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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 

and 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 monitoring 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 creation of 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 and tested, achieving 90% 

recognition rate with 6% false positive and 4% false negative rates.  
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1 INTRODUCTION  

 

1.1 Motivation 
 In 2002, 2.7 million people that were aged 

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

This number is greater than the number of people 

who are unable to see or hear [1]. The majority of 

these wheelchair-bound people has serious 

difficulties in performing routine tasks and is 

dependent on their caregivers. The problem of 

providing disabled people with greater independence 

has attracted the attention of researchers in the area 

of assistive technology. As a result, modern 

intelligent wheelchairs are able to autonomously 

navigate indoors and outdoors, and avoid collisions 

during movement without intervention of the user. 

However, controlling such a wheelchair and ensuring 

its safe operation may be challenging for disabled 

people. Generally, the form of the control has the 

greatest impact on the convenience of using the 

wheelchair. Ideally, the user should not be involved 

in the low-level direct control of the wheelchair. For 

example, if the user wishes to move from the 

bedroom to the bathroom, the wheelchair should 

receive instruction to move to the bathroom and 

navigate there autonomously without any assistance 

from the user. During the execution of the task, the 

wheelchair will monitor the user in order to detect if 

the user is satisfied with the decisions taken by the 

wheelchair, if he/she requires some type of 

assistance or he/she wishes to give new instructions. 

Hence, obtaining feedback from the user and taking 

independent decisions based on this feedback is one 

of the important components of an intelligent 

wheelchair. Such a wheelchair requires some form of 

feedback to obtain information about the intentions 

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

an unconstrained and non-intrusive way and the use 

of a video camera is one of the most popular 

methods to achieve this goal. Generally, the task of 

monitoring the user may be difficult. This work 

explores the feasibility of a system capable of 

obtaining visual feedback from the user for usage by 

an autonomous wheelchair. In particular, this work 

considers visual feedback, namely facial gestures.  

 

1.2 Related Research 
 Autonomous wheelchairs attract much attention 

from researchers (see e.g., [32, 36, 16] for general 

reviews). However, most research in the area of 

autonomous wheelchairs focus on automatic route 

planning, navigation and obstacle avoidance. 

Relatively, little attention has been paid to the issue 

of the interface with the user. Most, is not all, 

existing research in the area of user interfaces is 

concentrated on the issue of controlling the 

autonomous wheelchair by the user [32]. The 

methods that control the autonomous wheelchair 

include mechanical devices, such as joysticks, touch 

pads, etc. (e.g. [9]); voice recognition systems 

(e.g.[22]); electrooculographic (e.g.[4]), 

electromyographic (e.g.[18]) and  

electroencephalographic (e.g.[34]) devices; and 

machine vision systems (e.g.[27]). The machine 



 

vision approaches usually rely on head (e.g. [20, 38, 

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 screen and 

facial gestures was used in [9] to control of an 

autonomous wheelchair. The facial gestures are used 

to control the motion of the wheelchair. The authors 

proposed the use of Active Appearance Models 

(AAMs) [33]  to detect and interpret facial gestures, 

using the concept of Action Units (AUs) introduced 

by [13]. To improve the performance of the 

algorithm, an AAM is trained, using an artificial 3D 

model of a human head, on which a frontal image of 

the human face is projected. The model of the head 

can be manipulated in order to model variations of a 

human face due to head rotations or illumination 

changes. Such an approach allows one to build an 

AAM, which is insensitive to different lighting 

conditions and head rotations. The authors do not 

specify the number of facial gestures recognizable by 

the proposed system or the performance of the 

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 direction to set the 

direction of the movement of the wheelchair. 

However, a straightforward implementation of such 

an approach produces poor results because 

unintentional head movements may lead to false 

recognition. To deal with this problem, the authors 

ignored quick movements and took into account the 

environment around the wheelchair [30]. Such an 

approach allows improvement of the performance of 

the algorithm by ignoring likely unintentional head 

movements. The algorithms operated on images 

obtained by a camera tilted by 15 degrees, which is 

much less than the angles in this work. To ignore 

quick head movements, both algorithms performed 

smoothing on a sequence of angles obtained from a 

sequence of input images. While this technique 

effectively filters out fast and small head movements, 

it does not allow fast and temporally accurate control 

of the wheelchair. Unfortunately, only subjective 

data about the performance of these approaches have 

been provided. 

