research, the generalization of this method, known
as the kNearest Neighbors which was first
proposed by Fix and Hodgesy], is used.

The general idea of the methisdo classify the
input sample by a majority of its k nearest, in terms
of some distance metrics, neighbors from the
training set. Specifically, distances from an input
sample to all stored training samples are calculated
and k closest samples are sedect The input
sample is classified by majority vote of k selected
training samples. A major drawback of such an
approach is that classes with more training samples
tend to dominate the classification of an input
sample. The distance between two samplesbean
defined in many ways. In this research, Euclidean
distance is used as a distance measure.

The process of training ofKearest Neighbors
is simply caching of training samples in internal
data structures. Such an approach is also called in
the literatuwe, as lazy learning [3]. To optimize the
search of nearest neighbors some sophisticated data
structures, e.g. Ktrees p], might be used. The
process of classification is simply finding the k
nearest, cached training samples, and deciding the
category ofthe input sample. The value of k has a
significant impact on the performance of the
classification. Low values of k may produce a
better result, but are very vulnerable to noise. Large
values of k are less susceptible to noise, but in some
cases, the pasfmance may degrade. The result of
the classification, produced by this stage, is a final
result of the static facial gesture recognition system.

3.7 Selection Of Optimal Configuration

The purpose of selecting the optimal
configuration is to find the value®f various
algorithm parameters that ensure the best
recognition rate with the lowest false positive
recognition rate.

Due to the fact that there are several parameters
that affect the recognition rat@nd false positive
recognition rate (e.g. initializen step of AAM
algorithm, choiceof classifier, number of samples
used to train the classifier, number of neighbors for
k-Nearest Neighbors classifier), the testing of all
possible combinations of parameters is impractical.
To simplify the process of findg the optimal
configuration for the algorithm, the optimal
initialization step of the AAM algorithm with an
optimal number of training images and neighbors
for k-Nearest Neighbors classifiare obtained. The
obtained configuration is used to compare the
performance ofseveral classifiers and check the
influence of adding shape elongation of eyes and



mouth on the performance of the whole algorithm.
In addition, this configuratioris used to tune the
spurious images classifier to improve the false
positive recognition rate of the algorithm. This
approach works under the assumption that the
configuration that provides the best results without
the classifier of the spuriougmages will still
produce the best results when the classifier is
engaged.

Both the AAM and kNearest Neighbors
algorithms do not have the ability teject spurious
samples automatically. However, the algorithm
proposed in thisvork should be able to reject the
facial gestures that are not considered as having
special meaning and theregonot trained. To reject
such samples, the confidenogeasures (similarity
measure for the AAM algorithm; the shortest
distance to trainingample for kNearest Neighbors
algorithm) should be evaluated to determin¢hd
sample is likely to contain the Neé gesture. The
performance of such classificationas a great
impact on the performance of the whole algorithm.
It is clearthat any classifier will inevitably reject
some valid images and classify some of the
spurious images as valid. The classifierdusethis
work consists of two parts: the first part classifies
the matches obtained by the AAM algorithm; the
second partlassifies the results obtained by the k
Nearest Neighbors classifiers. These paare
independent of each other and trained sephrat

In this work, the problem of classifying
spurious images is solved by analyzirthe
distribution of the values of confidence measures of
valid images and classifyinghe images using
simple thresholding. First, the part of the classifier
that dealswith results of the AAM algorithm is
tuned. The results produced by the fipstrt of the
classifier are used to tune the second part of the
classifier. While suclan approach does not always
provide the best results, it is extremely simple and
computationdy efficient. Some ideas to improve
the classifier are described in
Section5. For details on the tuning of the spurious
image classifier, the readerriferred toSection4.

Section4 describes the process of selecting the
optimal values of the paraness, which influence
the performance of the algorithm. Due to the great
number of suchparameters and range of their
values, testing of all possible combinations of
valuesof the parameters goes beyond the scope of
this research. In this research, thitialization step
for the AAM algorithm, number of images for the
training of theshape classifier, type of the shape
classifier, and usage of shape elongatios theen
tested. It was found that the initialization step of
201 20, usage of aad aithe
Fourier descriptors, k Nearest Neighbors classifier
as a shape classifisvith k equal to 1, and 2748
shapes to train the shape classifier, provide the best
classification results. For the details on obtaining

the values of these parametehg rader is referred
to Sectiord4.

