
 

 
 

 

 

 

 

Title Drowsiness Detection Based on 
Gegenbauer Features 

 
 
Name Xiaoliang Zhang 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
This is a digitised version of a dissertation submitted to the University of 
Bedfordshire. 

It is available to view only. 

This item is subject to copyright. 



 

 

 

       

 

 

 

 

 

  

 

 

 

 

 

 

             

        

 

 

   

Drowsiness Detection Based On Gegenbauer Features 

Xiaoliang Zhang 

A thesis submitted to the University of Bedfordshire, in partial fulfillment of the 

requirements for the degree of Doctor of Philosophy 

March 2008 



      

  

 

 

 

        

           

          

          

            

           

          

             

            

             

            

             

            

           

            

              

            

             

            

            

             

             

           

           

Drowsiness detection based on Gegenbauer features 

ABSTRACT 

According to National Highway Traffic Safety Administration’s (NHTSA) 

official reports, many traffic accidents have been caused due to drivers’ 

drowsiness. Previous work based on computer vision techniques achieved 

drowsiness detection, usually with special hardware that depended on laboratory 

environments. To overcome limitations of these approaches, a natural light based 

surveillance system is proposed. The system achieves drowsiness detection in 

three stages: face segmentation, drowsiness feature extraction and classification. 

To segment faces, a simplified skin colour model is developed to compute colour 

distance maps from original facial images. Candidate faces are located using 

colour distance maps in conjunction with centres of gravity of individual faces. 

Gegenbauer features are then applied to capture shape information that is related 

to drowsiness. The computation of these features is based on moments derived 

from coefficients of Gegenbauer polynomials. To detect the behaviour of a 

subject, image sequences of his/her face are classified into drowsy and non-

drowsy states by a Hidden Markov Model using Gegenbauer features. A 

sequence is classified as drowsy if the number of drowsy states in the Hidden 

Markov Model reaches a pre-defined threshold. To evaluate the proposed system, 

experiments are conducted using 65 video clips that contained a mixture of 54 

drowsy and 11 non-drowsy behaviours. The proposed system detected 47 drowsy 

behaviours from these video clips successfully, and thus resulting in a detection 

rate of 87%. This proposed system is independent of infrared illuminators that 

were found to be unreliable in previous systems. Furthermore, the new system 

deploys multiple facial features and presents a more accurate description of 

drowsiness rather than a single facial feature proposed by previous authors. 
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Chapter 1. Introduction 

CHAPTER 1: INTRODUCTION 

1.1 Background 

According to the National Highway Traffic Safety Administration’s estimation, 

100,000 police-reported crashes are the direct result of driver fatigue each year 

(Strohl et al., 2003). This has resulted in an estimated 1,550 deaths and 71,000 

injuries. An active surveillance system that could effectively prevent drowsy 

driving at the wheel would contribute to a large reduction in fatal and injury 

causing accidents. 

Visual analysis of human activities is currently one of the most active subjects in 

computer vision. This is driven by a wide range of promising applications in 

many research areas such as virtual reality, perceptual interface, motion-based 

diagnosis and smart surveillance (Hampapur et al., 2003) etc. These applications 

normally include feature extraction processes that extract important information 

from original videos, followed by classification processes that classify features 

into categories. A certain activity is considered to be detected if the features fall 

in a corresponding category. These processes have advantages over traditional 

video surveillance systems (CCTV), because they have the ability to respond to 

suspicious behaviours automatically. 
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Chapter 1. Introduction 

Previous research has identified several approaches to drowsiness monitoring 

systems with sensor based techniques. However, such have been known to posses 

some inherent disadvantages over vision-based techniques. For instance, the 

sensor fusion based system by Elena et al. (2004) used multiple sensors to study 

drivers’ drowsiness. These sensors were fixed to the upper body of drivers, and 

thus making it uncomfortable during the operation of vehicles. Experiments 

conducted on the system in operation on four individuals showed a poor 

drowsiness detection rate. Furthermore, sensor based approach is very hardware 

dependent and are not easy to setup. Therefore, a surveillance system based on 

visual analysis techniques has been regarded as an ideal solution to monitoring 

driving drowsiness (Li et al., 2005). 

Others have devoted their work to develop drowsy driving detection systems 

using machine vision techniques (Gu et al., 2002; Gu and Ji, 2004; Edenborough 

et al., 2005; Itoh et al., 2005; Li et al., 2005; Wang and Shi, 2005.). Most of the 

previous research is focused on the analysis of the eye pupil movements. These 

systems used infrared cameras based on the ‘red eye effect’ that helped to track 

the pupils. Although an infrared camera can capture a clear image in a dark 

environment, it usually loses most of its features under sufficient lighting 

environments, especially with very bright illumination (Zhu et al., 2002). This 

had the effect of reducing the accuracy of the infrared approaches with 

sufficient/strong natural light. Previous research (Strohl et al., 2003) found that 

the drowsiness related traffic accidents occur mainly at two time durations in a 

day, morning hours and mid-afternoon lunch time. Both of the car crash peaks 

2 



   

  

           

            

          

 

          

              

             

            

           

           

               

             

          

           

    

 

     

             

       

           

   

          

          

    

Chapter 1. Introduction 

occur at time when there is strong/sufficient natural illumination, which seriously 

decrease the accuracy of infrared devices. Therefore, the infrared approaches are 

not reliable for drowsiness detection under these circumstances in practice. 

An innovative system that works well under sufficient/strong natural illumination 

will increase the detection rate during daytime and hence can be used to estimate 

driver behaviours in the car. To develop such a system, natural illumination 

cameras will be adopted and the corresponding visual analysis techniques will be 

needed. While many researches focus on detecting drowsiness by analysing 

individual facial behaviour, e.g., eye movement (Perez et al., 2003), head 

movement (Gu et al., 2002) and yawning (Wang and Shi, 2005). Heitmann et al. 

(2001) found that a single measure was not sensitive or reliable enough for 

descript driver drowsiness and suggested hybrid system to integrate multiple 

measurements. Hence, a system that integrates multiple facial behaviours will 

also increase detection accuracy. 

1.2 Motivation of this work 

i. To overcome the limitation of existing systems, which are not reliable to 

detect drowsiness behaviours under natural lighting environment. 

ii. To provide a more accurate definition for drowsiness behaviour using 

multiple facial features. 

iii. To develop improved face segmentation, facial feature extraction and 

classification techniques, that can be used in similar computer vision 

systems in the future. 

3 
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1.3 Aim and objectives 

The aims: 

i. Design a drowsiness detection system that functions under natural 

illumination conditions. 

ii. Achieve drowsiness detection by analysing a combination of multiple 

facial features, including eye blinking/closure and mouth 

yawning/opening. 

The objectives: 

The general objective is to investigate, analyse, design and develop a system 

prototype, that detects drowsiness based on eye blinking and mouth yawning. The 

main requirement for such a prototype is to develop a complete system that has 

the ability to perform following functions: 

i. Image acquisition: Capture input image sequences. 

ii. Image Segmentation: Separates eyes and mouth regions from background. 

iii. Feature extraction: Extract key elements/properties from images. 

iv. Classification: Classify the features into drowsy/normal categories. 

v. Warning: Generate a warning according to classification results. 

Detail objectives may be summarized as follows: 

i. Capture driving image sequences using a natural illumination camera. 
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Chapter 1. Introduction 

ii. Develop face segmentation technique to separate driver’s facial parts 

from surroundings, which will effectively reduce subsequent distractions 

and unnecessary computation in the process. 

iii. Extract important features from the facial parts by developing a feature 

extraction method, which is capable of capturing geometrical properties 

of objects. 

iv. Design a classifier that is capable of time-series data analysis, and 

suitable of classifying features extracted from facial part images. 

v. Develop an integrated program that can execute and analyse the 

drowsiness detection function timely. 

1.4 Research methodology 

This work adopts the Dynamic System Development Method (DSDM), aims to 

develop a new drowsiness detection system based on a vision analysis system 

framework. The development of such a system is in five stages: 

i. Background study and problem analysis: Drowsiness detection systems 

are studied with existing approaches. The problem of the research is 

defined with proposed aims and objectives. 

ii. Previous systems review and framework designation: previous work and 

techniques related to drowsiness detection are reviewed. Smart 

surveillance system framework is chosen for this project. 

iii. System design: A drowsiness behaviours detection system is built based 

on the smart surveillance system framework. Computer vision 
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Chapter 1. Introduction 

techniques used in the framework are improved according to the 

requirement of this work. 

iv. System test: experiments are carried out for the proposed drowsiness 

detection system. System parameters are calculated. System 

performance is evaluated by experimental results. 

v. System implementation: a computer program is developed based on the 

proposed drowsiness detection system prototype. The program is 

presented as an integrated application environment. 

1.5 Thesis organisation 

Chapter 2 reviews previous work for the techniques used in this project. The 

basic concepts are introduced briefly. Three important techniques, which are 

Gegenbauer moment method, face detection and facial behaviours classification, 

are reviewed with their previous applications. 

Chapter 3 develops a colour distance and centre of gravity based face 

segmentation method. A colour distance map is formed from the input image 

based on a simplified human skin colour model. The candidate face is roughly 

located by searching the colour distance map. Then, the accurate location is 

calculated using the facial feature centres calculated via the centre of gravity 

method. 

Chapter 4 introduces the Gegenbauer feature extraction method and the 

development of the concept of an observation vector. The extracted facial parts 
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are processed by Gegenbauer moment method and their corresponding moments 

are calculated. These moments are used to construct a set of invariants based on 

moment invariant method. Then, the Gegenbauer distances are defined using 

moment invariants. Finally, the observation vectors are calculated using the 

distances. 

Chapter 5 discusses the development of a Hidden Markov model (HMM) 

according to input Gegenbauer observation vectors. This HMM accepts a 2-D 

Gegenbauer observation vectors and it is used to compute states of drowsiness 

based on Viterbi algorithm A specific forward-backward calculation method is 

presented to calculate the required partial probabilities to train the presented 

hidden Markov model parameters. 

Chapter 6 presents experimental results of the proposed drowsiness detection 

system. Parameters of the skin colour model are computed using the sample 

images. A comparison of the face detection techniques with previous ones is 

presented. Gegenbauer moment invariant method is analysed using Euclidean 

distances between segmented facial part images. Gegenbauer observation vector 

sequences of experiments involving video clips are processed using the developed 

HMM. Finally, the performance of the drowsiness detection system is evaluated 

using sixty five pre-record driving videos. 

Chapter 7 summarises the research and makes suggestions for further work. 
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CHAPTER 2: LITERATURE REVIEW 

This chapter introduces the background knowledge and concepts applied in this 

work. Important techniques concerning previous work are reviewed. 

2.1 Background knowledge 

2.1.1 Smart surveillance 

To detect and understand human behaviours, a surveillance system must have the 

ability to react to video changes. Most of existing video surveillance systems 

provides the function only to capture, store and distribute video, while leaving the 

task of activity detection to human operators. Human monitoring of surveillance 

video is a very labour-intensive task. The ability to hold attention and to react to 

rarely occurring events is extremely demanding and prone to errors due to lapses 

in attention. Furthermore, studies have demonstrated that manually detecting 

events in surveillance video would not support an effective security system 

(Hampapur et al., 2003). 

Smart surveillance systems aim to detect user defined behaviours timely by 

analysing online videos, or mining certain incidents in the pre-stored offline 

surveillance videos to present the user a smaller quantity of data to be investigated 

manually. Smart surveillance systems provide a number of advantages over 

traditional video surveillance systems. Smart surveillance systems move the 
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traditional surveillance systems from an investigative stage to a preventive stage 

(Chang et al., 2003; Foresti et al., 2004; Abdelkader et al., 2006.). Traditional 

surveillance videos are used as backup for record. On the other hand, smart 

surveillance are used to achieve timely alerts. Furthermore, smart surveillance 

techniques can effectively reduce data redundancy through content based video 

recording (Wanderley and Danna, 2002; Liu, 2004; Hosur and Carrasco, 2005.). 

For instance, a vigilance system based on motion detection techniques can record 

specified scenes only when there is a moving object within it. A smart 

surveillance system (Hu et al., 2004) usually consists of two parts, a vigilance part 

followed by a behaviour analysis process. The vigilance part involves capturing 

image sequences/video clips with an optical device, such as a charge-coupled 

device (CCD) camera, a camcorder, a laser ray device or an infrared device. It 

also involves image/video processing such as object segmentation and tracking. 

The behaviour analysis process is intended to classify captured data into different 

categories. Certain behaviour is considered to be detected if the vigilance data fall 

into according category. The design of the drowsiness detection system in this 

work is based on the framework of smart surveillance systems. Video sequences 

are captured with a low-cost camera. The resulting images are feature extracted 

and finally classified. These can be achieved by using image processing 

techniques. 

2.1.2 Image processing 

Image processing is an important stage of almost all vision based systems. 

Various operations are implemented in this stage. These operations can be 
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roughly divided into three major categories, image restoration, image 

enhancement and segmentation. Image restoration attempts to recreate original 

images from corrupted or noised images. It is often used to remove sensor noise 

due to a bad illumination. Image defects which could be caused by the 

digitization process or by faults in the imaging set-up can be corrected using 

image enhancement techniques. For example, the contrast and brightness of an 

image can be adjusted using image enhancement techniques. Once the image is 

restored and enhanced, the segmentation operations can be used to obtain useful 

contents from the image. The contents often include edges and the distribution of 

the (visible areas) of objects. (Pratt, 2001) All these operations are usually 

implemented with discrete convolution processes using different kernels. 

However, their basic aims are to make preparations for feature extraction. For the 

purpose of classification, it is appropriate to use feature extraction to reduce the 

bulk of information that might be required for analyses. 

2.1.3 Feature extraction and moment invariants 

Feature extraction is a data mapping from a higher to a lower dimensional space. 

It has been shown that redundant information can be removed and the 

classification result will be more reliable in the reduced subspace ( Martinez and 

Zhu, 2005; Hild et al., 2006; Zhang and Gruenwald, 2006). Feature extraction is 

a process to generate a new and smaller feature set by combining the original 

features. 
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The idea of using moment features in recognition gained prominence when Hu 

(1962) derived a set of algebraic invariants. It is used to analyse physical 

properties of graphical objects. It has been used in various applications due to its 

invariance to translation, scale changes and rotations (Yau et al., 2006). In 

moment based analysis, properties of graphical objects can be expressed by 

simple numerical expressions (moment invariants) and thus reduces the storage 

and classification cost (Yoon and Jo, 2003). Moment based feature extraction 

methods are different from other feature extraction methods because they capture 

global properties of objects rather than the local ones (Liao et al., 2002). This 

nature of uniqueness makes moment invariant an ideal candidate in pattern 

recognition as it allows the target object to be investigated as a whole instead of 

fragments. In their paper, Rajasekaran and Raj (2004) found that the moment-

based feature extractor exhibited a strong capability to recognise patterns. 

From the point of view of pattern recognition, moment invariants are considered 

reliable features since they are insensitive to image noise (Amayeh et al., 2006). 

It is well known that, in principle, most of the image information can be captured 

by using a sufficient large number of image moments. Apart from the moment 

developed by Hu (1962), others have subsequently derived other forms of 

moments, such as the Legendre moments, the Zernike moments, the Rational 

moments and Complex moments (Teh and Chin, 1988). These moment invariants 

are evaluated by three criteria, which are noise sensitivity, information 

redundancy and image representation accuracy. Their work has been the 

inspiration of widely used moment-based methods in pattern recognition. 
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Some of important applications of moment invariants include optical character 

recognition (OCR) (Kan and Srinath, 2001; Liu and Marukawa, 2004; Li et al., 

2006.) and visual measurements (Lyvers et al., 1989). The successful 

applications of moment methods in Gesture Recognition (sign language) is a 

proof of its potential capability in motion recognition as reported by Ng and 

Ranganath (2000), Sharma et al. (2000) and Shan et al. (2004). The use of 

moment methods has been extended to extract features from images of other body 

parts (Bradski and Davis, 2000, Shutler et al., 2000). More importantly, Zhu et al. 

(2000) built a human facial expression recognition system with four standard 

expressions based on moment method, which demonstrated the strength of 

moment invariants in facial feature extraction. With respect to this work, moment 

invariants are used to extract features from human faces. It is interesting to note 

that, due to convolution filters applied to images; discontinuities can occur and 

cause the geometrical information in the results to be incomplete. To solve this 

problem, it is necessary to investigate solutions to these discontinuities. The 

following section addresses methods used to resolve discontinuities in images. 