 In [25] the use of hand gestures to control an 

autonomous wheelchair was suggested. The most 

distinctive features of this approach are the ability to 

distinguish between intentional and unintentional 

hand gestures and òguessingò of the meaning of 

unrecognized intentional hand gestures. The system 

assumed that a person who makes an intentional 

gesture would continue to do so until the system 

recognizes it. Once the system established the 

meaning of the gesture, the person continued to 

produce the same gesture. Hence, to distinguish 

between intentional and unintentional gestures, 

repetitive patterns in hand movement are detected. 

Once a repetitive hand movement is detected, it is 

considered an intentional gesture. In the next stage, 

the system tried to find the meaning of the detected 

gesture by trying all possible actions until the user 

confirmed the correct action by repeating the gesture. 

The authors reported that the proposed wheelchair 

supports four commands, but they do not provide any 

data about the performance of the system.  

 The use of a combination of head gestures and 

gaze direction to control an autonomous wheelchair 

was suggested in [27]. The system obtained images 

of the head of a wheelchair user by a stereo camera. 

The camera of the wheelchair was tilted upward 15 

degrees, so that the images obtained by the camera 

were almost frontal. The usage of a stereo camera 

permits a fast and accurate estimate of the head 

posture as well as gaze direction. The authors used 

the head direction to set the direction of wheelchair 

movement. To control the speed of the wheelchair, 

the authors used a combination of face orientation 

and gaze direction. If face orientation coincided with 

a gaze direction, the wheelchair moved faster. To 

start or stop the wheelchair, the authors used head 

shaking and nodding. These gestures were defined as 

consecutive movements of the head of some 

amplitude in opposite directions. The authors do not 

provide data on the performance of the proposed 

approach. 

 While the approaches presented in this section 

mainly deal with controlling the wheelchair, some of 

the approaches may be useful for the monitoring 

system. The approach proposed in [9] is extremely 

versatile and can be adopted to recognize facial 

gestures of a user. The approaches presented in [30, 

2] and especially in [27] may be used to detect the 

area of interest of the user. The approach presented 

in [25] may be useful to distinguish between 

intentional and unintentional gestures. However, 

more research is required to determine whether this 

approach is applicable to head or facial gestures.  

 

1.3 Contributions 
 The research described in this paper, works 

towards the development of an autonomous 

wheelchair user monitoring system. This work 

presents a system that is capable of monitoring static 

facial gestures of a user of an autonomous 

wheelchair in a non-intrusive way. The system 

obtains the images using a standard camera, which is 

installed in the area above the knee of the user as 

illustrated in Figure 2. Such a design does not 

obstruct the field of view of the user and obtains 

input in a non-intrusive and unconstrained way.  

 Previous research in the area of interfaces of 

autonomous wheelchairs 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 this work is that it examines the 

feasibility of creating a monitoring system for users 



 

of autonomous wheelchairs and proposes a general-

purpose static facial gesture recognition algorithm 

that can be adopted for a variety of applications that 

require feedback from the user. In addition, unlike 

other approaches, the proposed approach relies solely 

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 non-frontal facial images and 

therefore, does not obstruct the field of view. 

 The proposed approach has been implemented in 

software and evaluated on a set of 9140 images from 

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 sections. The first 

section provides motivation for the research and 

discusses previous related work. Section 2 describes 

the entire monitoring system in general. Section 3 

provides technical and algorithmic details of the 

proposed approach. Section 4 details the 

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 and 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 non-intelligent 

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 purpose of such a system is to 

provide the wheelchair with timely and accurate 

feedback of the user on the actions performed by the 

wheelchair or about the intentions of the user. The 

wheelchair will use this information for planning of 

its future actions or correcting the actions that are 

currently performed. The response of the wheelchair 

to feedback of the user depends on the context in 

which this feedback was obtained. In other words, 

the wheelchair may react differently or even ignore 

feedback of the user in different situations. Because 

it is difficult to infer intentions of the user from 

his/her facial expressions, the monitoring system will 

complement regular controlling system of a 

wheelchair instead of replacing it entirely. Such an 

approach facilitates the task of controlling an 

autonomous wheelchair and makes a wheelchair 

friendlier to the user. The most appropriate way to 

obtain feedback of the user is to monitor the user 

constantly using some sort of input device and 

classify the observations into categories that can be 

understood by the autonomous wheelchair. 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, usually distract the 

user and therefore, are unacceptable for the purposes 

of monitoring. Microphones and similar voice input 

devices are not suitable for passive monitoring, 

because their usage requires explicit involvement of 

the user. In other words, the user has 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, 

they do not limit the field of view. 