4 EXPERIMENTAL RESULTS

4.1 Experimental Design

In order to test the proposed approach, the
software implementation of the system was tested
on a set of images that depicted human volunteers
producing facial gestures. The goalf dhe
experiment was to test the ability of the system to
recognize facial gestures, irrespective of the
volunteer, and measure the overall performance of
the system.

Due to the great variety of facial gestures that
can be produced by humans by usingrteges and
mouth, the testing of all possible facial gestures is
not feasible. Instead, the system was tested on a set
of ten facial gestures that were produced by
volunteers. The participation of volunteers in this
research is essential due to specificfythe system.
The system is designed for wheelchair users, and to
test such a system, images of people sitting in a
wheelchair are required. Moreover, the current
mechanical design of the wheelchair does not allow
frontal images of a person sitting iretivheelchair,
so the images should be acquired from the same
angle as in a real wheelchair. Unfortunately, there is
no publicly available image database that contains
such images. All volunteers involved in this
research have normal face muscle controls Tact
limits the validity of the results of the experiment to
people with normal control of facial muscles.

The experiment was conducted in a laboratory
with a combination of overhead fluorescent lighting
with natural lighting from windows of the
labordory. The lighting was not controlled during
the experiment and remained more or less constant.
To make the experiment closer to the real
application, volunteers sat in thautonomous
wheelchair, and their images were taken by the
camera mounted on the wdlehair handrail as
described in Section 3. The mechanical design of
the wheelchair does not allow fixing of the location
of the camera relative to the face of a person sitting
in the wheelchair. In addition, volunteers were
allowed to move during the expment in order to
provide a greater variety of facial gesture views.
Each of the ten volunteers produced ten facial
gestures. Five volunteers wore glasses during the
experiment; two were females and eight were
males; two were of Asian origin and others of
Caucasian origin. Such an approach allows the
testing of the robustness of the proposed approach
to the variability of facial gestures among different

e Volormegrsa df diftererst gender and origin. To make

the testing process easier for volunteers, they were
presented with samples of facial gestures and asked
to reproduce the gesture as close as possible to the
sample. The samples of facial gestures are



presented in Figure Ihe task of selecting proper
facial gestures for the facial gesture recognition
algoiithm for monitoring system is very complex,
because many samples of facial expressions of
disabled people expressing genuine emotions need
to be collected. Such work is beyond the scope of
this research. The purpose of the experiments
described in this clmer is to prove that the
algorithm has the capability to classify facial
expressions by testing it on a set of various facial
gestures. In addition, five volunteers produced
various gestures to measure the false positive rate
of the algorithm. The volunérs were urged to
produce as many gestures as possible. However, to
avoid testing the algorithm only on artificial and
highly improbable gestures, some of the volunteers
were encouraged to talk. The algorithm is very
likely to deal with facial expressionproduced
during talking, so it is critical to ensure that the
algorithm is robust enough to reject such facial
expressions. Such an approach ensured that the
algorithm was tested on a great variety of facial .
gestures.Each gesture was captured as a color 42 Training Of The System _

image at a resolution of 10/2%pskelginingihe gyptem congisis,of two, ¢
volunteer and each facithage in the resulting set parts. First, the system is trained to det_ec;t contours

is acceptable for further processing. Blinking, for ~ ©f the eyes and mouth of a person sitting in the
example, confuses thgystem because closed eyes wheelchair. Then, the system is trained to classify

are part of a separate gesture. In addition, due to the contours of the eyes and mouth to facial
limited field of view of the camera, accidental  9€stures. Generalljiraining of both parts can be

movements may cause the eyes or mouth to be _performed indepen_dently, using manually ma_rk_ed
occluded. Such images can not be processed by the Mmages. However, in order to speed up the training
system because the system requires both eyes and and gchleve better rgsults, the tralnlr_lg of the secpnd
the entire mouth be clearly visible in order to part is performed, using r_esults obt_alned_ by the_flrst
recognize the faal gesture. These limitations are part. In other wrds, _the first stage is trained using

not an inherent drawback of the system. Blinking, =~ Mmanually marked images; the second stage is
for instance, can be overcome by careful selection trainéd using contours, which are produced as a
of facial gestures. Out of a resuiting set of 10000  esult of the processing of input set of images by
images, 9140 images were manually selected for the first part. This approach produces better f|_nal
training and testingf the algorithm. Similarly, to results because theaining of the second stage is

test the algorithm for false positive rate, each of ~ Performed, using real examples of contours. The

five volunteers produced 100 facial gestures. Out of ~ aining, using real examples that may be
a resulting set of 500 images, 440 images were encountered as input, generally produces better

TP s
Figure 3: Facial gestures recognized by the system

selected manually for testing of the algorithfine results than using manually or synthetically
images that were uddn this work are available at produced examples, because it is impossidle
http://www.cse.yorku.ca/LAAV/datasets/index.htm| ~ @ccurately predict the variability of input samples

and reproduce it in training samples. In addition,
such an approach facilitates and accelerates the
process of training for the system, especially when
the system is retrained for a new person. Irs thi
work, the best results are obtained using 100
images to train the first part of the system and 2748
contours to train the second part of the system.