2.2 Related work in Gegenbauer method 

2.2.1 Gibbs phenomenon 

The Fourier series is a representation of continuous-time, periodic function in 

terms of complex exponentials. Discontinuous signals may have a Fourier series 

representation so long as there are finite number of discontinuities (Gottlieb and 
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Shu, 1997). It is not possible to represent a discontinuous function exactly.  

However, discontinuous functions can be approximately represented with wiggles 

around discontinuous points.  Note that, though the number of Fourier coefficients 

can be increased to infinity, the wiggles can not disappear entirely. 

  

Figure.2.1 Gibbs phenomenon around the discontinuous points  

 

This inability to reconstruct discontinuities results in Gibbs phenomenon as shown 

in Figure 2.1. Gibbs phenomenon has been considered as one of the major 

drawbacks in many different research domains (Gelb, 2000).  Consider a periodic 

piecewise smooth function for which the spectral coefficient are given (e.g. 

Fourier coefficient), the reconstruction result for piecewise smooth function is 

poor due to Gibbs phenomenon.  In this work, the Gibbs phenomenon is 

conducted to substantiate the evidences of Gegenbauer polynomials as a tool to 

extract facial data in the mist of discontinuities. 
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2.2.2 Gegenbauer reconstruction method 

The work of Gottlieb and Shu (1997) might be the first publication in which 

Gegenbauer polynomials were introduced to resolve the Gibbs Phenomenon in 

mathematics. They presented a procedure to remove Gibbs Phenomenon, which 

requires previous knowledge of spectral coefficients, for example, Fourier 

coefficients. However, Gegenbauer reconstruction method was developed not 

only for recovering functions from the Fourier spectral coefficients, but also from 

other spectral coefficients, such as Chebyshev coefficients (Sarra, 2003). This 

makes the Gegenbauer method capable for a large class of applications. 

One of the main criticisms of Gegenbauer reconstruction method is the high cost 

of computing the Gegenbauer coefficient. To this end, Gelb's work (2000) 

presented a hybrid approach for Gegenbauer reconstruction method, which has the 

benefit of less computation of coefficients with high-resolution properties. The 

hybrid approach has two parts: 

i. Implement exponential filtering method for Fourier Partial sum in 

smooth regions. 

ii. Implement Gegenbauer reconstruction method in regions close to the 

discontinuities. 

In this way, the computation cost of Gegenbauer Method is reduced without lose 

of accuracy. The hybrid approach requires previous knowledge of the locations of 

discontinuities. Discontinuous points should be detected before the Gegenbauer 

reconstruction method is implemented. 
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Because Gegenbauer reconstruction method needs previous knowledge of spectral 

coefficients, it is often used for post-processing as in the paper presented by 

Driscoll and Fornberg (2001) in which a Fourier approximation was implemented 

and followed by a Gegenbauer reconstruction procedure to reduce the Gibbs 

phenomenon. Similarly, Sarra (2003) used Chebyshev coefficients instead of 

Fourier coefficients to represent the original function for Gegenbauer 

reconstruction method. These previous work demonstrated the recovery 

capability of Gegenbauer polynomials at discontinuities. 

Gegenbauer method has also been employed in image reconstruction. Archibald 

et al. (2003) used Gegenbauer reconstruction method to reduce the Gibbs ringing 

in MRI (Magnetic Resonance Imaging) scan to keep the tissue boundary in the 

reconstructed images. This work has been achieved by using Gelb’s previous 

work (Gelb, 2000). Their later work (Archibald et al., 2004) presented an 

application of Gegenbauer reconstruction method in improving MRI image 

segmentation accuracy. Another work of Archibald and Gelb, (2002) has been 

devoted to reconstruct images that contain noise. Their result demonstrated that 

the Gegenbauer reconstruction method was not only effective for reconstructing to 

overcome Gibbs phenomenon, but also robust in the presence of noise. These 

previous applications used Gegenbauer polynomials in reconstructing 

discontinuities. The work of this thesis adsorbs a similar concept to construct 

moment features using Gegenbauer polynomials. 
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2.2.3 Gegenbauer moment 

The works of Archibald, et al. (2002, 2003) has shown Gegenbauer polynomials’ 

strong abilities to recover discontinuities and tolerance to noise. This property 

can be applied to pattern recognition, especially at edges of images where high 

spatial frequencies occur. Thus, it can be useful for feature extraction. To 

construct features using Gegenbauer coefficients, the moment invariant method is 

employed. There are two steps to extract Gegenbauer moment from target images. 

The first is to compute Gegenbauer coefficients from 2-D images. These 

coefficients are then used to compute Gegenbauer moments of different orders. 

According to the work of Zhang et al. (2005), properties of Gegenbauer moments 

can be summarised as: 

i. The geometric transformation (including rotations and translations) of a 

same object will not influence the invariant of Gegenbauer moment. 

ii. Gegenbauer moments are sensitive to changes of shapes, which makes 

them ideal to distinguish objects with slight differences. 

The previous application of Gegenbauer moments in pattern recognition was 

presented by Liao et al. (2002). In their paper, Gegenbauer moment invariants 

were employed as features to represent Chinese characters. Their experimental 

results showed particularly, the ability of Gegenbauer moment invariants for 

distinguishing characters with similar shapes. 

This work hinges on two concepts: The first is the Gegenbauer transformation, 

which is used to compute moments and the second involves the computing of 

invariants from the moments. 
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2.3 Face detection 

Face detection research has been inspired by the premise that the information 

regarding identity, state, and intent can be extracted from images of human faces 

(Adjei and Vella, 2000). The first step of any face processing system is to detect 

the locations in images where faces are present. However, face detection is a 

challenging task because of the variability in scale, location, orientation, 

illumination and pose. Yang et al. (2002) defined face detection as to determine if 

there is any face in a target image, and return the location of each face in the 

image if there is a face. In this research, the focus of face detection is addressed 

by detecting firstly face locations in target images. The aim is to extract image 

regions corresponding to human faces for further processing. In general, face 

detection techniques can be categorised into several categories as discussed in the 

following sections. 

2.3.1 Knowledge-based segmentation 

Knowledge-based method is one of the earliest approaches to face detection. It 

was developed based on the rules from the developer’s knowledge of human faces. 

Although it is easy to come up with some simple expressions to describe the 

features of a face, it is difficult to translate human knowledge into well-defined 

rules. If the rules are strict, it may fail to detect any faces that do not pass all the 

rules. On the contrary, if the rules are too general, it may give false responses. 

The rules of knowledge-based method are usually divided into different levels. 
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Images are investigated though the top general rules to down detail rules. The 

method by Hori et al. (2004), which includes three level rules, is an example 

application of levelled rules searching strategy. In their method, the overall face 

geometric property is used as level 1 rule to search for possible faces. Then the 

face features, such as the mouth and the eyes, are used as level 2 rules to filter out 

the non-face candidates. At last, level 3 rules corresponding to bottom face line 

are applied to the locate face in the images. Instead of locating human faces using 

shapes and edges (of faces), some researchers have used facial parts such as 

eyebrows, eyes, mouth and nose. For example, the unique geometric triangular 

relationship between eyes and mouth is used as detection rules in a work 

presented by Lin and Fan (2000). 

2.3.2 Skin colour-based segmentation 

Following knowledge-based methods, the skin colour method was developed. 

These methods used the unique colour of human skin to detect faces from 

backgrounds. Although features from black-white images could be used to 

recognize faces, the human skin colour is also an effective element for detecting 

faces. Note that, people might have different skin colour, but the major difference 

lies largely between their intensity rather than chrominance (Yang et al., 2002). 

The main issue of skin colour method is to build a skin colour model. YCbCr 

(Chan and Abu, 2004) skin colour model is one of the mostly popular models to 

approach human skin colour. For instance, Chan and Abu (2004) used a simple 

skin colour model in an YCbCr space, where Y is the luminance that corresponds 

to brightness and CbCr is the chrominance that corresponds to colour. Colour 
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thresholds [Cr1, Cr2] and [Cb1,Cb2] are determined from 16 random skin regions. 

A pixel is classified to have a skin tone if its value (i.e. CrCb) falls within the 

ranges as determined by the thresholds. 

The Gaussian skin colour model is another approach for detecting face colours in 

RGB colour space, where r and g are normalised red and green colours and given 

by r=R/(R+B+G), g=G/(R+B+G) in a simple (r,g) space. Satoh and Kanade 

(1999) built a face recognition system to segment and recognise human face from 

TV news videos by using a Gaussian skin colour model in (r,g,b) space instead of 

(r,g) space. They claimed that their research gave more accurate detection rates 

by using another normalized blue colour. However, most Gaussian skin colour 

models are built in (r, g) space (Huang and Trivedi, 2004; Campadelli et al., 

2005). To increase detection accuracy of facial skins in various illumination 

environment, dynamic skin colour model was presented by Sigal et al. (2004) 

based on a Markov model approach. The dynamic skin colour model is designed 

to detect human faces in a smooth changing illumination condition. Experimental 

results showed a better detection rate of dynamic model than static model in 

changing illumination conditions. 

Instead of using skin colour models to detect faces, the colour histogram is also 

used to detect faces in some colour based segmentation techniques. The 

CAMSHIFT face detection method presented by Bradski and Clara (1998) created 

a colour hue model from a colour histogram for face region classification. During 

classification, a colour histogram is calculated for each image. A probability 
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distribution is estimated from the colour histogram for the face detection. The 

problem for CAMSHIFT method is that a colour histogram model has to be 

created for every video clip, which is not flexible for generic face detection. 

2.3.3 Facial feature-based segmentation 

Instead of locating human faces by defining rules or colour chrominance, some 

researchers have tried to locate some invariant features on faces such as eyebrows, 

eyes, mouth, nose and ears. Rurainsky and Eisert (2004) presented method to 

locate faces based on the distance between the centres of eye pupils. A 

deformable template was proposed to locate eyes centres in portrait-like images. 

In their approach, the distance is calculated using a given facial measurement, 

which is an approximation of geometrical ratio between binocular width and the 

length of eye fissures. The main advantage of this approach is that it does not 

require natural face feature templates as in other template matching methods. 

Chen and Bhanu (2004) developed a simple method to locate human ears from 

side portrait images. Firstly, human ears were segmented manually from the 

training images. Following this, the average histograms of the segmented ears 

were computed and used as the ear template. To detect the ear from the side 

portrait image, a template matching method was applied. 

Apart from visual facial features such as eyes, mouth and ears, other local face 

features are also used to detect a face from its background. Chen, et al. (2001) 

employed a local non-negative matrix factorization to present part-based 

components. Each local feature was calculated from a bright component and a 
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dark one. A face detector was then constructed by selecting a small number if 

important features from the local feature set. Another facial feature based 

detection method, that used edge features as detection mechanism has been 

developed by Froba and Kublbeck (2002). 

To improve the accuracy in face detection, simpler face features are combined to 

form a stronger feature in classification process. One of the simplest methods of 

extracting features from human face is roughly identifying rectangular regions 

that represent facial parts. These rough rectangular regions are not accurate 

enough for face detection when used individually, but can be combined together 

to form an accurate feature. Viola and Jones (2004) presented a face detection 

system based on this paradigm known as Adaboost classification method. In their 

system, a ‘weak’ classifier is built for every face rectangular region. These 

‘weak’ classifiers are then combined into a ‘strong’ classifier to detect faces. 

In general, the problem associated with feature-based segmentation is that, 

features can be easily corrupted by illumination, noises and shadows. 

2.3.4 Other face segmentation methods 

Other face detection methods include statistical method (Schneiderman and 

Kanade, 2000; Li and Zhang 2004), which detects faces based on statistical 

characteristics of the human face. Markov face models were also built to detect 

human face based on the theory that the spatial distribution of gray level 

intensities can be modelled using Markov random field. Dass and Jain (2001) 
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presented a Markov face model aimed to provide an initial low-level face 

detection technique that improved efficiency. Terrillon, et al. (2000) developed 

an orthogonal moment method to solve the problem of fully translation, scale and 

in-plane rotation-invariant face detection according to the unique properties of 

moment invariants. Their moment method had the advantage of non-redundancy 

and robustness with noise and the ability to reconstruct the original objects. Ji and 

Yang (2002) presented an infrared illumination face detection method focusing on 

the enhancement of hardware tracking. In their face detection systems, an 

infrared illumination is applied to assist face detection by tracking the eye pupils. 

Then, the face location and pose are estimated by the geometrical relationship of 

the detected pupils. 

2.4 Facial behaviours classification 

The fundamental issue about the facial expression classification is to define a set 

of categories to deal with. (Pantic and Rothkrantz, 2000) Facial expressions can 

be classified by face actions that are related to expressions or the states of some 

facial parts (such as mouth open, eyes close et. al.). For different information 

sources (static images or image videos), a different classification method usually 

focuses on different elements that related to an expression. 

2.4.1 Template matching methods 

Template matching is a popular method in pattern recognition. To build a facial 

expression template, special points are usually labelled manually around localized 
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facial features. However it is very difficult to build a universal facial expression 

template because of the different appearances of human faces (Wang et al., 2003). 

Li and Zhang (2006) utilise a holistic face representation by selecting important 

points on human faces (Figure 2.2 (a)). To match face model onto a target face, 

they manually mark 14 points on the face to represent important facial features. 

All the other vertexes on the model are fitted according to the general geometrical 

knowledge about the human face. The facial regions outside of the model are 

considered as unstable features, which are not included in the expression analysis. 

The expressions are classified by calculating the distant of the target face to the 

matching model. 

(a) (b) (c) 

Figure 2.2 Face models 

(a) (Li and zhang, 2006); (b) (Liao and Cohen, 2005); (c) (Kakumanu and Bourbakis, 2006) 

To classify moving head/non frontal facial expression, Liao and Cohen (2005) 

built a region-based facial gesture recognition system. A graphical model (Figure 

2.2 (b)) is presented in their system to encode the interdependency between 9 

facial regions. Facial expressions are classified based on the minimum Euclidean 

distance between the face regions and the pre-defined graphical model. Instead of 

static facial model, Kakumanu and Bourbakis (2006) used a group of graphs to 
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build a dynamic facial model. The graphs are constructed based on important 

features on the face and the overall geometrical characteristics of the whole faces 

(Figure 2.2 (c)). Their graph model has the advantage of providing analyses to 

both local and global facial feature changes. The model was also invariant to 

scale and rotations. 

2.4.2 Facial behaviours coding methods 

The Facial Action Coding System (FACS) developed by Ekman and Friesen 

(1978) is the foundation of all facial expression coding method. It codes the facial 

action using 44 facial Action Units (AUs) from psychology point of view. Most 

facial action can be described linguistically using the AUs by human 

psychologists. Some of the action units are demonstrated in Figure 2.3. 

Figure 2.3 Examples of facial action units (Ekman, et al., 1978) 

The FACS was used in machine vision techniques to classify facial behaviours in 

early 90s’. Based on the rules of FACS, a trained computer program 

automatically decomposes a shown expression into a specific set of AUs that 

describe the expression. Using the AUs, a facial expression is categorized into six 
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universal facial expressions as defined by Ekman and Friesen (1978). Various 

classifiers are used to classify the AUs. Tian, et al. (2000 a) presented a coding 

system to describe upper face behaviours using an extended facial action units set 

with 46 AUs. The AUs used to represent upper face are analyzed with an 

artificial neural network. Similarly, a lower face behaviours recognition system is 

presented in their later work. Zhang and Ji (2003) explored a Dynamic Bayesian 

networks (DBNs) for facial AUs recognition. In their work, a three-layer 

Bayesian network is used to detect facial expression based on action units. First, 

six standard facial expressions introduced by Ekman and Friesen (1975) are 

interpreted using AUs in the visual data layer. The facial expressions are then 

recognised in classification layer using the categorized AUs. Compare with 

previous work, their approach is more flexible for the video sequences contain 

more than one expression. 

2.4.3 Artificial neural network methods 

Artificial intelligence techniques are often used in facial expression recognition to 

classify extracted expression features, such as AUs and vectors associated with 

facial muscle movement. Their learning ability provides an ideal solution to 

recognise facial expressions of different face appearances with large training 

image sets. The Artificial Neural Network (ANN) is widely used to classify a 

face expression into certain categories. For example, a three-layer neural network 

developed by Tian, et al. (2000 b) was applied to classify the facial AUs for lower 

face expression recognition. The AUs that represented lower faces were 

processed by the ANN and the corresponding facial expressions were recognised. 
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Fasel (2002 a) developed a convolution neural network to classify facial 

expressions. The convolution neural network consisted of five layers, which 

involved two feature extraction layers, two sub-sampling layers and a 

classification layer. The input image was first convoluted by feature extraction 

layers into a group of lower resolution feature maps. The feature maps were 

sampled by sub-sampling layers and classified into six categories to recognize six 

standard facial expressions. Fasel’s later work (2002 b) presented a similar 

system to analysis distinguish different face expressions. Tian (2004) also 

designed a three-layer ANN to classify face expressions. In his work, the facial 

expression is represented by associated action units. The extracted action units 

were classified using geometric features by the ANN. Then the six standard facial 

expressions are recognized by the combination of action units. 