 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 result, the 

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-based system is the only system that is 

capable of passive and active monitoring of the user. 

In other words, a vision-based system 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. For 

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 wheelchair may 

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 visual notification 

if the user is looking at the screen or a combination 

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 may indicate incorrect action 

or a need for help. As a general problem, inferring 

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 not require any user 



 

interface. From the viewpoint of the autonomous 

wheelchair, the monitoring system is a software 

component that runs in the background and notifies 

the wheelchair system about detected user feedback 

events. To make the monitoring system more flexible, 

it should have the capability to be configured to 

recognize events. For example, one user may express 

distress using some sort of face gesture while another 

may do the same by using a head or hand gesture. 

The monitoring system should be able to detect the 

distress of both kinds correctly depending on a user 

observed. Moreover, due to the high variability of 

the gestures performed by different people, and 

because of natural variability of disorders, the 

monitoring system requires training for each specific 

user. The training should be performed by trained 

personnel at the home of the person for which the 

wheelchair is designed. Such training may be 

required for a navigation system of the intelligent 

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. 

During training, the monitoring system learns head, 

face and hand gestures as they are produced by the 

specific user and their meanings for the wheelchair. 

In addition, various images that do not have any 

special meaning for the system are collected and 

used to train the system to reject spurious images. 

Such an approach produces a monitoring system with 

maximal accuracy and convenience for the specific 

user. 

 It may take a long time to train the monitoring 

system to recognize emotions of the user, such as 

distress, because a sufficient number of images of 

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 

first stage, the system is trained to recognize hand 

gestures and the face of the user, and in the next 

stage, the system is trained to recognize the emotions 

of the user. 

 To provide the wheelchair system with timely 

feedback, the system should have good performance 

that allows real-time processing of input images. 

Such performance is sufficient to recognize both 

static and dynamic gestures performed by the user. 

 To avoid obstructing the field of view of the user, 

the camera should be mounted outside the userôs 

field of view. However, the camera should be also 

capable of taking images of the face and hands of the 

user. Moreover, it is desirable to keep the external 

dimensions of the wheelchair as small as possible, 

because a compact wheelchair has a clear advantage 

when navigating indoors or in crowded areas. To 

satisfy these requirements one of the places to mount 

the camera is on an extension of the side handrail of 

the wheelchair. This does not enlarge the overall 

external dimensions of the wheelchair, limit the field 

of view of the user and allows tracking of the face 

and hands of the user. However, this requires that the 

monitoring system deals with non-frontal images of 

the user, taken from underneath of the face of the 

user. Such images are prone to distortions and 

therefore, the processing of such images is 

challenging. To the best of our knowledge, there is 

no research that deals with facial images taken from 

underneath of the user face at such large angles as 

required in this work. In addition, the location of the 

head and hands is not fixed, so the monitoring 

system should deal with distortions due to changes of 

the distance to the camera and viewing angle. 

 The block diagram of the proposed monitoring 

system is presented in Fig. 1. The block diagram 

illustrates the general structure of the monitoring 

system and its integration into the controlling system 

of an intelligent wheelchair. 

 
Figure 1: The block diagram of monitoring system 

 

3 TECHNICAL APPROACH TO FACIAL 

GESTURE RECOGNITION  

 

3.1 System Overview 
 The facial gesture recognition system is part of 

an existing autonomous wheelchair and this fact has 

some implications on the system. It takes an image 

of the face as input, using a standard video camera, 

and produces the classification of the facial gesture 

as an output. The software for the monitoring system 

may run on a computer that controls the wheelchair. 

However, the input for the monitoring system can 

not be obtained using the existing design of the 

wheelchair and requires installation of additional 

hardware. Due to the fact that the system is intended 



 

for autonomous wheelchair users, the hardware 

should neither limit the user nor obstruct his or her 

field of view. The wheelchair handrail is one of the 

best possible locations to mount the camera for 

monitoring of the user because it will neither limit 

the user nor obstruct the field of view. This approach 

has one serious drawback: the camera mounted in 

such a manner produces non-frontal images of the 

face of the user who is sitting in the wheelchair. 

Non-frontal images are distorted and some parts of 

the face may even be invisible. These facts make 

detection of facial gestures extremely difficult. 