4.3 Training of AAM

The performance of AAMs has a crucial
influence on the performance of the whole system
Therefore, the training of AAMs becomes crucial
for the performance of the system. AAMs learn
variability of training images to build a model of
eyes and mouth, and then, try to fit the model to an



http://www.cse.yorku.ca/LAAV/datasets/index.html

input image. To provide greater reliability of the
resuts of these experiments, several volunteers
participated in the research. However, a model built
from training samples of all participants leads to
poor detection and overall results. This
phenomenon is due to the great variability among
images of all valnteers that can not be described
accurately by a single model. To improve the
performance of the algorithm, several models are
trained. Models are trained independently, and each
model is trained on its own set of training samples.
The fitting to the inptiimage is also performed
independently for each model, and the result of the
algorithm is a model thagroduces the best fit to the
input image. Generally, the algorithm that uses
more trainednodelstends to produce better results
due to more accurate meling of possible image
variability. However, due to the high computational
cost of fitting an AAM to the input image, such an
approach is impractical in terms of processing time.
Selecting the optimal number of models is not an
easy task. There are tedfpnes that allow selecting
the number of models automatically. In this work, a
simple approach has been taken: each model
represents all facial gestures, produced by a single
volunteer. While this approach is probably not
optimal in terms of accuracy of meling, the
variability and number of models, it has clear
advantage in terms of simplicity and ease of use.
This technique does not require a great number of
images in a training set: one image for each facial
gesture and volunteer is enough to produce
acceptable results. To build the training set from
each set of 100 images representing a volunteer
producing a facial gesture, one image is selected
randomly. As a result, the training set for AAM
consists of only 100 images. To train an AAM
model, the eyeand mouth are manually marked on
these images. The marking is performed, using
custom software, which allows the user to draw and
store the contours of eyes and mouth over the
training image. These contours are then normalized
to have 64 landmarks that aptaced equidistantly
on the drawn contour. The images and contours of
every volunteer are grouped together, and a
separate AAM model is trained for each volunteer.
Such an approach has a clear advantage when the
wheelchair has only a single user. In fathis
represents the target application.

Each AAM is built as a five level muiti
resolution model. The percentage of shape and
texture variation that can be explained, using the
model is selected to be 95%. In addition to building
the AAM, the location of he v ol unteer
each image is noted. These locations are used to
optimize the fitting of an AAM to an input image
by limiting the search for the best fit by a small
region, where the face is likely to be located.

The performance of the AAM fittig depends
on the initial placement of the model. In this

research, it is proposed that a grid be placed over
the input image and to fit the model at each grid
location. The location where the best fit is obtained,
is considered the true location of the debin the
image. Therefore, the size of the grid has a great
impact on the performance of fitting of the model.
The usage of the small grid obtains excellent fitting
results, but has prohibitively high computational
cost, whereas the usage of the largd bas a low
computational cost, but leads to poor fitting results.
In this research, the optimal size of the grid was
empirically determined t
the initialization grid, placed on the input image,
has 20 locations in width and Rfcations in height.
Therefore, the AAM algorithm tests 400 locations
during the initialization phase of the fitting. The
size of the grid was chosen after series of
experiments to select the optimal value.

As mentioned in the Section 3.5 the AAM
algorithm can not reject spurious images. To reject
the spurious images, the statistics about similarity
measures of valid images and spurious images is
collected. The spurious images are detected using
simple thresholding.