2.4.4 Probability methods 

With respect to facial expression recognition, it is always difficult to distinguish 

between similar expressions. For example, it is hard to distinguish between an 

angry face and a surprise face. Even a trained human detector can not accurately 

distinguish some of the similar facial expressions for different people. Usually an 

expression is categorised into the most likely category according to personal 

experience. In a computer vision expression analysis system, the probability 

method is applied to quantify the uncertainty. Bayesian Network is one of the 

most popular models in facial expression analysis. Gu and Ji (2004) presented a 

Bayesian Network classifier to estimate the probability of drowsiness. An 

infrared illumination device is used to track human pupils and detect the face. 
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Detected faces are interpreted by action units introduced by Ekman. A 

drowsiness expression is considered to be detected if the Bayesian Network falls 

into categories that are related to drowsiness facial expressions. Although action 

units are used to descript drowsy expressions, drowsiness is not categorized as a 

standard facial expression (Ekman and Friesen., 1975). 

The hidden Markov model (HMM) is an important tool for analysis of human 

facial expressions. It is a popular approach for time-series behavioural analysis 

because each state in Markov chains can be viewed as the state for a specified 

time. Many research related to video behaviours recognition are developed based 

on HMM. The facial expression recognition system developed by Zhu, et al. 

(2000) is an example of using HMM in a standard facial expression classification. 

Their system also employed moment invariant method to extract the features from 

human faces. Four standard facial expressions, including anger, disgust, 

happiness and surprise, are recognized by a HMM classifier. Their experiments 

achieved accurate classification results with video sequences. Similarly, Zhou, et 

al. (2004) proposed an embedded HMM for real-time facial expression 

recognition. Yao and Li (2004) proposed a face reader system based on HMM to 

detect fatigue. In their system, yawning was chosen as the key expression of 

fatigue. Similar to the work of Gu and Ji (2004), fatigue facial expressions were 

interpreted by Ekman’s facial action units. Then the action units are used as the 

observation input for a HMM classifier for fatigue recognition. Their experiments 

shown that yawning can be used to identify fatigues in drowsiness detection. 
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2.5 Summary 

This chapter has presented a review of previous techniques that related to visual 

facial analysis systems. The aim is to gain knowledge from previous research and 

to discuss the possibilities of developing new methods/techniques to achieve 

drowsiness detection. The review has reveal that: 

i. To detect drowsiness based on computer vision, a smart surveillance 

system is needed to analyze human facial expressions. The complete 

system must include face segmentation, facial feature extraction and 

feature classification. 

ii. Face detection techniques based on skin colours has the advantage over 

other detection techniques in colour image processing because human 

skin colours are easily identified and invariant to rotation, translation and 

scale changes. 

iii. Image moment invariants are reliable features for pattern recognition 

because they are invariance to translation and rotations. The moment 

invariants constructed by Gegenbauer coefficients represent information 

related to object shapes in the image. This property of Gegenbauer 

moment invariant makes it an ideal mechanism to extract facial features. 

iv. HMM is a strong tool for time-series data analysis. Previous work 

proved that it is an efficient tool for facial behaviours analysis. Therefore, 

HMM is an ideal classifier to process facial features that are extracted 

from video sequences. 
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This work presented a drowsiness detection system based on the frame work of 

smart surveillance systems. The proposed system uses an skin colour based 

method to segment face from background. Then, a Gegenbauer moment invariant 

method is used to extract facial features. Finally, a HMM is used to process the 

Gegenbauer features and detect drowsiness. 
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CHAPTER 3: COLOUR-BASED FACE SEGMENTATION 

In almost all human facial expression analysis systems, the first step is to extract 

regions of face from original images. Only extracted facial regions are further 

analysed in order to reduce the computational cost and to avoid disturbances from 

the background. Furthermore, image sequences (videos) need to be segmented 

timely in order to obtain real-time classification results in smart surveillance 

systems (Hampapur et al., 2003). Although previous works (Hori et al., 2004; 

Chan and Abu, 2004 etc) have been dedicated to face detection, there are few 

methods focused on timely in-car facial segmentation. Most existing in-car 

segmentation methods are built with special hardware such as infrared 

illumination camera (Gu et al., 2002; Ji and Yang, 2002; Zhu et al., 2002; Gu and 

Ji, 2004). Although hardware helps to improve segmentation accuracy under 

certain conditions such as insufficient light, important facial features are lost 

under some other conditions such as strong light illumination. This chapter 

proposes an in-car faces detection technique which is reliable under normal/strong 

light illumination. The technique is applied in this work to capture human faces 

from the backgrounds. This allows face segmentation to be carried out under 

normal/strong light illumination condition using a standard device. 
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Chapter 3: Colour Based Face Segmentation 

3.1 Colour, colour space and skin colour model 

Although image segmentation can be achieved using gray-scale images, colours in 

images can be very useful attributes for the separation of facial regions. Colour 

based segmentation methods are efficient for the detection of human skins. 

Because of the uniqueness of human skin colour, human skins can be modelled 

and segmented from the background easily. 

3.1.1 Colour and colour spaces 

All colours of the visible spectrum can be produced by merging red, green and 

blue light. In computer imaging, colours are usually represented as the 

combinations of basic colours with the form of three dimensional vectors (R, G, 

B), in which R, G, B are values of red, green and blue colour element. This three-

dimensional space is called RGB space, which is the most popular colour 

representation used in many colour models. Other colour representations used in 

computer imaging, are HSV colour space, YCbCr colour space and HSL colour 

space. (Phung et al., 2005) reported that skin colour pixel classification can be 

done in any one of those colour spaces. The difference is very minor for different 

colour spaces. The most appropriate colour space to use should depend on the 

input image format. There is also a requirement for necessary algorithms to 

process the input image based on the chosen format. 

In this work, colours are represented in RGB colour space because the input 

images from a standard camera are RGB format bitmap images. There are two 

crucial attributes to describe colours in an image, which are luminance and 
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chrominance. Luminance is more accurate for describing the perceived brightness 

distribution or luminosity, while chrominance is considered as pure colour 

information without the influence of brightness. Previous work indicates that the 

major difference of skin colours lies largely between their luminance rather than 

chrominance (Yang et al., 2002). Hence, normalized skin colour chrominance of 

different people are similar even if it appears much different with the influence of 

luminance. Normally, input image data consists of both luminance and 

chrominance. To filter out luminance, the image is normalized. In a typical RGB 

colour space, a RGB colour can be normalized to chrominance colour using 

equation (3.1) – (3.3): 

R 
r = (3.1) 

R + G + B 

G 
g = (3.2) 

R + G + B 

B 
b = (3.3) 

R + G + B 

In equation (3.1) - (3.3), r, g and b represent normalized red, green and blue 

elements. The colour (r, g, b) is considered as a chromatic colour without 

luminance information. This normalizing process is a pre-requirement for skin 

pixel classification. 

3.1.2 Classic skin colour model 

Locating and tracking patches of skin-coloured pixels through an image sequence 

is a very important process in many face recognition and gesture tracking systems. 

Skin-colour segmentation, particularly useful for its orientation and size 
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invariance, is usually used for localization in early stages of multi-levelled face 

detection systems. In most skin colour based segmentation methods, every pixel 

of the image is normalized to chrominance colour and compared with a pre-build 

skin colour model. Usually an image pixel is classified as a skin pixel if it falls 

into the threshold of the skin colour model (Satoh et al., 1999). In order to 

classify human skin pixels in the image, a reliable skin colour model that is 

adaptable to different skin colours and light conditions is crucial. A human skin 

colour model is usually built according to statistical results of large amount of 

human skin pixel samples. According to the distributions of skin colour pixel 

samples, mathematical approaches are used as skin colour models. The Gaussian 

skin colour model is a very popular approach. As in Figure 3.1, the distribution of 

skin colour pixels in chromatic (r, b) space can be approximately represented with 

a two dimensional Gaussian model. Only red and blue chromatic colour are used 

in Gaussian skin colour model to avoid information redundancy as r+b+g=1. 

Figure 3.1 Skin colour pixels distribution in (r, b) space (Chang and Robles, 2000) 

n: number of skin pixel samples 

r: chromatic red value 
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b: chromatic blue value 

In Figure 3.1, the skin colour pixel distribution is modelled with a Gaussian 

probability density function that consists of a mean � and a covariance matrix 

cov. The covariance matrix and the mean are calculated according to Chang et al., 

(2000) as: 

1 
� = I (x, y) (3.4) ∑ 

N ( x, y)∈F 

cov = 
1 
∑ (I (x, y) − �)(I (x, y) − �)t (3.5) 

N (x, y)∈F 

Where N is the number of the skin samples, I (x, y) is the colour intensity (r, g, b) 

at point (x, y) and F represent skin colour regions. 

A pixel is classified as a skin pixel if the Gaussian distance falls in the pre-set 

threshold. The threshold is estimated from the training skin colour samples. The 

classification process based on a Gaussian skin colour model is illustrated in 

Figure 3.2. 

Images Skin colour Samples 

Normalization 

Likelihood calculation Gaussian Skin colour model 

Skin pixel 

no 

yes 

Within 

threshold 
Non-skin pixel 

      

  

    

             

             

               

  

  

  

                 

          

 

                

             

            

  

 

 

 

 

 

 

 

 

           

    

 

      

  

 

 

 

 
  

Figure. 3.2 Face segmentation using pixel by Gaussian skin colour model 
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Chapter 3: Colour Based Face Segmentation 

The Gaussian method is often used in skin colour classification; however, using 

simple mathematical function to represent the skin colour distribution reduces the 

computation and increase the segmentation speed. Huge computational time can 

be saved for large amount of image sequences, such as in video clips. 

3.1.3 Skin colour distributions in different colour spaces 

With respect to this work, a linear function is used to represent the skin colour 

distributions. This reduces the computation cost to calculate colour distances, 

which are necessary during classification for every skin pixel. To build such a 

linear skin colour model, skin colour distributions in different colour spaces are 

investigated to find a most appropriate work colour space. 

The skin colour distributions in this work are plotted with the skin colour samples 

listed in Figure 3.3. All the skin colours are manually selected from facial images 

of different races. 

Figure.3.3 Skin samples of different races 

35 



      

  

             

            

         

          

 

 

          

      

    

    

              

              

          

              

            

          

 

            

         

Chapter 3: Colour Based Face Segmentation 

The skin pixel samples are normalized in accordance with equations (3.1) to (3.3) 

to obtain the chromatic colours. Distributions of skin colour samples in 

normalized blue-green space, normalized blue-red space and normalized green-red 

space are investigated as shown in Figure 3.4 to 3.6. 

Figure 3.4 Skin colour distribution in chromatic blue, red space 

n: number of skin pixel samples 

b: chromatic blue value 

r: chromatic red value 

Figure 3.4 shows the skin colour distribution in chromatic blue, red colour space. 

The distribution of skin colours follows a similar pattern to the Gaussian function. 

Although other mathematical approaches can be suggested, the distribution in 

chromatic blue, red space is too complicated to be represented by a simple linear 

mathematical function. Therefore, chromatic blue, red space is not a ideal 

working colour space to build a linear skin colour model. 

Using the same skin colour samples, the skin colour distribution in chromatic 

green and blue space is plotted in Figure 3.5. 
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Figure 3.5 Skin colour distribution in chromatic green, blue space 

n: number of skin pixel samples 

g: chromatic green value 

b: chromatic blue value 

It can be observed form Figure3.5, the skin colour distribution in chromatic green, 

blue space is also complicated. It is difficult to find a single linear mathematical 

function that can represented skin colour distributions in chromatic green, blue 

space. Therefore, chromatic green, blue space is also not suitable for a linear skin 

colour model in this work. 

Similarly, Figure 3.6 plots the skin colour distribution in chromatic green, red 

space. This distribution is much simpler compared with the distributions in the 

other two chromatic colour spaces. The skin colour distributions in chromatic 

green, red space can be represented with a linear mathematical function. 

Therefore, a linear skin colour model is built in chromatic green, red space. 
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Figure 3.6 Skin colour distribution in chromatic Green, Red space 

n: number of skin pixel samples 

g: chromatic green value 

r: chromatic red value 

3.1.4 Proposed skin colour model 

If the skin sample distribution in Figure 3.6 is projected onto 2-D (r, g) space, the 

skin colour distribution could be roughly considered as a line segment with width 

as in Figure 3.7. 

Figure 3.7 Skin colour distribution in chromatic Green, Red space 

g: chromatic green value 

r: chromatic red value 
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Chapter 3: Colour Based Face Segmentation 

To represent skin colour distributions in a 2-D graph, the skin colour samples with 

similar (r, g) chromatic values are abstracted into skin colour groups, which are 

represented in Figure 3.7 as solid points. These points are used to estimate the 

parameters of skin colour model in chromatic (r, g) space. If the solid black line 

is the statistical linear approach to the solid points and the red lines are the borders 

of the approach, it can be observed that all the skin sample distributions (i.e., 

Solid points in Figure 3.7) fall into the region. This region is used as a simplified 

skin colour model in chromatic (r, g) space. The obvious advantages of this 

simple approach are lower computation and higher processing speed. To model 

the region in Figure 3.7, a simplified linear function is defined as: 

l=kr+g (3.6) 

where r and g are normalized green and red chromatic colours; k is the gradient of 

the skin colour model; and the measurement l is defined as the distance of a 

candidate pixel (r, g) along g axis. Thus, l represents the simplest measurement of 

the likelihood between a candidate skin colour and the skin model. The gradient k 

is considered as a parameter that can be calculated from the skin colour simples. 

To restrict the region, g is confined within the interval [gmin, gmax] and r is 

confined within the interval [rmin, rmax]. If a pre-defined threshold for l is applied, 

the region between two dash lines in Figure 3.7 can be represented with equation 

(3.6), since this region represents skin colour distribution region. Hence, equation 

(3.6) is defined as the linear skin colour model in chromatic (g, r) space. The 

classification processes of skin pixels using the linear colour model can be 

illustrated in the following diagram. 
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Candidate pixels 

g, r 

intervals 

l interval 

Skin colour model 

yes 

No 
Non-Skin 

yes 

Non-Skin 
No 

Skin 

Figure 3.8 Classification of skin pixels 

As in Figure 3.8, every element of the skin pixel candidate is normalized and 

applied within their intervals of [gmin, gmax] and [rmin, rmax]. If g and r are within 

their intervals, the pixel will be further processed in the skin colour model to 

compute colour distance l. Otherwise, it is classified as a non-skin pixel. 

Similarly, the interval [lmin, lmax] is applied. If the value of computed l falls 

within it, a pixel is then classified as a skin pixel. Comparing this with the 

traditional Gaussian model, the skin pixel classification processes in (g, r) space is 

computationally much simpler. This results in a significantly faster classification 

speed for video clips. 

3.2 Colour distance map 

A typical Euclidean colour distances in RGB space is of the form: 

2 2 2 

1 2 1 2 1 2( ) ( ) ( )d r r g g b b= − + − + − (3.7) 
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where (r1, g1, b1) and (r2, g2, b2) are colour pixels and d is their distances in RGB 

space. To avoid redundancy, equation (3.7) is simplified as follows: 

d = (r − r )2 + (b − b )2 (3.8) 1 2 1 2 

for all normalized colour pixels. 

Colour pixels and their colour distance to another pixel can be illustrated in 3-D 

space as in Figure 3.9, with normalized red and blue as x and y axis and distance 

d as z axis. 

Figure 3.9 Colour distances between two pixels in (r, b) space 

As can be seen from Figure 3.9, the further (r2, b2) from (r1, b1), the larger their 

distance d is in Euclidean space. If (r1, b1) is a pre-defined human skin colour, i.e. 

the skin colour model, distance d could be used to classify the candidate skin pixel 

(r2, b2). Other forms of colour distances are introduced to improve the skin pixel 

classification accuracy, for example, the Gaussian colour distance and the linear 

colour distance introduced in this work. 
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Although colour distances can be used to classify skin colour pixel by pixel, a 

regional classification strategy will allow target objects (faces) to be searched as a 

whole unit. This focuses the searching process to find a specified shaped region, 

hence take advantage of the global properties of target objects (faces). Therefore, 

Colour distance map is introduced in this research to achieve regional 

classification of the candidate face. 