Dealing with non-frontal facial images taken from 

underneath of a person is very uncommon and rarely 

addressed. The autonomous wheelchair with an 

installed camera for the monitoring system and a 

sample of the picture that is taken by the camera, are 

shown in Figure 2. 

 

3.2 Facial Gestures 
 Generally, facial gestures are caused by the 

action of one or several facial muscles. This fact 

along with the great natural variability of the human 

face makes the general task of classifying facial 

gestures difficult. Facial Action Coding System 

(FACS), a comprehensive system that classifies 

facial gestures was proposed in [13]. The approach is 

based on classifying clearly visible changes on a face 

and ignoring invisible or subtly visible changes. It 

classifies a facial gesture using a concept of Action 

Unit (AU), which represents a visible change in the 

appearance on some area of the face. Over 7000 

possible facial gestures were classified by [12]. It is 

beyond the scope of this work to deal with this full 

spectrum of facial gestures. 

 In this work, a facial gesture is defined as a 

consistent and unique facial expression that has some 

meaning in the context of application. The human 

face is represented as a set of contours of various 

distinguishable facial features that can be detected in 

the image of the face. Naturally, as the face changes 

its expression, contours of some facial features may 

change their shapes, some facial features may 

disappear, and some new facial features may appear 

on the face. Hence, in the context of the monitoring 

system, the facial gesture is defined as a set of 

contours of facial features, which uniquely identify a 

consistent and unique facial expression that has some 

meaning for the application. It is desirable to use a 

constant set of facial features to identify the facial 

gesture. Obviously, there are a lot of possibilities in 

selecting facial features, whose contours define the 

facial gesture. However, selected facial gestures 

should be easily and consistently detectable. Taking 

into consideration the fact that the most prominent 

and noticeable facial features are the eyes and mouth, 

the facial gestures produced by the eyes and mouth 

are most suitable for usage in the system. Therefore, 

only contours of the eyes and mouth are considered 

in this research. Facial gestures formed by only the 

usage of the eyes and mouth, are a small subset of all 

facial gestures that can be produced by a human. 

Hence, many gestures cannot be classified using this 

approach. However, it is assumed that the facial 

gestures that have some meaning for the monitoring 

system differ in the contours of the eyes and mouth. 

Hence, this subset is enough for the purpose of this 

research, namely a feasibility study. 

 

3.3 System Design 
 Conceptually, the algorithm behind the facial 

gesture detection has three stages: (1) detection of 

the eyes and mouth in the image and obtaining their 

contours; (2) conversion of contours of facial 

features to a compact representation that describes 

the shapes of contours; and (3) classification of 

contour shapes into categories representing facial 

gestures. This section proceeds to briefly describe 

these stages; the rest of the chapter discusses these 

stages in more details. 

 In the first stage, the algorithm of the monitoring 

system detects the eyes and mouth in the input image 

and obtains their contours. In this work, the modified 

AAM algorithm, first proposed in [35] and later 

modified in [33], is used. The AAM algorithm is a 

statistical, deformable model-based algorithm, 

typically used to fit a previously trained model into 

an input image. One of the advantages of the AAM 

and similar algorithms is their ability to handle 

variability in the shape and the appearance of the 

modeled object due to prior knowledge. In this work, 

the AAM algorithm successfully obtains contours of 

the eyes and mouth in non-frontal images of 

individuals of different gender, race, facial 

expression, and head pose. Some of these individuals 

wore eyeglasses. 

 In the second stage, contours of facial features 

obtained in the first stage are converted to a 

representation suitable for the classification to 

categories by a classification algorithm. Due to 

movements of the head, contours, obtained in the 

first stage, are at different locations in the image, 

have different sizes and are usually rotated at 

different angles. Moreover, due to non-perfect 

detection, a smooth original contour becomes rough 

after detection. These factors make classification of 

contours using homography difficult. In order to 

perform robust classification of contours, a post 

processing stage is needed. The result of post 

processing should produce a contour representation, 

which is invariant to rotation, scaling and translation.  

 To overcome non-perfect detection, such a 

representation should be insensitive to small, local 

changes of a contour. In addition, to improve the 

robustness of the classification, the representation 

should capture the major shape information only and 

ignore fine contour details that are irrelevant for the 

classification. In this work, Fourier descriptors, 



 

  
 

Figure 2: (a) The autonomous wheelchair [left]. (b) Sample of picture taken by face camera [right]. 