4.4 Training Of Shape Classifier

The shae classifier is the final stage of the
whole algorithm, so its performance influences the
performance of the entire system. The task of the
shape classifier is to classify the shapes of eyes and
mouth, represented as a vector, to categories
representing dcial gestures. To accomplish this
task, this research uses a technique of supervised
learning. According to this technique, in the
training stage, the classifier is presented with
labeled samples of the input shapes. The classifier
learns training samplegand tries to predict the
category of input samples using the learned
information. In this research, the -Nearest
Neighbors classifier is used for shape classification.
This classifier classifies input samples according to
the closest k samples from theaihing set.
Naturally, a large training set tends to produce
better classification results at the cost of large
memory consumption and slower classification.
Hence, it may be impractical to collect a large
number of training samples for the classifier.
However, a small training set may produce poor
classification results. The number of neighbors Kk,
according to which the shape is classified, also has
an impact on the performance of the classification.
Large values of k are less susceptible to noise, but
may miss some input samples. Small values of k
dseally fpduee badtter classification, but are more
vulnerable to noise.

To train the classifier, the input images are first
processed by the AAM algorithm to obtain the
contours of the eyes and mouth. Themufter
descriptors of each contour are obtained and
combined to a single vector, representing a facial



gesture. As a result, a set of 9140 vectors,
representing the facial gestures of volunteers, is
built. Out of these vectors, some are randomly
selected d@ train the classifier. The remaining
vectors are used to test the performance of the
classifier.

The kNearest Neighbors classifier can not
reject shapes obtained from spurious images. To
reject the spurious shapes, the statistics on the
closest distancef the input sample to the training
set of valid imagesand spurious images are
collected. The spurious shapes are detected using
simple thresholding.

4.5 Results

The testing was performed on a computer that
has 512 megabytes of RAM and 1.5 GHz Pentium 4
processor under Windows XP. To detect the
contours of eyes and mouth, a slightly modified
C++ implementation of AAMs, proposed 83, is
used. To classify the shapes, theNéarest
Neighbors classifier implementation of OpenCV
Library [31] was used.

The nput images were first processed by the
AAM algorithm to obtain the contours of the eyes
and mouth.The samples of detected contours in
input images are presented in Figure hen,
Fourier descriptors of each contour were obtained
and combined to a singleector, representing a
facial gesture. In the last stage, the vectors were
classified by the shape classifier. The performance
of the algorithm was measured according to the
results produced by the shape classifier.

In the conducted experiments, the aiton
successfully recognized 5703 out of 6300 valid
images, which is a 90% success rate. The algorithm
recognized 27 out of 440 spurious images, which is
a 6% false positive rate. The shape classifier
rejected 266 valid images and the AAM algorithm
rejeced 129 valid images. Therefore, in total the
algorithm rejected 395 valid images, which is a 4%
false negative rate.

Detailed results, showing the performance of
the algorithm on each particular facial gesture, are
shown in Table 1. Facial gestures araated by
letters a,b,c,. . . ,j. The axes of the table represent
the actual facial gesture (vertical) versus the
classification result. Each cell (i,j) in the table holds
the number of cases that were actually i, but
classified as j. The diagonal represethe count of
correctly classified facial gestures. Table 2
summarizes performance of the algorithm on a set
of spurious images. The details about rejected
images are presented in Table 3.

4.6 Summary Of Implementation

The monitoring of facial gesturesihe context
of this research is complicated by the fact that due
to the peculiarity of the mechanical design of the
autonomous wheelchair, it is impossible to obtain

Table 1: Facial gesture classification results.

a b c d e f g h i j
a|659|0 8 2 1 0 1 0 8 2
b|o0 509(68 |0 0 16 |1 4 1 2
c|3 1 6010 1 2 4 8 2 3
d|6 0 2 432 0 0 3 0 1 11
el0 0 2 7 425 | 2 2 1 0 4
flo 2 6 0 0 628 | 2 3 2 1
glo 1 6 1 3 0 635 2 1 3
h|o 0 5 1 1 10 | O 6420 0
i |8 0 6 1 0 9 5 1 528 | 47
ji|l2 1 0 13 | 4 0 2 1 2 644

Table 2: Spuriousmages classification results

a |b (c |d |e |f |g |h |i |]

O |0 |2 |3 |4 |12]/2 |4 |0 |O

Table 3: Images Rejected by the algorithm

a|b |c |d|e |f |g |h |i |j

9 |27 109 19

Figure 4. Sample images produced by AAM
algorithm(cropped and enlarged)

frontal images of the face of a person sitting in the

wheelchair. Using a set of ten facial gestures as a
test bed application, it is demonstrated that the

proposed approach is capable of robust and reliable
monitoring of the facial gestures of a person sitting

in a wheelchair.

The approach, presented in this work, can be
summarized as follows. First, the input image
which is taken by a camera, installed on the
wheelchair, is processed by AAM algorithm in