A colour distance map is a matrix computed from the original image. The 

elements in the matrix are colour distances, which are computed with image 

pixels toward the linear skin colour model. The colour distance map has the same 

size as the original image. Colour distance maps can be used as the input of 

segmentation process instead of the original image. The colour distance map is 

designed for regional searching strategy. Instead of classifying individual pixels; 

regions consisting of multiple colour pixels are classified as a single unit in colour 

distance maps. There are three benefits for using a colour distance map: 

i. Regional searching methods are applied in colour distance maps. This 

allowed the searching strategy to benefit from the known geometrical 

information of the face. For example, a searching strategy designed to 

find a rectangular area will ignore the noise pixels even these pixels have 

similar tones with skin colours. 

ii. Colour pixels usually take three attributes while colour distances take 

only one, which reduces the computational complexity during skin colour 

classification. 
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iii. Colour distance maps contain classification oriented information 

(Euclidean distances only) rather than representation oriented 

information (luminance and chrominance). 

Furthermore, the segmentation result, which is the position of the target face in 

the distance maps, can be referred in the original image without any geometric 

adjustment. This is illustrated in the following figure. 

Original image 

Distance Calculation 

1.75 2.55 … … 

3.25 4.31 5.1 ... 

… … … … … 

… … … … … .. 

… … … … … 

… …1.32 1.21 

Colour distance map 

Region Searching 

Referred in original image 

Segmentation result 

Figure 3.10 Colour distance map 

As shown in Figure 3.10, the original image is transformed into a colour distance 

map with the same size. The colour distance map is used as the input for the 
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region group searching. Using a pre-defined searching strategy, the target face is 

located in the distance map. The location of the target face in the colour distance 

map is then referred to the original image to extract the facial colour region. The 

colour distance map is only employed to roughly estimate a facial region in the 

proposed facial detection system. 

3.3 Location estimation based on average distance 

3.3.1 Prediction of facial colour distribution 

In classic skin colour based segmentation methods, image pixels are classified 

individually by colour models as skin pixels/non-skin pixels. This single pixel 

based classification is efficient when the number of human body parts is unknown, 

where every pixel needs to be identified accurately in order to estimate the 

number and location of the human body parts in the image. For example, to 

detect multiple faces in an image that contains more than one person, each face 

needs to be identified according to the classified skin pixels. It is not possible to 

predict the grouping or the number of skin regions to help the detection before all 

the pixels are classified. With respect to this work, the driver’s face is mostly the 

target image in all of the circumstances. Only one face needs to be segmented 

from the target image. Hence, the skin pixel distribution in the image can be 

roughly estimated as a central peak area, where the driver’s face located in the 

image. This predictable knowledge of facial colour distribution makes individual 

pixel classification inefficient as compared with grouping pixels classification. 
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This is because individual skin pixel classification is not constrained by the 

predicted distribution knowledge. 

Centre 

peaks 

      

  

            

   

 

 

 

        

      

        

 

              

               

              

              

            

            

             

               

             

 

 

  

  

(a) (b) 

(c) (d) 

Figure 3.11 Individual classification and group searching 

(a) Predict knowledge, (b) Original image, 

(c) Pixel-by-pixel searching result, (d) Group searching result. 

In Figure 3.11 (c), every pixel of the image is classified separately. Many non-

skin pixels are classified as skin pixels due to their colours are similar to skin 

pixels. No matter how accurate the skin colour model is, these faulty detections 

are unavoidable. This is because the skin colour models have some tolerance to 

different skin colours. Avoiding these faulty detections often results in the 

adaptability reduction of skin colour models to different races. These detected 

faulty skin pixels significantly increased the difficulty of locating the face and the 

processing time. If there is a prior knowledge of the skin distribution (Figure 3.11 

(a)), additional constrains can be used to filter out non-skin pixels that could 
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potentially be classified as skin pixels. For instance, as in Figure 3.11 (d), pixels 

that further away from the ‘distribution centre’ are removed by group searching 

strategy although their chromatic value falls within the threshold of the skin 

colour model. 

3.3.2 Face location estimation 

To take advantage of this prior knowledge, a shortest average distance searching 

strategy is employed to locate the human face. Instead of using individual colour 

distance, average distance of all the colour pixels’ in the region is used as the 

measurement to search the target region. Since only one candidate face is needed 

in the target image, the region which has the shortest average distance is 

considered as the face region. The processes of the shortest average distance 

searching can be illustrated in the following figure: 

Image (a) 

Colour model 

Distance map 

Shortest average distance searching 

Rough location 

(b) 

(d) 

(c) 

(e) 

Figure 3.12 Application of shortest average distance method 

Assuming the centre peak is modelled as a rectangle that represents the facial area 

in a colour distance map, the average colour distance of this rectangular area is 
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calculated by the summation of all distances in the rectangular region divided by 

the number of distances. The shortest average distance can be found by searching 

through all the possible rectangles in the distance map. This process can be 

described mathematically as: 

y+h x+w 

d * = Min(∑∑ D(i, j) /(h  w)) (3.9) 
j= y i=x 

where 0 < x < W − w , 0 < y < H − h . d
* 

is the shortest average colour distances; 

H and W are the height and the width of the distance map; h and w are height and 

width of rectangle peak; D(i, j) is the value of element (i, j) in the distance map. 

(x, y) is the coordinate of the up-left corner of the rectangle. The coordinate 

(x1, y1) that results in the shortest distance d
* 

is used as rough face location for 

further processing. 

Although the peak region is not a regular rectangle shape distribution in the 

distance map, a rectangular model can roughly cover the region and provide 

fastest searching speed in the distance map. At this stage, the height h and the 

width w of the rectangle model are decided by a percentage to the original height 

H and width W. This rectangular model provides a rough estimation of the peak 

distribution in the target image. The aim is to roughly locate the face and provide 

a working region for the detection of facial parts (i. e., eyes and mouth). The 

proposed shortest average distance searching strategy is simpler than traditional 

searching strategy. This is because the shortest average distance searching 

strategy combines colour-based classification and regional based searching in 

order to consider multiple pixels as a region. 
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Chapter 3: Colour Based Face Segmentation 

3.4 Face centre estimation based on centre of gravity 

After the shortest average distance searching, the rough face region that covers 

most facial areas is extracted. Then, the discrete centre of gravity method is 

employed for locating the face centre of the extracted region. A colour distance 

map can be visually considered as a two dimensional rectangle. If the values of 

distances in the distance map are considered as the weights of the points in the 

rectangle; and the indexes of the pixels are considered as the coordinates of points, 

then the centre of gravity of this distance map can be defined similarly as in 

Appendix A. Suppose a distance map D(i, j) of an image I(x, y) with size of 

N   M . The sum of all the distance in the distance map can be derived as: 

M N 

D D(i, j) (3.10) =∑∑ 
j=1 i=1 

where D is considered as the total weight of the visualized rectangle; D(i, j) is the 

distance of pixel (x, y) and M, N are the maximum indexes of i and j. 

M N 

D(i, j) i∑∑ 
j=1 i=1

i = (3.11) 
D 

M N 

D(i, j)  j∑∑ 
j=1 i=1

j = (3.12) 
D 

where (i, j) is the index of centre of gravity in the colour distance map; D(i, j) is 

the distance of pixel (x, y) and M, N are the maximum indexes of i and j. The 

pixel (x, y) that referred to the centre of gravity (i, j) in the original image is 
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Chapter 3: Colour Based Face Segmentation 

used as the rough face centre. The centre of gravity of a rough face is the bases 

for face position adjustment. 

Most of the pixels in rough facial region are skin colour pixels. The distances of 

skin colour pixels to skin model in the colour distance map can be neglected. 

Therefore, the position of centre of the gravity in the distance map is roughly the 

centre of non-skin pixels. Non-skin pixels in the rough face region are pixels that 

represent facial parts, such as eyes, eyebrows and mouth. Hence, the centre of 

gravity computed from equation (3.11) and (3.12) represents the centre of all 

facial parts. The centre of gravity of all the facial parts is considered as the 

accurate face centre. 

3.5 Location adjustment based on centre of gravity 

3.5.1 Rectangular face model 

A rough rectangular model is employed to estimate the face location in the target 

image. The size of the rectangle needs to be adjusted according to the extracted 

rough face. To accomplish the adjustment, some general facts of human face 

(such as the average width/height ratio of human faces) are used. This adjustment 

process includes re-estimating the size of the rectangular facial region, computing 

the centre of gravity and re-calculating the position of the facial region. 

The accurate face is also described as a rectangular area in the image. The benefits 

of this description are as follows: 
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Chapter 3: Colour Based Face Segmentation 

i. Rectangular regions are easy to be manipulated as two-dimensional 

matrix, which are the general representations of colour distance maps and 

images. 

ii. Human faces with different shapes normally have similar height/width 

ratio. This property makes rectangular model easy to be described with 

the face area information. 

iii. Manipulation of a rectangular region in image processing is faster than 

other shapes such as circular regions. 

Rectangular model match is mostly employed in research related to face detection. 

The following diagram shows some of the examples in recent researches. 

(a) (b) (c) 

Figure 3.13 Use of the rectangle model to match face in the image 

(a) (Chan et al., 2004), (b) (Chen et al., 2001), (c) (Hori et al., 2004) 

The width/height ratio is used as criteria for face searching in knowledge-based 

face detection methods. It is a general knowledge that the height of the face is 

longer than the width for most human faces. In this research, a fix value is used 

for a height/width ratio. The ratio is decided based on the average ratio from a set 

of frontal facial images. The rectangular model based on the ratio can easily 

capture human facial parts such as eyes and mouth. 
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Chapter 3: Colour Based Face Segmentation 

3.5.2 Face size estimation 

Suppose the height/width ratio for the rectangular model is Ra, the width and 

height of the rectangle can be calculated with its area A as: 

A 
w = (3.13) 

R a 

h = Ra   w = Ra A (3.14) 

where w and h are the width and height of the rectangle. Since the rectangular 

region is part of the image which consists of image pixels, the total area A of the 

rectangle can be counted as the number of the pixels in the region. 

Suppose a rough face is extracted as a rectangular region in the image, then this 

region might contain skin pixels and non skin pixels. The skins are estimated by 

counting the number of skin pixels in the region. Then, the number of the non 

skin pixels is estimated based on the number of skin pixels. Finally, the total area 

of rectangle region is calculated as the summation of all pixels. A demonstration 

of skin and non-skin pixels is illustrated in the following Figure. 

(a) (b) (c) (d) 

3.14 Accurate segmentation with rectangle model 

(a) Original image, (b) Selected skin colours, 

(c) Selected facial feature pixels, (d) Background pixels 
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Chapter 3: Colour Based Face Segmentation 

The picture in Figure.3.14 (a) is a segmented human face image by a rectangle 

model. Let the number of non-facial (background) pixels in Figure 3.14 (d) be Nn ; 

the number of facial parts (eyes, eyebrows, nose and mouth) pixels in Figure 3.14 

(c) is N p and the number of facial skin pixels in Figure 3.14 (b) is Ns . Then, the 

ratio of non-skin/skin pixels can be defined as: 

N + N 
Ro = n p 

(3.15) 
N s 

Using this ratio and the number of skin colours, the total number of pixels in the 

rectangular region is computed as: 

N = N + N + N = (R +1)N (3.16) n p s o s 

An experience value can be estimated for the non-skin/skin ratio by a set of 

training facial images. Given that A = N , and using equations (3.13), (3.14) and 

(3.16): 

A (Ro +1)Ns w = = (3.17) 
R R a a 

h = R   w = R A = R (R +1)N (3.18) a a a o s 

Hence the size of the rectangle model is estimated using the number of skin pixels 

and the ratio Ra. 

3.5.3 Face position adjustment 

After the size of the rectangle is calculated, the location of the rough rectangle is 

adjusted using the centres of gravity. The rough location of the candidate face is 

estimated by using the shortest average distance searching strategy. Record that, 
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the coordinate (x1, y1) , which minimizes the average distance d * in equation (3.9), 

is considered as the coordinate of up-left corner of the rough face rectangle in the 

original image. The rough face rectangle is illustrated in Figure 3.15 with dash 

lines. 

Accurate rectangle 

Rough rectangle 

Rough position 

Accurate position 

Centre of Gravity 

1 1( , )x y 
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Figure 3.15 Face position adjustments 

In Figure 3.15, There are three important points are used in position adjustment. 

They are illustrated in Figure 3.15 by different points. Two of them are already 

calculated in previous sections, which are: 

i. (x ,1 y )1 is the coordinate of the rough face rectangle in the original 

image, and is represented by a circle point in Figure 3.15. 

ii. ( ,x y) is the coordinate of centre of gravity in the rough face rectangle, 

and is represented by a solid point in Figure 3.15. Therefore, the 

coordinate of centre of gravity in the original image can be calculated as: 

x′ = x1 + x (3.19) 

y′ = y1 + y (3.20) 
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Chapter 3: Colour Based Face Segmentation 

The aim is to calculate coordinates (x2 , y2 ) , which is the up-left corner of the 

accurate face rectangle in the original image. (x2 , y2 ) is represented by a hollow 

point in Figure 3.15. The accurate face rectangle is illustrated in Figure 3.15 with 

solid lines. The geometrical relationships of these coordinates are as follows: 

i. The rough face rectangle region contains all facial features because skin 

colours are used to compute its location. 

ii. The centre of gravity (x ', y ') is the centre of all facial features (eyes, 

eyebrows, mouth, etc.) 

iii. The rough face rectangle and the accurate face rectangle share the same 

centre of gravity (x ', y ') because they share same facial features. 

iv. In the accurate face rectangle, centre of gravity and geometrical centre 

have the same coordinate. 

Based on these relationships, the coordinate of upper-left corner for the accurate 

face rectangle can be calculated as: 

w w 
x2 = x′ − = x1 + x− (3.21) 

2 2 

h h 
y2 = y′ − = y1 + y − (3.22) 

2 2 

The rectangle region with the up-left coordinate (x2 , y2 ) and the size of (w, h) is 

considered as the detected facial region. The face is extracted as a sub-image 

from the original image using the rectangular face model. 

54 



      

  

        

            

              

             

           

             

             

                 

             

   

 

 

         

         

              

 

                

               

             

         

 

Chapter 3: Colour Based Face Segmentation 

3.6 Facial parts segmentation based on Geometrical relationship 

This research studies drowsiness behaviour by the facial part expressions. These 

facial part expressions are focused on the eyes and mouth. Therefore, eyes and 

mouth needs to be segmented from the detected face image. Although human 

faces are different, the general geometric relations between facial parts on 

different faces are similar. The most unique geometric relationship is the triangle 

relationship of human eyes and mouth. This triangle relationship has been used 

by Lin et al., (2000) to locate human face in a graph searching method. In this 

research, the triangle relationship is used to segment eyes and mouth from the 

detected facial image. 

(a) (b) (c) 

Figure 3.16 Triangle relationships of human eyes and mouth 

(a) Detected face, (b) Face centre of gravity, (c) Facial part centres of gravity 

The centre of gravity method is employed to estimate the centre of facial parts. In 

Figure 3.16 (c), edge contours are required to compute facial part centres. On the 

other hand, colour distances are more efficient for compute whole face centre due 

to the uniqueness of human skin colours. 
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Chapter 3: Colour Based Face Segmentation 

To compute centre of gravity using edges, a convolution edge detector is 

employed within the facial region in Figure 3.16 (a). Gaussian filter and 

Laplacian filter are combined to reduce noise and detect edges. The results are 

shown in Figure 3.16 (b). Following this, the facial region is divided into four 

parts as in Figure 3.16 (c). The upper-left quarter contains left human eye and 

eyebrow. The upper-right quarter contains right eye and eyebrow. The lower half 

(two quarter) contains human mouth and nose. 

Then the centre of the upper-left quarter ( xl , y ) and upper-right quarter ( x yr )l r 

are computed using the centre of gravity method. The two bottom quarters are 

processed together to find the centre of the nose and the mouth ( xnm , ynm ) . These 

centres are marked as solid points within the facial region in Figure 3.16 ©. 

The size of the eyes can be estimated by the horizontal distance between two 

eyes’ centres and the vertical distance of facial centre to the eye centres. 