 

first proposed in [39], are used. Several 

comparisons [41, 26, 28, 23] show that Fourier 

descriptors 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 drawback of Fourier 

descriptors is their inability to capture all contour 

details with a representation of a finite size. To 

overcome non-perfect 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 detail 

that can be represented using this method is easily 

controlled.  

 In the third stage, contours are classified 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 generally 

referred in the literature as a training set. In this 

research, the k-Nearest Neighbors classifier [15] 

was used.  

 

3.4 Active Appearance Models (AAMs) 
 This section presents the main ideas behind 

AAMs, first proposed by Taylor et al. [35]. AAM is 

a combined model-based 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 model is 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 the image 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 

triangulated mesh that may vary linearly. In other 

words, any shape s can be expressed as a base 

shape  plus a linear combination of m basis 

shapes : 

 

 
 The texture of an AAM is the pattern of 

intensities or colors across an image patch, which is 

also, may vary linearly, i.e. the appearance A can 

be expressed as a base appearance  plus a linear 

combination of  basis appearance images : 

 

 
 

 The fitting of AAM to an input image I can be 

expressed as minimization of the function: 

 

 
 

simultaneously with respect to shape and 

appearance parameters and , A is of the form 

described in Equation 2; F is an error norm function, 

W is a piecewise affine warp from a shape s to . 

The resulting set of shape parameters define 

contours of the eyes and mouth that were matched 

to the input image. 

 In general, the problem of optimization of the 

function presented in Equation 3 is non-linear in 



 

terms of shape and appearance parameters and  

can be solved using any available method of 

numeric optimization. Cootes et al. [10] proposed 

an iterative optimization algorithm and suggested 

multi-resolution models to improve the robustness 

and speed of model matching. According to this 

idea, in order to build the multi-resolution 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 separate AAM is 

created. This set of AAMs is multi-resolution AAM 

with k levels. The matching of the multi-resolution 

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 multi-resolution 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 multi-resolution 

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 

account 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 of all observed variation. The best way 

to achieve this 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 analysis [17], and then, 

processed using PCA analysis [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 variation, training images are first 

normalized by warping the training shape to the 

base shape , and then, PCA analysis is performed 

in order to obtain l 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 modified version of AAM, 

proposed by Stegmann [33], is used. The 

modifications of original AAMs that were used in 

the current work are summarized in the following 

subsections. 

 

3.4.1 Increased Texture Specificity 
 As described above, the accuracy of AAM 

matching is greatly 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; it has no way to discover 

boundaries of an object with a uniform texture. To 

overcome this drawback, Stegmann [33] suggested 

the inclusion of a small region outside the object. 

Assuming that there is a difference between the 

texture of the object and background, 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 of the algorithm. In 

this work, a strip that is one pixel wide around the 

original boundary of the object, as suggested in [33], 

is used. 

 

3.4.2 Robust Similarity Measure 
 According to Equation 3, 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 equation. The quadratic error norm, also 

known as least squares norm or norm, is one of 

the most popular among the many possible choices 

of error norm. It is defined as: 

 

 
 

where e is the difference between the image and 

reconstructed model. Due to the fast growth of 

function , the quadratic error norm is very 

sensitive to outliers, and thus, can affect the 

performance of the algorithm. Stegmann [33] 

suggested the usage of the Lorentzian estimator, 

which was first proposed by Black and Rangarajan 

[8], and defined as: 

 

 
 

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. The Lorentzian 

estimator grows much slower than a quadratic 

function, and thus, it is less sensitive to outliers and 

hence it is used in this research. According to 

Stegmann [33], the value of  is taken equal to 

the standard deviation of appearance variation. 

 

3.4.3 Initialization 
 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 far from 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. Stegmann [33] 

proposed a technique to find the initial placement of 

a model that does not depend on the application. 

The idea is to test 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 optimization 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 produces good 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 scale from 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 applications requiring 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 real-time monitoring the user. 

 

3.4.4 Fine Tuning The Model Fit 
 The usage of prior knowledge when 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 training [33]. However, 

it is reasonable to assume that the result produced 

during the matching of the model to the image, is 

close to the optimum [33]. Therefore, to improve 

the matching of the model, Stegmann [33] 

suggested the application of a general-purpose 

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, Stegmann [33] 

suggested the usage of a simulated annealing 

optimization technique, which was first proposed 

by Kirkpatrick et al. [24], a random-sampling 

optimization method that is more likely to avoid 

local minimum and hence it is used in this research. 