Therefore, the size of the eyes is calculated using the left eye centre ( xl , y ) , the l 

right eye centre ( x y , the nose mouth centre ( x ,r r ) nm ynm ) and the facial centre 

( ,x y) as: 

w e = α (x r − x )l (3.23) 

h e = β ( yl − y) (3.24) 

where a and β are constants. we is the width of the eyes and he is the height of 

the eyes. a is a ratio of eye width to the distance between two eyes, β is a ratio 

of the eye height to the vertical distance between eyes and the facial centre. 
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Chapter 3: Colour Based Face Segmentation 

The left eye coordinate can be calculated as. 

x = x −α (x − x ) / 2 (3.25) le l r l 

y = y − β (y − y) / 2 (3.26) le l l 

where (x , y ) is the upper-left corner coordinate of the left eye. Similarly, the le le 

right eye coordinate is calculated as: 

x = x −α (x − x ) / 2 (3.27) re r r l 

y = y − β (y − y) / 2 (3.28) re r r 

where (x , y ) is the upper-left corner coordinate of the right eye. The re re 

geometrical relationship of the facial parts and centres of gravity are illustrated in 

the following diagram. 

w(x , y ) (x , y ) ele le re re 

(x
r
, y

r
)h 

e 

(x
l
, y

l
) (x, y) 

(x , y )
nm nm h 

m 

(x
m

, y
m

) w 
m 

Figure 3.17 Geometrical relationships of positions and sizes on human face 

Therefore, the size of the mouth can be modelled similarly by using the vertical 

distances between nose-mouth centre and facial centre as: 

wm = γ ( ym − y) (3.29) 

hm =η(ym − y) (3.30) 
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Chapter 3: Colour Based Face Segmentation 

where γ and η are constants. wm is the width of the mouth and hm is the height 

of the mouth. γ is a ratio of mouth width to vertical distances between nose-

mouth centre and facial centre, η is a ratio of mouth height to vertical distances 

between nose-mouth centre and facial centre. The coordinate of the mouth is 

calculated as: 

x m = x nm − γ (y − y ) / 2 l (3.31) 

ym = ynm (3.32) 

where (x ,m y )m is the upper-left corner coordinate of mouth. 

The eyes and mouth are then segmented after calculating size and location 

coordinates as in Figure 3.18 (a). 

(a) (b) (c) 

Figure 3.18 Processing of facial part images 

(a) Segmented facial part images, (b) Edges of the facial part images, 

(c) Binary map from the edges of facial part image. 

Following the extraction of facial part images (i.e. eye images and mouth image), 

the next stage of the processing is to detect the edges. This is then followed by 

binarisation. Figure 3.18 shows a typical image set from which the above facial 
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Chapter 3: Colour Based Face Segmentation 

parts were extracted. The full set of these images can be found in Appendix E 

with other experiment results. 

3.7 Pseudo code for face segmentation 

Figure 3.19 represents the pseudo code of the algorithm used for face 

segmentation. 
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Figure. 3.19 Pseudo code for face segmentation 

The equivalent flow chart of the above pseudo code is presented in Appendix F, 

Figure F.1. 

3.8 Summary 

This chapter has presented techniques used for face segmentation. A simplified 

skin colour model is pre-built with a set of human skin training images. All 

images are normalized before being processed. The colour distances are 

computed to form a colour distance map. The shortest average distance searching 

method is used to extract the rough face. The centre of gravity method is applied 

to adjust the rough face. Finally, the eyes and mouth are segmented using the 

facial centres. The resulting facial part binary maps contain important 

information that is useful for the feature extraction process. 
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Chapter 4. Gegenbauer Feature Extraction 

CHAPTER 4: GEGENBAUER FEATURE EXTRACTION 

Following the segmentation of facial parts, Gegenbauer moments are computed. 

From these moments the invariants are constructed and used as Gegenbauer 

features. This chapter discusses applications of Gegenbauer moment invariants to 

feature extraction on facial parts. 

4.1 Gegenbauer moment invariants 

4.1.1 Gegenbauer polynomials 

Gegenbauer polynomials are solutions to the Gegenbauer differential equation. 

The mathematical representation of Gegenbauer differential equation and 

polynomials are listed in Appendix B.  Equations B.1 to B.8 are significant for the 

understanding and computation of the Gegenbauer polynomials and also leads to 

the computation of their invariants 

The Gegenbauer representation of a function is a spectral representation. 

Gegenbauer polynomials are widely used to reconstruct functions/images and 

have significant recovery abilities.  Like a Fourier approach, the accuracy of 

Gegenbauer representation can be improved by using higher order polynomials. 

However, to take advantage of computation speed, low order polynomials are 

normally used.  
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Chapter 4. Gegenbauer Feature Extraction 

The first four order one-dimensional Gegenbauer polynomials are listed in 

equation B.11, Appendix B. In the work of this thesis, since all images are two-

dimensional ones, the one-dimensional polynomials are used to compute the 

moments in two directions (i.e. in x and y directions) using the method presented 

by Liao et al. (2002). 

The following two equations represent a Gegenbauer transform pair (Gelb, 2000): 

n 
λ = { (x)}  (4.1)C G F 

( )  = −1{Cn 
λF x G  } (4.2) 

Equation (4.1) converts a function into a discrete Gegenbauer series, whereas 

equation (4.2) is the inverse equation that transforms the discrete series back to 

the original function. 

Previous work (Archibald et. al., 2003, Driscoll et. al., 2003; Sarra, 2003) has 

demonstrated that Gegenbauer reconstruction method significantly improved the 

recovery of ringing effects at discontinuities.  These successful applications 

indicate that Gegenbauer coefficients contain important information with respect 

to discontinuities.  Features constructed with Gegenbauer coefficients inherit this 

property. With respect to this work, this property helps to recapture the face 

shape features after segmentation. 
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Chapter 4. Gegenbauer Feature Extraction 

4.1.2 Gegenbauer moments and moment invariants 

In a colour image, the parts where colours change gradually usually belongs to an 

object. On the contrary, edges referring significant changes in colour usually 

appears at interface between two objects (Pratt, 2001).  The edges are very useful 

because they represent shapes information of the captured objects in the image. 

Edges are detected  to represent objects in many pattern recognition applications 

(Hori et. al., 2004). Convolution filters are capable of extracting edges in an 

image, but usually with discontinuities. These discontinuous partial edges are 

usually reconstructed by using separate mechanisms to recover the shape 

information in the image. 

Because Gegenbauer polynomials have strong ability to recover discontinuities, 

features that are constructed by Gegenbauer coefficients are capable of 

reconstructing discontinuities.  Therefore, Gegenbauer features of partial edges in 

an image can be used to represent shape information without a separated edge 

reconstruction mechanism.  To construct features using Gegenbauer coefficients, 

the moment method is employed (Hu, 1962).  The moment-based feature 

extraction methods are different from other feature extraction methods because 

moment-based methods capture global properties of objects rather than the local 

ones (Teh and Chin, 1988). Therefore, if there is only one object in the image, 

moment invariants are capable of determining the state of the object by capturing 

its global shapes. This unique nature of moments makes the moments method an 

ideal candidate in pattern recognition. 
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Chapter 4. Gegenbauer Feature Extraction 

In the work of this thesis, Gegenbauer moments are used to determine different 

states (open/close) of a facial part in the edge of an image. To reduce the 

influence of rotations and translations in the image, the moment invariant method 

(Hu, 1962) is employed.  Therefore, the Gegenbauer features constructed in this 

work are invariant to rotation and translation.  The schematic for computing 

Gegenbauer features is shown below: 

Facial part edges 

1.Gegenbauer moments 

2.Gegenbauer features 

Invariant method 

Shape information (discontinuous) 

Global shape information (continuous) 

Global shape information (continuous) 

Invariant to rotations and transactions 

Figure 4.1 Schematics for computing Gegenbauer features 

As shown in Figure 4.1, Gegenbauer features are computed in two steps: 

i. Compute Gegenbauer moments from discontinuous image edges. 

ii. Compute Gegenbauer features from moments using the invariant method. 

The Gegenbauer feature is a group of Gegenbauer invariants computed from their 

moments.  The computed features represent shape information from the edges and 

are invariant to rotations and translations.  In this work, three Gegenbauer moment 

invariants are used as Gegenbauer features for the target image.  The equations to 

compute Gegenbauer moments and moment invariants are listed in Appendix B. 
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Chapter 4. Gegenbauer Feature Extraction 

4.2 Properties of Gegenbauer moment invariants 

The aim of this section is to investigate the general properties of Gegenbauer 

features by experiments with 2-D images.  The underlying theory of these 

experiments are based on Hu’s work (1962) and Liao’s (2002) later applications, 

which are also described in Appendix B. 

To measure the differences between any pair of images in Gegenbauer space, the 

Euclidean distance is used: 

2 2 I 2d = I IΔ +Δ + Δ  m n, 1 2 3  (4.3) 

where 

I − Ii n, i m,I  (4.4)Δ =i I + Ii n, i ,m 

Ii n,  is the ith Gegenbauer invariant for image n, Ii m  is the ith Gegenbauer, 

invariant for image m. In the work of this thesis, three Gegenbauer moment 

invariants are used as Gegenbauer features, therefore, i ∈ (1, 2,3) . The Euclidean 

distance dm n, computed from invariants are named Gegenbauer distances and 

used as the measurement between two images in Gegenbauer space.  A longer 

Gegenbauer distance means there is less similarity between two images, while a 

smaller distance means a closer similarity. 

To study the properties of the Gegenbauer features, experiments are conducted 

with images of different objects. In the first experiment, a group of simple-shaped 

images were analysed. 
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Chapter 4. Gegenbauer Feature Extraction 

(a)  (b) (c) (d) 

Figure 4.2 Images of a rectangle 

(a) Original image.  (b) Image with 10 degree. 

(c) Image with 30 degree.  (d) Image with -30 degree. 

In Figure 4.2, original image (a) is rotated at 10, 30 and –30 degrees and displaced 

at 5 pixels along x-axis as in Figure 4.2 (b), (c) and (d).  Using Matlab extended 

symbolic math toolbox, Gegenbauer moment of first four orders (n=0..3 and 

m=0..3) were computed.  The computed Gegenbauer moment invariants are listed 

in Table 4.1, with their Euclidean distances between each other. 

Table 4.1 Gegenbauer Moment Invariants for rectangle images 

(a)Computation results for original image 
I1,a I2,a I3,a 

17.919 14.283 -38004 
(b)Computation results for image with 10 degree rotation 

I1,b I2,b I3,b 

17.897 14.173 -38274 
(c)Computation results for image with 30 degree rotation 

I1,c I2,c I3,c 

17.897 14.173 -38365 
(d)Computation results for image with -30 degree rotation 

I1,d I2,d I3,d 

17.897 14.173 -38274 
Euclidean distance 

da,b db,c dc,d dd,a 

1.3925e-005 7.0494e-007 7.0494e-007 1.3925e-005 

It can be seen from Table 4.1 that the Gegenbauer invariants of different rectangle 

images are very similar and the Euclidean distances are approximately zero.  This 
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Chapter 4. Gegenbauer Feature Extraction 

mean that the same object at different orientation and displacements has similar 

Gegenbauer features. 

The experiment in Figure 4.3 involves a group of MRI (Magnetic Resonance 

Image).  The MRI images are much more complex than images in last experiment. 

(a)  (b) (c) (d) 

Figure 4.3 Images of a MRI 

(a) Original image.  (b) Image with 30 degree. 

(c) Image with -30 degree. (d) Image with 10 degree. 

The Gegenbauer moments of first four orders (n=0..3 and m=0..3) were computed.  

Table 4.2 shows their moment invariants with their Euclidean distances between 

each other. 

Table 4.2 Gegenbauer Moment Invariants for MRI images 

(a)Computation results for original image 
I1,a I2,a I3,a 

5.847 3.2029 -5640.4 
(b)Computation results for image with 30 degree rotation 

I1,b I2,b I3,b 

5.6387 2.5798 -5189.7 
(c)Computation results for image with -30 degree rotation 

I1,c I2,c I3,c 

5.6547 2.4479 -5278 
(d)Computation results for image with 10 degree rotation 

I1,d I2,d I3,d 

5.7955 3.1222 -5574.3 
Euclidean distance 

da,b db,c dc,d dd,a 

0.0068357 0.00038071 0.0077757 0.00010855 
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Chapter 4. Gegenbauer Feature Extraction 

The computed invariants are close to each other except for I2,b and I2,c, but are 

comparable within experimental errors i. e. mainly rotation interpolation errors. 

The distances are approximately zero.  This means that the images in Figure 4.3 

are still recognized as the same object although they have different orientations 

and displacement. 

The last experiment investigated a group of images with different shapes, as 

shown in Figure 4.4. These images contained ellipses with various major and 

minor axes and are abstract representations of facial parts after edge detection. 

(a)  (b) (c) (d) 

Figure 4.4 Images of ellipses 

(a) Solid ellipse.  (b) Discontinuous ellipse. 

(c) Solid flat ellipse.  (d) Discontinuous flat ellipse. 

Figure 4.4 (a) is an ideal representation of open eyes/mouth after edge detection. 

Image (b) is the same ellipse with discontinuous lines, which abstracts the 

discontinuous edges of a open eye/mouth. Figure 4.4 (c) is an ideal representation 

of close eyes/mouth after edge detection.  Image (d) is the same ellipse with 

discontinuous lines representation. The Gegenbauer features and distances are 

listed in Table 4.3. 
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Table 4.3 Gegenbauer Moment Invariants for ellipse images 

(a)Computation results for solid ellipse 
I1,a I2,a I3,a 

0.149 7.3866e-006 -0.0013305 
(b)Computation results for image with discontinuous ellipse 

I1,b I2,b I3,b 

0.14869 8.604e-006 -0.001567 
(c)Computation results for image with solid flat ellipse 

I1,c I2,c I3,c 

0.13652 1.0077e-005 -0.0020067 
(d)Computation results for image with discontinuous flat ellipse 
I1,d I2,d I3,d 

0.13904 1.1417e-005 -0.0020164 
Euclidean distance 

da,b da,c dc,d db,d 

0.0062 0.0334 0.0020 0.0283 

As listed in Table 4.3, the Gegenbauer features of image (a) and (b) in Figure 4.4 

are similar.  The difference between them is approximately zero (0.0062).  The 

difference between image (c) and (d) is approximately zero too (0.0020).  This 

means that the same object with continuous and discontinuous representation will 

have similar Gegenbauer features.  This demonstrates the capability of 

Gegenbauer features to capture global shape information.  On the other hand, the 

Gegenbauer features of image (a) and (c) in Figure 4.4 are different. The 

Gegenbauer features between image (b) and (d) are also different.  This means 

that similar objects with different shapes will have different Gegenbauer features. 

This demonstrates the capability of Gegenbauer features to distinguish objects 

with different states. From above investigations, the properties of Gegenbauer 

moment invariants for 2-D image can be summarised as: 

i. The geometric transformation (including rotations and displacements) of 

a same object’s image will not influence its Gegenbauer feature. 
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ii. The Gegenbauer feature is capable of capturing global information, 

therefore, they can represent objects with discontinuous information. 

iii. The Gegenbauer feature is capable of distinguishing the differences 

between similar shapes. 

Chapter 4. Gegenbauer Feature Extraction 

Properties of Gegenbauer feature are ideal for classifying different states of facial 

parts because the classification needs to distinguish between same objects with 

small shape changes.  Furthermore, its reconstruction ability is very important to 

recover global shape information from discontinuous image edges. 

4.3 Feature definition and moment invariant models 

4.3.1 Description of drowsiness and drowsiness features 

Drowsiness is a complex human behaviour that consists of physical and 

psychological changes (Gu and Ji, 2004). The most crucial behavioural changes 

for smart surveillance systems are the expression that can be observed by a human 

eye or by a camera.  In this work, expression changes on human faces are studied 

to detect drowsiness.  There are two drowsiness patterns on human faces that can 

be observed easily. One is the mouth yawning and the other is the eye blinking. 

(Wang and Shi, 2005) (Veeraraghavan and Papanikolopoulos, 2001). The 

following figure demonstrates the human face when these expressions occur. 
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Chapter 4. Gegenbauer Feature Extraction 

(a) Blinking (b) Yawning 

Figure 4.5 Human face expressions related to drowsiness 

As in Figure 4.5, the blinking and yawning are very easily identified by human 

eyes. They can also be detected by machine vision techniques.  Most importantly, 

they represent facial behaviours when drowsiness occurs. 

A human expert can easily recognise drowsiness patterns in the images of Figure 

4.5. However, machine vision systems could confuse these drowsiness patterns 

with other human facial behaviours.  For example, human-being blinks constantly 

even under normal circumstances.  Yawning is easy for humans to identify, but 

could be confused with normal speaking behaviours by a machine.  These 

problems can be solved by using the combination of eye blinking and mouth 

yawning as a group of features to identify drowsiness.  Detection accuracy will be 

increased if drowsiness is considered as a procedure that happens in a time 

duration rather than a time point.  To avoid confusing drowsiness with other facial 

expressions, eyes and mouth patterns are grouped together as a feature 

combination in this work.  Figure 4.6 is a set of segmented facial parts images 

which are used as feature groups in a time duration. 
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Chapter 4. Gegenbauer Feature Extraction 

(a) 

(b) 

(c) 

Figure 4.6 Groups of drowsiness features over time 

(a) Left eye pattern, (b) Right eye pattern, (c) Mouth pattern. 

As can been seen from the image sequences in Figure 4.6, drowsiness behaviours 

can be identified from the image groups, hence the image groups are sufficient to 

be used to extract features for the detection of drowsiness. 

To describe drowsiness, each facial part in the feature group is defined as a 

drowsy state and a normal state.  Eye closure is defined as eye drowsy state, and 

eye opening is defined as eye normal state.  Mouth opening is considered to be 

related to yawning and defined as mouth drowsy statues.  Mouth closure is 

defined as mouth normal state.  Drowsiness can be described by facial parts with 

different states. 

Therefore, a drowsiness feature can be constructed with different states of facial 

parts.  The structure of drowsiness feature can be illustrated in the following 

diagram. 
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Drowsiness feature 

Eyes patterns 

Mouth pattern 

Chapter 4. Gegenbauer Feature Extraction 

Drowsiness state 

Eyes drowsy state 

Mouth drowsy state 

Normal state 

Eyes normal state 

Mouth normal state 

Faulty state 

Eyes faulty state 

Mouth faulty state 

Figure 4.7 Structure of drowsiness detection feature 

As in Figure 4.7, drowsiness features are constructed from three facial parts, 

which are eyes (i. e. left and right eyes) and mouth.  Every facial part has three 

states: 

i. Drowsiness state: For eyes, drowsy state is represented as closure, while 

for mouth it is represented as opening (yawning). 

ii. Normal state:  For eyes, normal state is represented as opening, while for 

mouth it is represented as closure. 

iii. Faulty state is the state when facial parts segmentation fails.  A definition 

for faulty segmentation is necessary because segmentation cannot 

achieve 100% accuracy.  There will always be segmented images that are 

faulty and when such images are used, detection accuracy will be 

decreased because no facial parts are contained in these images.  Hence, 
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Chapter 4. Gegenbauer Feature Extraction 

when an image is classified as a faulty state, it will not be used in the 

construction of the drowsiness feature. 

4.3.2 Gegenbauer moment invariant models 

To distinguish between different states, Gegenbauer state models are built for 

every facial part. The Gegenbauer models are used to compute distances between 

a facial part and a state (i.e. drowsy, normal and faulty) in Gegenbauer space.  The 

left eye Gegenbauer drowsiness model G ⎡I , I , I ⎦⎤ is defined as thedl ⎣ 1,dl 2,dl 3,dl 

average value of drowsy left eye training image moment invariants: 

N 

I =∑ I / N  (4.5)1,dl 1,i 
i=1 

N 

I2,dl =∑ I2,i / N  (4.6) 
i=1 

N 

I3,dl =∑ I3,i / N  (4.7) 
i=1 

where I , I , I are Gegenbauer moment invariants of left eye drowsiness 1,i 2,i 3,i 

training image i. ,  is the i’s left eye Gegenbauer invariant drowsy model, and Ii dl  

N is the number of the training images used to build Gegenbauer drowsiness 

model for left eye. Similarly, the left eye normal model G I⎡ , I , I ⎤⎦  andnl ⎣ 1,nl 2,nl 3,nl 

faulty model G I  , I , I are defined. Using the same concept, the rightfl ⎡⎣ 1, fl  2, fl  3, fl  ⎤⎦ 

eye drowsy model Gdr ⎡⎣I1,dr , I2,dr , I3,dr ⎤⎦ , the normal modelGnr ⎡⎣I1,nr , I2,nr , I3,nr ⎤⎦ , the 

faulty model Gfr ⎡⎣I1, fr  , I2, fr  , I3, fr  ⎤⎦ , the mouth drowsy models Gdm ⎡I1,dm , I2,dm , I3,dm ⎤ ,⎣ ⎦ 

the normal model Gnm ⎡⎣I1,nm , I2,nm , I3,nm ⎤⎦ , and the faulty model 
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Chapter 4. Gegenbauer Feature Extraction 

Gfm ⎣⎡I1, fm , I2, fm , I3, fm ⎦⎤ are defined. The computation of Gegenbauer state models 

is illustrated in Figure 4.8. 

Left eye training images 

Right eye training images 

Gegenbauer 

moment 

invariants 

1 2 3, ,I I I  

1, 2, 3, , ,dl dl dl dlG I  I  I⎡ ⎤⎣ ⎦ 

1, 2, 3, , ,fl  fl  fl  fl  G I  I  I⎡ ⎤⎣ ⎦ 

average 1, 2, 3, , ,nl nl nl nlG I  I  I⎡ ⎤⎣ ⎦ 

Gegenbauer 

moment 

invariants 

1 2 3, ,I I I  

average 

Left eye Models 

Right eye Models 

G ⎡I , I , I ⎤dr ⎣ 1, dr 2, dr 3, dr ⎦ 

G ⎡I , I , I ⎤nr ⎣ 1, nr 2, nr 3, nr ⎦ 

G ⎡I , I , I ⎤fr ⎣ 1, fr  2, fr  3, fr  ⎦ 

Mouth Models 

G ⎡I , I , I ⎤dm ⎣ 1,dm 2, dm 3, dm ⎦ 

nmG ⎡⎣ 1,I nm , I2, nm , I3, nm ⎤⎦ 

G I⎡ , I , I ⎤fm ⎣ 1, fm 2, fm 3, fm ⎦ 

Mouth training images 
Gegenbauer 

moment 

invariants 

1 2 3, ,I I I  

average 

Figure 4.8 Calculate Gegenbauer state models 

Altogether there are nine Gegenbauer moment invariant models.  After the facial 

part is segmented, the Gegenbauer moment invariants are computed.  These are 

compared with the Gegenbauer state models from which Gegenbauer distance 

vectors are computed. 
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Chapter 4. Gegenbauer Feature Extraction 

4.4 Calculation of observation vectors using distances 

For each face image, there are three facial parts.  They are left eye, right eye and 

mouth. Because of three possible states for each part, the Gegenbauer features of 

every part are compared with three Gegenbauer models, namely drowsy model, 

normal model and faulty model.  This comparison results in nine Gegenbauer 

distances for each face image.  These distances are constructed into a single vector 

as shown in Figure 4.9 
(b) (c) 

dlG 

flG

nlG 
Gegenbauer 
features of 

left eye 

ldD 

lfD

lnD lD 

dlG

flG

nlG

ldD

lfD

lnD lD

dlG

flG

nlG

ldD

lfD

lnD lD

Observation 
Vector 

1 2 3( ,  ,  )D d  d  d  

(a) 

(b) 

(b) 

(c) 

(c) 

(d) 

(d) 

(d) 
(e) 

Gegenbauer 
features of 
right eye 

(a) 

Gegenbauer 
features of 

mouth 

(a) 

Figure 4.9 Construction of observation vector 

(a) Gegenbauer feature of each facial part, (b) Three Gegenbauer models for each facial part, 

(c) Computed distances for facial parts, (d) Vectors for each facial part, (e) The vector for the face. 
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Chapter 4. Gegenbauer Feature Extraction 

In Figure 4.9, the Gegenbauer features (a) are computed for each facial part.  The 

features are compared with according Gegenbauer models (b), resulting three 

Gegenbauer (c) distances for each facial part.  Three distances form a distance 

vector (d) for the facial part. Finally, three distance vectors for different facial 

parts form the Gegenbauer observation vector (e) for the whole face.  By 

employing the Gegenbauer observation vector, all the importance information 

related to drowsiness is represented with a simple three dimensional vector, 

adding great flexibility for further processing.  The Gegenbauer distances 

D D, , D in Figure 4.9 are computed between left eye Gegenbauer features and ld l n lf 

left eye Gegenbauer models Gdl , Gnl , and Gfl . These distances form a distance 

vector Dl for left eye. Similarly, distance vectors Dr  and Dm are computed for 

right eye and mouth.  These distance vectors represent how similar a facial part to 

a pre-calculated state model.  Hence, these distance vectors are used as measures 

of similarities between a facial parts and a state (drowsy, normal and faulty).  For 

the convenience of classification, distance vectors are re-calculated as: 

1 1 1( , D , D ) = D ( ,D D  , )  (4.8)l ld  ln  lf  l  D D Dld ln lf 

1 1 1( , D , D ) = D ( ,D D  , )  (4.9)r rd  rn  rf  r  D D Drd rn rf 

1 1 1 
m ( md  , Dmn  , Dmf  ) = m ( , , )  (4.10)D D  D  

D D Dmd mn mf 

The distance vectors are then normalised.  Using left eye Gegenbauer distance 

vector as an example: 

79 



 

 

   

 

 

Chapter 4. Gegenbauer Feature Extraction 

D D  d  (4.11)l ( ld  , Dln , Dlf  ) = Dl (dl1, dl 2 , l 3 ) 

where 

Dlddl1 =  (4.12)
D + D + Dld ln lf 

Dd = ln  (4.13)l 2 D + D + Dld ln lf 

Dlfdl 3 =  (4.14)
D + D + Dld ln lf 

Finally, all three distance vectors for different facial parts are integrated into one 

distance vector D d( ,  d , d ) as:1 2 3 

d + d + dl1 r1 m1d1 = 3  (4.15) 
∑dli + dri + dmi 
i=1 

dl 2 + dr 2 + dm2d2 = 3  (4.16) 
∑dli + dri + dmi 
i=1 

d + d + dl 3 r 3 m3d3 = 3  (4.17) 
∑ dli + dri + dmi 
i=1 

where d1 stands for drowsy state, d2 stands for normal state and d3  represents 

segmentation information.  If d > d + d , there is a high probability for the facial 3 1 2 

parts to be segmented inaccurately.  Using such results will most possibly 

decrease the overall detection accuracy.  Therefore, the image is not further 

processed under this circumstance. 
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4.5 Pseudo code for Gegenbauer feature extraction 

Figure 4.10 is the pseudo code used for Gegenbauer feature extraction. 
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Function: ComputeGegenbauerFeatures(Pimages (mLeft, mRight, mBottom)) 

Return: GegenbauerFeature Gfeature. 

GegenbauerFeature ComputeGegenbauerFeatures(Pimages (mLeft, mRight, mBottom)) 

Load pre-computed Gegenbauer parameters; 

Initial image index between [-1, 1 L 

Compute stride for discrete integration; 

For every image in Pimages 

Compute Gegenbauer moments use stride and Gegenbauer parameters; 

Compute Gegenbauer feature using Gegenbauer moments; 

Gfeature.Left � mLeft Gegenbauer moments feature; 

Gfeature.Right � mRight Gegenbauer moments feature; 

Gfeature.Mouth � mBottom Gegenbauer moments feature; 

End For; 

Return Gfeature; 

Structure: Distances { D 1, D2, D3}; 

Structure GegenbauerDistances {Left, Right, Mouth}; 

Function: ComputeGegenbauerDistances(GegenbauerFeature Gfeature). 

Return: GegenbauerDistances Gdistance. 

GegenbauerDistances ComputeGegenbauerDistances(GegenbauerFeature Gfeature); 

Gdistance.Left.Dl � compute distance between Gfeature. left and 

LeftEyeGegenbauerModel.Drowsy; 

Gdistance.Left.D2� compute distance between Gfeature. left and 

LeftEyeGegenbauerModel.Normal; 

Gdistance.Left.D3� compute distance between Gfeature. left and 

LeftEyeGegenbauerModel.Faulty; 

Gdistance.Right.Dl � compute distance between Gfeature.right and 

RightEyeGegenbauerModel.Drowsy; 

Gdistance.Right.D2� compute distance between Gfeature.right and 

RightEyeGegenbauerModel.Normal; 

Gdistance.Right.D3� compute distance between Gfeature.right and 

RightEyeGegenbauerModel.Faulty; 

Gdistance.Mouth.Dl � compute distance between Gfeature.mouth and 

MouthGegenbauerModel.Drowsy; 

Gdistance. Mouth.D2� compute distance between Gfeature. mouth and 

MouthGegenbauerModel.Normal; 

Gdistance. Mouth.D3� compute distance between Gfeature. mouth and 

MouthGegenbauerModel.Faulty; 

Return Gdistance; //return the Gegenbauer distances of partial images. 

Structure GegenbauerObservationVector {dl,  d2}; 
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Chapter 4. Gegenbauer Feature Extraction 

Figure. 4.10 Pseudo code for Gegenbauer vector computation 

The equivalent flow chart of the above pseudo code for Gegenbauer vector 

computation algorithm is presented in Appendix F, Figure F.2. 

4.6 Summary 

This chapter discussed the development of the Gegenbauer feature extraction 

method for the detection of drowsiness.  Gegenbauer state models are pre-built 

using training images.  Gegenbauer features are computed from segmented face 

images.  These features are then compared with the state models to compute 

Gegenbauer distances. Three distance vectors are computed for two eyes and 

mouth image respectively.  Finally, these distance vectors are normalised and 

organised into a Gegenbauer observation vector to represent the drowsiness 

information in the input image.  The Gegenbauer feature extraction process 

computes a vector for every image in a video clip in every frame.  These vectors 

are then used as the input for the Hidden Markov Model classifier. 
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Chapter 5. Design of An HMM Classification System 

CHAPTER 5: DESIGN OF A HIDDEN MARKOV CLASSIFIER 

Following Gegenbauer feature extraction, Gegenbauer observation vectors need to 

be classified to detect drowsiness behaviours. There are two important properties 

with respect to drowsiness observation vectors. Firstly, these observation vectors 

are time-series data. Secondly, these observation vectors are not actual drowsy or 

normal behaviours, but visible outputs of these hidden behaviours. The hidden 

Markov model (HMM) is a powerful tool for time-series data analysis. 

Additionally, a HMM is capable of identifying hidden states from the observed 

inputs, which makes it an ideal approach for behavioral analysis. In this work, a 

dual-observation HMM is developed to identify the hidden state sequences and 

hence to recognize hidden facial behaviours. 

5.1 Introduction of hidden Markov model 

The hidden Markov model (HMM) can be described as a mathematical model that 

consists of a finite set of states. Each state in the model is associated with 

emission probabilities which lead to outputs/observations (Durand and Hoberman, 

2006). Transitions among the states are computed by a set of transition 

probabilities. In a particular state an observation can be generated according to 

the associated emission probability. Observations of an HMM are visible, but the 

actual states are hidden. In the work of this thesis, the hidden states of the HMM 
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Chapter 5. Design of An HMM Classification System 

are drowsy or normal states, the observations of the HMM are the Gegenbauer 

observation vectors. The parameters of an HMM can be determined from known 

observations and their hidden states through training. 

HMM is derived from Markov models. In a Markov model, states are directly 

visible, current state only depends the on last state and transition probabilities. 

However, states are not visible in an HMM. Instead, observations of states are 

visible. Each state has a set of emission probability over its possible observations. 

Therefore, the observation sequences give information about states indirectly in 

an HMM. The structure of an HMM can be illustrated in Figure 5.1. 

x(t 1) x(t+1) x(t) 

y(t 1) y(t+1) y(t) 

b1 b2 b3 

a12 a23 

Figure 5.1 Structure of a HMM 

Consider a segment of time-series HMM, in which x(t) is the states of HMM at 

time t and y(t) is the observation for the state x(t). In a classic HMM, it is 

assumed that the state of x(t) only depends on the state of x(t − 1), and there is 

only one observation y(t) for a state x(t). A number of previous applications 

related to behaviour recognition have been developed based on the classic HMM. 

These applications include face expression recognition systems (Zhu et al., 2002, 

Zhou et al., 2004), gait recognition systems (Sundaresan et al., 2003) and voice 

recognition systems (Rabiner, 1989) et al. HMM is often applied when actual 

states are not accessible. 
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Chapter 5. Design of An HMM Classification System 

5.2 Design of a dual-observation hidden Markov model 

In this work, there are two observations are computed, which are d1 from 

drowsiness Gegenbauer distance and d2 from normal distance. Therefore, every 

hidden state is related with two observations. A dual-observation HMM is 

developed to process both observations at each time in the model. The structure 

of the HMM can be illustrated in Figure 5.2. 