 Due to space considerations, the detailed 

description of the application of the algorithm in 

this work has been omitted; the reader is referred to 

[14] for more details. 

 

3.5 Fourier Descriptors 
 The contours produced by AAM algorithm at 

the previous stage are not suitable 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 of shape 

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 Roskies [39], are used. 

Fourier descriptors provide compact shape 

representation, and outperform many other 

descriptors in terms of accuracy and efficiency [23, 

26, 28, 41]. Moreover, Fourier descriptors are not 

computationally expensive and can be computed in 

real time. The performance of the Fourier 

descriptors algorithm is because it processes 

contours in the frequency domain, and it is much 

easier to obtain 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 this 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 is a one-

dimensional function, representing two-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 signature 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 shape signature, are translation 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 contour, 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. Zhang and Lu [40] 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 

result.  

 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 of the 

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 real-valued function are conjugate 

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 information and ignore 

fine shape details and boundary noise. As a result, a 

compact shape representation is produced, which is 

invariant under translation, rotation, scaling, and 

insensitive to noise. Such a representation is 

appropriate 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 system is 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 data and predict 

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 Lu [40] 

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 k-Nearest Neighbors which was first 

proposed by Fix and Hodges [15], is used. 

 The general idea of the method is to 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 selected. 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 samples can be 

defined in many ways. In this research, Euclidean 

distance is used as a distance measure. 

 The process of training of k-Nearest Neighbors 

is simply caching of training samples in internal 

data structures. Such an approach is also called in 

the literature, as lazy learning [3]. To optimize the 

search of nearest neighbors some sophisticated data 

structures, e.g. Kd-trees [5], might be used. The 

process of classification is simply finding the k 

nearest, cached training samples, and deciding the 

category of the 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 performance 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 values of 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 rate and false positive 

recognition rate (e.g. initialization step of AAM 

algorithm, choice of 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 finding 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 classifier are obtained. The 

obtained configuration is used to compare the 

performance of several classifiers and check the 

influence of adding shape elongation of eyes and 



 

mouth on the performance of the whole algorithm. 

In addition, this configuration is 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 spurious images will still 

produce the best results when the classifier is 

engaged. 

 Both the AAM and k-Nearest Neighbors 

algorithms do not have the ability to reject spurious 

samples automatically. However, the algorithm 

proposed in this work should be able to reject the 

facial gestures that are not considered as having 

special meaning and therefore not trained. To reject 

such samples, the confidence measures (similarity 

measure for the AAM algorithm; the shortest 

distance to training sample for k-Nearest Neighbors 

algorithm) should be evaluated to determine if the 

sample is likely to contain the valid gesture. The 

performance of such classification has a great 

impact on the performance of the whole algorithm. 

It is clear that any classifier will inevitably reject 

some valid images and classify some of the 

spurious images as valid. The classifier used in this 

work consists of two parts: the first part classifies 

the matches obtained by the AAM algorithm; the 

second part classifies the results obtained by the k-

Nearest Neighbors classifiers. These parts are 

independent of each other and trained separately. 

 In this work, the problem of classifying 

spurious images is solved by analyzing the 

distribution of the values of confidence measures of 

valid images and classifying the images using 

simple thresholding. First, the part of the classifier 

that deals with results of the AAM algorithm is 

tuned. The results produced by the first part of the 

classifier are used to tune the second part of the 

classifier. While such an approach does not always 

provide the best results, it is extremely simple and 

computationally efficient. Some ideas to improve 

the classifier are described in 

Section 5. For details on the tuning of the spurious 

image classifier, the reader is referred to Section 4. 

 Section 4 describes the process of selecting the 

optimal values of the parameters, which influence 

the performance of the algorithm. Due to the great 

number of such parameters and range of their 

values, testing of all possible combinations of 

values of the parameters goes beyond the scope of 

this research. In this research, the initialization step 

for the AAM algorithm, number of images for the 

training of the shape classifier, type of the shape 

classifier, and usage of shape elongation has been 

tested. It was found that the initialization step of 

20Ĭ20, usage of shape elongations along with 

Fourier descriptors, k Nearest Neighbors classifier 

as a shape classifier with 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 parameters, the reader is referred 

to Section 4. 