State ( ) iS tState ( 1) iS t − (t+1)… 

(t+1)… 

Hidden states 

1
( 1) d t − 

2
( 1) d t − 1

( )d t 
2
( )d t 

transition transition transition 

emission emission 

Visible observations 

Figure 5.2 Dual-observation HMM 

As illustrated in Figure 5.2, the probability of current hidden state Si ( )t is 

computed with the probability of last state Si (t −1) . Two hidden states are defined 

to model hidden facial behaviours, which are Sd ( )t for drowsy behaviours and 

S ( ) for normal behaviours. Therefore, ∈ (S S ( )) . There are two t S ( )t ( ),t t 
n i d n 

observations d
1
( )t and d

2
( )t for each hidden state Si ( )t . These observations are 

computed in the Gegenbauer feature extraction process at each time t. The 

parameters (i. e. transition and emission probabilities) for the dual-observation 

HMM are defined in the following sections. 
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Chapter 5. Design of An HMM Classification System 

5.2.1 Emission probability and observations 

From Gegenbauer feature extraction process, (d1,d2 ) are the observations for 

drowsy state and normal state. The probability of a hidden state to generate an 

observation can be computed with the defined emission probabilities. The 

relationships between states and observations can be illustrated by the following 

graph in Figure 5.3.

错误！ 
Data from Time t −1 

(Time t) 

Drowsy state ( )dS t 

Normal state ( )n S t 

Drowsy Observation 1( )d t 

Normal Observation ( )d2 t 

Hidden States Visible observations 

Probability 

distributions 

Data to Time t +1 

Figure 5.3 Hidden states and visible observation 

At time t, the state of the HHM Si ( )t could be drowsy state Sd ( )t or normal 

states Sn ( )t . To calculate the probabilities for each state generating a certain 

observation, a set of emission probabilities is defined as B(B , B ) , where B is1 2 1 

the probability set for state Sd ( )t and B2 is the probability set for state Sn ( )t 

(Durand and Hoberman, 2006). B and B are defined as B = {b ,b } , where1 2 1 1 2 

b + b = 1 ; B = {b ,b }, where b + b = 1.1 2 2 3 4 3 4 

b = p{o = d ( ) |t S = S ( )}t (5.1)1 t 1 t d 

b2 = { t = d2 ( ) | S = S t (5.2)p o t t d ( )} 
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Chapter 5. Design of An HMM Classification System 

where b1 is the probability of observing the drowsy distance d1( )t when the 

current state is Sd ( )t , while b2 is the probability of observing normal distance 

d2 ( )t when the current state is Sd ( )t . 

b = p{o = d ( ) |t S = S ( )}t (5.3) 3 t 1 t n 

b = { = d ( ) | S = S tp o t ( )} (5.4) 4 t 2 t n 

Similarly, b3 and b4 are the probabilities of observing the drowsy distance d1( )t 

and the normal distance d2 ( )t when current state is Sn ( )t . Using the above 

definitions, the probability of the current state to generate a certain observation 

can be computed with input observation vectors and emission probabilities as 

shown in Figure 5.4. 

( ) dS t 

( ) n S t 

1( )d t 

2 ( )d t 

Current 

Sates 

1( )d t 

2 ( )d t 

1 1( ( ) | ( )) db p d t S t= 

2 2( ( ) | ( )) db p d t S t= 

3 1( ( ) | ( )) n b p d t S t= 

4 2( ( ) | ( )) n b p d t S t= 

Figure 5.4 Emissions from states to observations 

This model is different from classic HMM because there are observations for each 

state at a time t. In classic HMM, there is only one observation input at a time t 

(e.g. drowsy observation d1( )t or normal observation d2 ( )t ). An observation 

sequence is a sequence of single observations like d1(t − 4) , d2 (t − 3) , d1(t − 2) , 

d2 (t −1) , d1( )t . However, the classic approach is not flexible enough for the 

cases where observations contain multiple factors. For example, instead of d1( )t 
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Chapter 5. Design of An HMM Classification System 

or d2 ( )t state, two observation ( d1( )t , d2 ( )t ) needs to be processed by the HMM. 

To deal with two observations, different calculation method for state probabilities 

are derived for the proposed HMM. As shown in Figure 5.4, instead of two 

emission probabilities and an observation for the hidden states at time t, there are 

four emission probabilities and two observations. State probabilities are 

computed by both emission probability pairs for d1( )t and d2 ( )t . 

5.2.2 States and transition probabilities 

The probabilities of current state are calculated using previous states and 

transition probabilities, as in Figure 5.5. 

Drowsy 

Normal 

Time (t 1) 

Drowsy 

Normal 

Time (t) 

Drowsy 

Normal 

Time (t+1) 

Observation Observation Observation 

Figure 5.5 States transition 

The probabilities of current states at time (t) are calculated by a set of transition 

probabilities and the last state at time (t 1). The state with the maximum 

probability is considered as the current states. In the example of Figure 5.5, 

normal state results in maximum probability at time t. Hence, the current state at 

time t is normal state. Similarly, the state probabilities at time (t+1) are 

computed with the state probabilities at time t. The next state at time (t+1) is also 

a normal state since the normal state at time (t+1) also results in maximum 

probability. A set of transition probability A(A1, A2 ) is defined for the proposed 
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Chapter 5. Design of An HMM Classification System 

HMM, where A1 is the transition probability set for drowsy state and A2 is the 

transition probability for normal state. A1 and A2 are defined as 

A = {a ,a }, where a + a = 1; A = {a ,a }, where a + a = 1.1 1 2 1 2 2 3 4 3 4 

p(S = S ( ) | S = S (t −1)) (5.5) a = t1 t d t−1 d 

p(S = S ( ) | S = S (t −1)) (5.6) a = t2 t n t−1 d 

where a1 is the probability of the current state to be Sd ( )t when last state is 

Sd (t −1) , while a2 is the probability of the current state to be Sn ( )t when the last 

state is Sd (t −1) . Similarly, 

p(S = S ( ) | S = S (t −1)) (5.7) a = t3 t d t−1 n 

p(S = S ( ) | S = S (t −1)) (5.8) a = t4 t n t−1 n 

With the emission probabilities and the transition probabilities, the overall 

structure of the HMM could be illustrated in the following Figure. 

Time 

t 1 

t 

t+1 

( ) dS t( ) n S t 

1( )d t 

2 ( )d t 

1b 

2b 

3b 

4b 

1( )d t 

2 ( )d t 

( 1) dS t −( 1) n S t − 

Hidden States Observations 

1a
3a4a 2a 

Figure 5.6 Overall structure of the proposed HMM 
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Using the defined parameters for the proposed HMM, the state for each time t and 

Markov path can be estimated by using Gegenbauer observation vectors. 

5.3 Hidden state sequences estimation 

5.3.1 The Viterbi algorithm 

The aim of HMM in this work is to decide the most probably state sequence using 

a sequence of Gegenbauer observation vectors. This can be achieved by searching 

exhaustively through the entire possible hidden paths. This involves listing all 

possible sequences of hidden states and finding the probability of the observed 

sequence for each of the combinations. The most probable sequence of hidden 

states is the combination that maximises the probability of generating the given 

observation sequence. 

… 
( 1) dS t −

( 1) n S t −

( )dS t 

( 1) nS t +

d 

( )nS t 

( )S t 

(t 1) t (t+1) 
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Figure 5.7 Exhaustively searching of hidden paths 

This approach is viable, but to find the most probable sequence by exhaustively 

calculating each combination is computationally expensive. For instance, in 

Figure 5.7, the possible paths from time t 1 to time t are: Sd (t −1) → Sd ( )t , 

S (t −1) → S ( )t , S (t −1) → S ( )t and S (t −1) → S ( )t . The number of d n n d n n 
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possible paths is 2*2=4. From time t 1 to time t+1, the number of possible paths 

will be 2
3
=8…at time T, the number of path is increased 2

T 
times. To avoid this 

exponential increase of the computational complexity, Viterbi algorithm (Viterbi, 

1967) is employed to compute the maximum probability hidden path. The main 

concept of Viterbi algorithm is recursively finding the most probable sequence of 

hidden states given an observation sequence and a HMM. First, a partial 

probability is defined, which is the probability of reaching a particular 

intermediate state in the HMM. These partial probabilities represent the 

probability of the most probable intermediate path to a state at time t, instead of 

the total probability at time T, where T is the total time of the video sequence. At 

time t+1, there is a most probable path for each intermediate state Sd (t +1) and 

S (t +1) , where S (t +1) is the drowsy state at time t+1 and S (t +1) is the n d n 

normal state at time t+1. For example, the most probable path for drowsy state 

Sd (t +1) is Sd (t −1) → Sn ( )t → Sd (t +1) and the most probable path for normal 

state S (t +1) is S (t −1) − S ( )t − S (t +1) . These paths are defined as partial n n d n 

best paths. Each of these partial best paths has an associated probability, the 

partial probability ( i ( )) , in which t is the intermediate time and Pt S t 

S ( )t ∈{ ( ),t S t is the intermediate state at time t. Assuming P S tS ( )} ( ( )) is the i d n t i 

probability of the most probable path to the state, then it is the maximum 

probability of all sequences ending at state i at time t. The partial best path is the 

sequence that achieves this maximal probability. Such a probability (and partial 

path) exists for each possible value of i and t. 
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5.3.2 Computing of partial probabilities 

The partial probabilities are calculated with the known current observation and 

probabilities of the previous states. Hence when t = 1, the probability of being in 

a particular state is calculated by the observation at t=1 and emission 

probabilities. At time t=1, the partial probabilities are calculated as: 

P (S (1)) = d (1)×b + d (1)×b (5.9) 1 d 1 1 2 2 

P1(Sn (1)) = d1(1)×b3 + d2 (1)×b4 (5.10) 

where d1(1) , d2 (1) is the Gegenbauer observation vector at time t=1 and 

(b1,b2 ,b3 ,b4 ) are emission probabilities. The two partial probabilities calculated 

by equation (5.9) and (5.10) are then used to calculate the partial probabilities at 

time 2. 

For a certain state in time t=2, the best partial path is the one that achieve the 

maximum probability to this state. For instance, there are two possible paths at 

time t=2 that ends at state Sd (2) , which are transitions Sd (1) → Sd (2) and 

S (1) → S (2) . Similarly, the paths for state S (2) of time t=2 are n d n 

Sd (1) → Sn (2) and Sn (1) → Sn (2) . From above discussions, at time t=2, the 

probabilities for the transitions are calculated as: 

T (Sd (1) → Sd (2)) = P1(Sd (1))× a1 for Sd (2) (5.11) 

T (S (1) → S (2)) = P (S (1))× a for S (2) (5.12) d n 1 d 2 n 

T (S (1) → S (2)) = P (S (1))× a for S (2) (5.13) n d 1 n 3 d 

T (Sn (1) → Sn (2)) = P1(Sn (1))× a4 for Sn (2) (5.14) 
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where P (S (1)) and P (S (1)) are the partial probability at time t=1;1 d 1 n 

(a , a ,a , a ) are transition probabilities of the HMM. 1 2 3 4 

To calculate the partial probabilities of generating specified observation vector 

( d1(2),d2 (2) ) at time t=2, Figure 5.6 is considered. It can be seen that there are 

two parts for each probability (of a specified state). One of them is generated 

from the drowsy part of the observation d1(2) and the other from the normal part 

of the observation d2 (2) . Hence, the partial probability at time t=2 should be 

calculated as: 

P (S (1) → S (2)) = P (S (1))× a ×b × d (1) + P (S (1))× a ×b × d (1) (5.15) 2 d d 1 d 1 1 1 1 d 1 2 2 

P (S (1) → S (2)) = P (S (1))× a ×b × d (1) + P (S (1))× a ×b × d (1) (5.16) 2 n d 1 n 3 1 1 1 d 3 2 2 

P (S (1) → S (2)) = P (S (1))× a ×b × d (1) + P (S (1))× a ×b × d (1) (5.17) 2 d n 1 d 2 3 1 1 d 2 4 2 

P (S (1) → S (2)) = P (S (1))× a ×b × d (1) + P (S (1))× a ×b × d (1) (5.18) 2 n n 1 n 4 3 1 1 n 4 4 2 

If P (S (1) → S (2))   P (S (1) → S (2)) , then S (1) → S (2) is the best partial 2 d d 2 n d d d 

path for Sd (2) at time t=2. The best partial probability for Sd (2) at time t=2 is: 

P (S (2)) = P (S (1) → S (2)) (5.19) 2 d 2 d d 

Similarly, if P (S (1) → S (2))   P (S (1) → S (2)) , then S (1) → S (2) is the 2 d n 2 n n d n 

best partial path for Sn (2) at time t=2. The best partial probability for Sn (2) at 

time t=2 is: 

P (S (2)) = P (S (1) → S (2)) (5.20) 2 n 2 d n 

Therefore, if the maximum partial probability at time t is P (S ( )) and P (S ( )) ,t t t d t n 

the maximum partial probability at time t+1 can be calculated as: 
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Chapter 5. Design of An HMM Classification System 

( )) d t t × a ×b × d ( )), P (S (t +1)) = MAX ((P (S t × a ×b × ( ) + P (S ( )) t t+1 d t d 1 1 1 t d 1 2 2 

(P (S ( ))× a ×b × d t + P (S t × a ×b × d ( ))) t ( ) ( )) t (5.21) t n 3 1 1 t d 3 2 2 

and P (S (t +1)) = MAX ((P (S ( ))× a ×b × d t + P (S t × a ×b × d ( )), t ( ) ( )) t t+1 n t d 2 3 1 t d 2 4 2 

P Sn ( ))× a4 × 3 × 1( ) + Pt (Sn t × a4 ×b × d2 ( ))) ( t ( t b d t ( )) 4 t (5.22) 

The path that results P (S (t +1)) is considered as the partial best path to t+1 d 

S (t +1) at time t+1 and P (S (t +1)) is defined as the partial best probability d t+1 d 

for S (t +1) . Similarly, the path that results P (S (t +1)) is considered as the d t+1 n 

partial best path to S (t +1) at time t+1 and is P (S (t +1)) defined as the partial n t+1 n 

best probability for Sn (t +1) . 

5.3.3 Hidden states estimation using Viterbi algorithm 

This recursive computation of partial probabilities continues to the end of the 

HMM, where the total max probability is found. Figure 5.8 illustrates the 

computation of partial probabilities. 

(1) dS 

(1) n S 

(2) dS 

(2) n S 

(3) dS 

(3) n S 

(t=1) t=2 t=3 …T 

Figure 5.8 Searching strategy of Viterbi algorithm 

Comparing Figure 5.8 with exhaustive search strategy Figure 5.7, Viterbi 

algorithm reduces the computation greatly by eliminating redundant calculation 

for the same links in the recursive computation. That is, the number of links in 

the Viterbi algorithm is less than that of the exhaustive searching strategy. It is 
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advantageous to compute the partial probability for each intermediate and end 

state using the Viterbi algorithm. The aim is to find the most probable sequence 

of states through the HMM given an observation sequence. Therefore, every 

intermediate states through the HMM should be recorded through the process. 

Although the intermediate states can be calculated with the back pointer method 

(i. e. see Appendix C), it is better to avoid the additional calculation. As 

illustrated in Figure 5.8, there is a partial best path for every state at a time t. 

Such as best partial path consists of partial path of last states that are linked to 

current state. Consider time t=1 to time t=3 as an example. Since there is no 

sensible partial best path for states at time t=1, the path should be Sd (1) and 

S (1) . The best partial paths at time t=2 is the link from S (1) → S (2) and the n d d 

link from Sn (1) → Sn (2) . Similarly, the best partial path at t=3 is the link from 

S (2) → S (3) and the link S (2) → S (3) . Therefore, the full paths at time t=3 d n d n 

are Sn (1) → Sn (2) → Sd (3) for Sd (3) and Sd (1) → Sd (2) → Sn (3) for Sn (3) . 

Thus, if all the partial paths to time T (the end of sequences) are recorded, the full 

paths can be constructed with these partial paths. This solution is not applicable 

for infinite Markov chains, but can be easily applied to finite Markov chains in 

which memory resources are sufficient. 

5.4 Training of the hidden Markov model parameters 

From the discussion above, a hidden state sequence can be estimated by an 

observation sequence and a known HMM. The parameters for the HMM needs to 

be trained before classification. If hidden states are given for the observations, the 
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Chapter 5. Design of An HMM Classification System 

HMM parameters can be calculated by using the maximum likelihood estimation 

from known states and observations. However, in most of HMM applications, the 

hidden states are not given. When the hidden states are unknown, heuristics are 

usually employed to estimate the parameters. Baum-Welch algorithm (Bilmes, 

1998) is one of the most powerful algorithms to estimate HMM parameters with 

only observation sequences. In Baum-Welch algorithm, parameters are estimated 

empirically by guessing initial parameter values, then estimating the likelihood of 

the data under the current parameters. These likelihoods can then be used to re-

estimate the parameters, iteratively until a local maximum is reached. In 

drowsiness detection, hidden states are unknown human behaviours. Baum-

Welch algorithm is employed to train the HMM based on observation sequences. 