 

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 goal of the 

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 using their eyes 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 specificity of the 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 in the wheelchair, 

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 control. This fact 

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 

laboratory. 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 the autonomous 

wheelchair, and their images were taken by the 

camera mounted on the wheelchair 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 experiment 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 

volunteers of different 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 3. The task of selecting proper 

facial gestures for the facial gesture recognition 

algorithm 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 chapter 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 volunteers 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 expressions produced 

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 

image at a resolution of 1024Ĭ768 pixels. For each 

volunteer and each facial image in the resulting set 

is acceptable for further processing. Blinking, for 

example, confuses the system because closed eyes 

are part of a separate gesture. In addition, due to 

limited field of view of the camera, accidental 

movements may cause the eyes or mouth to be 

occluded. Such images can not be processed by the 

system because the system requires both eyes and 

the entire mouth be clearly visible in order to 

recognize the facial gesture. These limitations are 

not an inherent drawback of the system. Blinking, 

for instance, can be overcome by careful selection 

of facial gestures. Out of a resulting set of 10000 

images, 9140 images were manually selected for 

training and testing of the algorithm. Similarly, to 

test the algorithm for false positive rate, each of 

five volunteers produced 100 facial gestures. Out of 

a resulting set of 500 images, 440 images were 

selected manually for testing of the algorithm. The 

images that were used in this work are available at 

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

 

  

  

  

  

  
Figure 3: Facial gestures recognized by the system. 

 

4.2 Training Of The System 
 The task of training the system consists of two 

parts. First, the system is trained to detect contours 

of the eyes and mouth of a person sitting in the 

wheelchair. Then, the system is trained to classify 

the contours of the eyes and mouth to facial 

gestures. Generally, training of both parts can be 

performed independently, using manually marked 

images. However, in order to speed up the training 

and achieve better results, the training of the second 

part is performed, using results obtained by the first 

part. In other words, the first stage is trained using 

manually marked images; the second stage is 

trained using contours, which are produced as a 

result of the processing of input set of images by 

the first part. This approach produces better final 

results because the training of the second stage is 

performed, using real examples of contours. The 

training, using real examples that may be 

encountered as input, generally produces better 

results than using manually or synthetically 

produced examples, because it is impossible to 

accurately 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. In this 

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 

results 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 volunteers 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 input image is also performed 

independently for each model, and the result of the 

algorithm is a model that produces the best fit to the 

input image. Generally, the algorithm that uses 

more trained models tends to produce better results 

due to more accurate modeling 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 techniques 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 modeling, 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 eyes and 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 are placed 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 fact, this 

represents the target application. 

 Each AAM is built as a five level multi-

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 the volunteerôs face in 

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 fitting 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 model in 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 large grid has a low 

computational cost, but leads to poor fitting results. 

In this research, the optimal size of the grid was 

empirically determined to be 20Ĭ20. In other words, 

the initialization grid, placed on the input image, 

has 20 locations in width and 20 locations 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 shape 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 facial 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 samples and tries to predict the 

category of input samples using the learned 

information. In this research, the k-Nearest 

Neighbors classifier is used for shape classification. 

This classifier classifies input samples according to 

the closest k samples from the training 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 k, 

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 

usually produce better 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. Then, Fourier 

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 to train the classifier. The remaining 

vectors are used to test the performance of the 

classifier. 

 The k-Nearest Neighbors classifier can not 

reject shapes obtained from spurious images. To 

reject the spurious shapes, the statistics on the 

closest distance of the input sample to the training 

set of valid images and 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 in [33], is 

used. To classify the shapes, the k-Nearest 

Neighbors classifier implementation of OpenCV 

Library [31] was used. 

 The input 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 4. Then, 

Fourier descriptors of each contour were obtained 

and combined to a single vector, 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 algorithm 

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 

rejected 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 are denoted 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 represents the 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 gestures in the 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 0 509 68 0 0 16 1 4 1 2 

c 3 1 601 0 1 2 4 8 2 3 

d 6 0 2 432 0 0 3 0 1 11 

e 0 0 2 7 425 2 2 1 0 4 

f 0 2 6 0 0 628 2 3 2 1 

g 0 1 6 1 3 0 635 2 1 3 

h 0 0 5 1 1 10 0 642 0 0 

i 8 0 6 1 0 9 5 1 528 47 

j 2 1 0 13 4 0 2 1 2 644 

 

Table 2: Spurious images classification results 

 

a b c d e f g h i j 

0 0 2 3 4 12 2 4 0 0 

 

Table 3: Images Rejected by the algorithm 

 

a b c d e f g h i j 

9 27 30 95 109 41 20 15 30 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 