This work uses the Baum-Welch function in Matlab discrete hidden Markov 

models toolbox, which presented an optimised solution for estimating the HMM 

parameters. The calculation of partial probabilities of Baum-Welch algorithm is 

discussed in the following sections. 

5.4.1 Problem associated with HMM training 

The HMM is defined by its transition probabilities A and emission probabilities B. 

Given a set of Gegenbauer observations, the aim of training process is to choose A 

and B that will maximise the probabilities of generating these observations. The 

main processes behind the Baum-Welch algorithm is as follows (Hoberman et. al., 

2006): 

i. Choose initial values for the HMM ( A, B ). 
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Chapter 5. Design of An HMM Classification System 

ii. Calculating the overall probability of transition from state Si to state S j 

using the current HMM parameters. 

iii. Count the overall probability of states Si emits observation Ok . 

iv. Update A, B from results of step 2 and step 3. 

v. Repeat if not converged. 

To calculate step i and ii, two partial probabilities are needed: 

i. The probability of HMM in state Sd ( )t and Sn ( )t at time t, given the 

observation set and HMM parameters. 

ii. The probability of HMM in state Sd (t +1) and Sn (t +1) at time t+1, 

given the observation set and HMM parameters. 

The first probability is calculated using the forward algorithm, while the backward 

algorithm calculates the second probability. 

5.4.2 The Forward algorithm 

The forward algorithm is developed to find the probability of an observation 

sequence given an HMM. That is, it is assumed that the parameters (A, B) are 

known. Before the optimized parameters are trained, an initial set of values is 

used to calculate the probability in the forward algorithm. Exhaustive search is 

computationally expensive. Therefore, recursive method is used to reduce 

computation. A partial probability is defined for the forward algorithm, which is 

the probability of reaching an intermediate state at time t, given an observation 

and the initial HMM parameters. The partial probability in forward algorithm is 

the summation of all the probabilities instead of maximum probability as in 
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Viterbi algorithm. This is because all the hidden paths are possible path for the 

given observation. Hence, all the probabilities for the observation are counted. 

The forward algorithm calculates the total partial probabilities recursively with the 

observation sequence and the HMM. These partial probabilities represent the 

probability of reaching a certain state at time t given the observation and HMM 

parameters. Figure 5.9 illustrated the procedure for computing forward partial 

probabilities. 
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( )dS t 

( )nS t 

1( ),d 2 ( )t d t 

T 

Hidden states 

time ttime 1 time 2 

Observation vectors 

Figure 5.9 Forward algorithm given HMM and observation vectors 

At time t, the probabilities for reaching each intermediate state Sd ( ),t Sn ( )t can be 

calculated with the partial probabilities at time t 1. There are two probable partial 

paths for drowsy state S ( )t at time t, which are S (t −1) → S ( )t and d d d 

S (t −1) → S ( )t . The probability to reach state S ( )t at time t is the summation n d d 

of both paths’ probabilities. Similarly, the total probability to reach state Sn ( )t at 

time t is the summation of the probabilities for paths Sd (t −1) → Sn ( )t and 

Sn (t −1) → Sn ( )t . The recursive computation of the forward partial probabilities 

is illustrated in Figure 5.10. 
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S 

( 1) 
d 

S t − 

( 1) n S t − 

( ) dS t 

S 

S 

S 

S 

( 1) dS t − 

( 1) n S t − Sn ( )t 

Partial probability for S ( )td Partial probability for S ( )t n 

Figure 5.10 Forward partial probabilities computation 

Since there is no previous state when t = 1, the probability of being in a particular 

state is calculated by the observation at t=1 and emission probabilities. At time 

t=1, the forward partial probabilities are defined as: 

� (S (1)) = d (1)×b + d (1)×b (5.23) 1 d 1 1 2 2 

�1(Sn (1)) = 1(1)×b + d2 (1)×b (5.24) d 3 4 

where �1 is the forward partial probability at time t=1, ( d1(1), d2 (1) ) is the 

Gegenbauer observation vector at time t=1 and (b1,b2 ,b3 ,b4 ) are emission 

probabilities. The two partial probabilities are used to calculate the partial 

probabilities at time t=2. 

For a certain state in time t, the partial probability is the summation of 

probabilities for the paths from all states in time t 1. For instance, there are two 

paths at time t that ended at state S ( )t , which are S (t −1) → S ( )t and d d d 

Sn (t −1) → Sd ( )t . The probability of Sd (t −1) → Sd ( )t is � t−1(Sd (t −1))× a1 and 
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the probability of S (t −1) → S ( )t is � (S (t −1))× a . So the partial probability n d t−1 n 3 

for state Sd ( )t at time t is: 

t ×b × ( ) � (S ( )) = (� (S (t −1))× a + � (S (t −1))× a ) d t t d t−1 d 1 t−1 n 3 1 1 

+(� (S (t −1))× a + � (S (t −1))× a )×b × d ( )t (5.25) t−1 d 1 t−1 n 3 2 2 

( ) t= (� (S (t −1))× a + � (S (t −1))× a )× (b × d t + b × d ( )) t−1 d 1 t−1 n 3 1 1 2 2 

where (� (S (t −1))× a + � (S (t −1))× a ) is the probability of transiting from t−1 d 1 t−1 n 2 

time t 1 to state S ( )t at time t; b × d ( )t is the probability of state S ( )t emit to d 1 1 d 

observation d ( )t and b × d ( )t is the probability of S ( )t emit to observation 1 2 2 d 

d2 ( )t at time t. Similarly, the partial probability for state Sd ( )t at time t is: 

� (S ( ))t = (� (S (t −1))× a + � (S (t −1))× a )× (b × d ( )t + b × d ( ))t (5.26) t n t−1 d 2 t−1 n 4 3 1 4 2 

where (� (S (t −1))× a + � (S (t −1))× a ) is the probability of reaching to t−1 d 2 t−1 n 4 

state S ( )t from time t 1; and b × d ( )t , b × d ( )t are the probabilities of n 3 1 4 2 

Sn ( )t emitting to observation d1( )t , d2 ( )t at time t. Therefore, given estimated 

HMM parameters (A,B) and an observation sequence D , the probability of 

reaching a state Si at time t can be calculated using forward algorithm. 

5.4.3 The backward algorithm 

The forward algorithm computes the probabilities at time t by using the 

probabilities at time t 1, t 2, t 3… and so forth. On the other hand, the backward 

algorithm computes the probabilities at time t by using the probabilities at time 

t+1, t+2, t+3… until the end of the HMM. Figure 5.11 illustrates the backwards 

algorithm. 
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( 1) 
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S t + 
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Partial probability for S ( )tPartial probability for Sd ( )t n 

Figure 5.11 Backward algorithm 

To compute the probabilities recursively, partial probabilities are used. At time T 

(i. e. the end of the sequences), the partial probability is initialized as (Bilmes, 

1998): 

ωT (Si (T )) = 1 (5.27) 

In the backward algorithm, the partial probabilities at time t can be calculated 

using the partial probabilities at time t+1. The calculation continues recursively 

until it reaches time t=1. Assuming that time t=1 is the beginning of the 

sequences. 

Similarly to forward algorithm, there are partial probabilities for both states Sd ( )t 

and S ( ) at time t, which are ω (S ( )) and ω (S ( )) . Since there are two t t t n t d t n 

possible paths to Sd ( )t from time t+1 to time t, ω t (Sd ( ))t are calculated as the 

summation of the probabilities for both paths. 

t t ω
+ ( a ( a 1 d tω (Sd ( )) = ( t 1(Sd t +1))× 1 +ω t+1(Sn t +1))× 3 )× (b × 1( ) + b2 × d2 ( ))t (5.28) 

where ω (S (t +1))× a is the probability of transiting through path t+1 d 1 

S (t +1) → Sd ( )t from time t+1 to time t and ω (Sn (t +1))× a3 is the probability d t+1 
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of path S (t +1) → S ( )t ; while b × d ( )t and b × d ( )t are probabilities of n d 1 1 2 2 

emitting S ( )t to d ( )t and S ( )t to d ( )t at time t. The partial probability d 1 d 2 

ω t (Sn ( )) is calculated as: t 

ω (Sn ( )) = ( t 1(Sd (t +1))× a2 +ω t+1(Sn (t +1))× a4 )× (b × 1( ) + b × d2 ( )) (5.29) t t ω
+ 3 d t 4 t 

where ω t+1(Sd (t +1))× a2 is the probability of transiting through path 

Sd (t +1) → Sn ( )t from time t+1 to time t and ω t+1(Sn (t +1))× a4 is the probability 

of path Sn (t +1) → Sn ( )t ; while b3 × d1( )t and b4 × d2 ( )t are probabilities of 

emitting Sn ( )t to d1( )t and Sn ( )t to d2 ( )t at time t. 

Therefore, given HMM parameters and observation sequence, the probability of 

reaching a state S j ( )t at time t can be computed from time T to t with the 

backward algorithm. Having computed the forward and backward probabilities, 

the parameters of HMM is then re-estimated with Baum-Welch algorithm. In the 

work of this thesis, the parameters are estimated with Baum-Welch algorithm 

available in Matlab HMM toolbox. The HMM parameters are them imported into 

a integrated program for the classification of drowsiness in accordance with 

Viterbi Algorithm. 

5.5 Pseudo code for HMM classification processes 

Figure 5.12 is the pseudo code for the implementation of HMM classification. 
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Figure 5.12 Pseudo code for HMM classification 

The equivalent flow chart of the above pseudo code for HMM classification is 

presented in Appendix F, Figure F.3. 
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5.6 Summary 

This chapter has discussed the design of an HMM, which is used to model the 

time series Gegenbauer observation vectors and their corresponding hidden states. 

Based on concepts of forward and backward algorithms, specific computational 

methods are presented to calculate forward and backward partial probabilities. 

Matlab Baum-Welch algorithm is employed to estimate HMM parameters. The 

estimation of the hidden states is computed using Viterbi algorithm. 
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Chapter 6 Experimental result analysis 

CHAPTER 6: ANALYSIS OF EXPERIMENTAL RESULTS 

This chapter discusses experiments conducted to estimate the proposed system. 

There are four parts in the experiments. The first part calculates the parameters 

for face segmentation and presents segmentation results. The second part 

calculates parameters for Gegenbauer models and presents feature extraction 

results. The third part presents overall detection results with the HMM. Finally, 

in the forth part, the experimental results are analysed and compared with 

previous research work. 

6.1 Segmentation parameters and segmentation results 

6.1.1 Determination of skin colour model parameters 

The simplified skin colour model is a line segmentation with width in two 

dimensional (r, g) space. Equation 3.6 requires seven parameters to compute 

colour distances: maximum and minimum value for normalized colour red rmin, 

rmax; maximum and minimum value for normalized colour green gmin, gmax; 

maximum and minimum value for distance lmin, lmax; and the gradient of the line 

segmentation k. To compute the parameters for equation 3.6, 55 samples of facial 

images are used as training data. The average (r, g) values for every image were 

used to compute the parameters of the skin colour model in accordance with 

equation 3.6. These average values are listed in Table 6.1 
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Chapter 6 Experimental result analysis 

Table 6.1 Average (r, g) values for skin pixel sample groups 

Group No. r value g value 

1 0.3927105 0.3161316 

2 0.3926131 0.3191305 

3 0.4446301 0.3333704 

4 0.4164030 0.3131694 

5 0.4875089 0.3376414 

6 0.3793893 0.3241564 

7 0.3760000 0.3248372 

8 0.3929250 0.3221442 

9 0.3860159 0.3197598 

10 0.3574273 0.3269728 

11 0.3561900 0.3314588 

12 0.4605420 0.3043919 

13 0.3698979 0.3251946 

14 0.4039511 0.3106233 

15 0.4475641 0.2853913 

16 0.4610740 0.3007819 

17 0.4251609 0.3140295 

18 0.4267446 0.3111745 

19 0.4239816 0.3168974 

20 0.4089544 0.3136617 

21 0.3940998 0.3168461 

22 0.4322213 0.3110510 

23 0.4929243 0.3022121 

24 0.4319267 0.3125646 

25 0.4528359 0.2953591 

26 0.4651306 0.3126591 

27 0.4304304 0.3140342 

28 0.3971795 0.3004579 

29 0.4441927 0.3221683 

30 0.4162821 0.2987078 

31 0.4370839 0.3326037 

32 0.4421277 0.3155625 

33 0.3935528 0.3137675 

34 0.4301420 0.2963874 

35 0.3960567 0.3121283 

36 0.3650607 0.3209482 

37 0.3763409 0.3296767 

38 0.4042006 0.3263092 

39 0.3944455 0.3129082 

40 0.4403255 0.3010267 

41 0.3974440 0.3036125 

42 0.3916591 0.3160900 

43 0.4373949 0.3001847 

44 0.4436446 0.3098953 

45 0.4297540 0.3043925 

46 0.4591816 0.2989718 

47 0.4227395 0.3045101 

48 0.3863230 0.3138070 

49 0.3919935 0.3221946 

50 0.3972118 0.3144588 

51 0.4487495 0.3238848 

52 0.4828720 0.3138507 

53 0.4586252 0.3050461 

54 0.3932563 0.3214312 

55 0.3791467 0.3243571 
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Chapter 6 Experimental result analysis 

If these average (r, g) values are considered as individual data points on the skin 

colour model, the gradient k can be calculated from these points using the linear 

regression of the skin colour model. In this work, k is calculated using a linear 

regression function. 

Figure 6.1 Linear regression of sample skin colour 

Figure 6.1 is the graph of normalised g against r. The solid line segmentation is 

the estimated linear regression of the skin samples, which are represented as the 

solid points in the graph. The function below the graph is the linear regression 

equation of r and g as computed using Matlab. Therefore, gradient k defined in 

equation 3.6 are estimated as -0.1273 in the linear regression equation. This 

equation had been derived using the least square method. Using Table 6.1, 

parameters rmin, rmax were estimated as the maximum and minimum value of 

average r, where rmin = 0.3561900 and rmax = 0.4929243. Similarly, gmin, gmax 

were estimated as the maximum and minimum value of average g, where gmin = 

0.2853913 and gmax = 0.3376414. Parameter lmin and lmax were calculated as the 

maximum and minimum value of l using the average (r, g) values in accordance 
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Chapter 6 Experimental result analysis 

with equation 3.6. It is therefore easy to compute that lmin = 0.2284168 and lmax = 

0.2755815. Therefore, the simplified skin colour model becomes: 

l = -0.1273r + g (6.1) 

6.1.2 Estimation of Geometrical parameters of facial parts 

To compute the Geometrical parameters of facial parts, the UMIST face image 

database (Graham and Allinson 1998) is used. The UMIST face image consists of 

564 images of 20 people. The images cover a range of poses from profile to 

frontal views. In this experiment, 20 frontal view images were used to estimate 

parameters related to geometrical properties of human faces. These images are 

presented in Appendix D, Figure D.1. To compute the facial height/width ratio as 

defined in equation 3.13 and 3.14, the faces were segmented manually by 

rectangular areas with different size that fits the faces. This allowed height/width 

ratio to be calculated for each face. The ratio Ra is calculated as the average ratio 

for all the faces. The segmented facial images are listed in Appendix D, Figure 

D.2. The height, width and their ratio for the segmented faces are listed in the 

following table. 
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Table 6.2 Height/width ratio of faces in UMIST database 

Image No. Height Width Height/Width Ratio 

1 253 197 1.28426 

2 251 188 1.33511 

3 246 178 1.38201 

4 247 199 1.24121 

5 250 182 1.37363 

6 238 195 1.22051 

7 249 201 1.23881 

8 233 203 1.147783 

9 237 201 1.179104 

10 214 190 1.126316 

11 233 193 1.207254 

12 241 191 1.261780 

13 217 179 1.212290 

14 255 203 1.256158 

15 243 197 1.233503 

16 253 183 1.382514 

17 257 196 1.311224 

18 233 192 1.213542 

19 221 179 1.234642 

20 230 196 1.173469 

average 240.05 192.15 1.250756 

Substituting the average height/width ratio in Table 6.2, equation 3.13 becomes: 

A 
w = (6.2) 

1.25 

Equation 3.14 becomes 

h = 1.25A (6.3) 

Similarly, non-skin/skin pixel ratio in equation 3.15 can be estimated using these 

facial images. As in Appendix D, the numbers of skin pixels and non-skin pixels 

within the rectangular region are classified into skin colour and non-skin colours. 

For each segmented face image, a non-skin/skin ratio is calculated. The ratio in 

equation 3.15 is estimated as the average ratio for all the 20 images. The number 

of skin pixels and non-skin pixels are listed in the following table with their ratios. 
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Table 6.3 Non-skin/skin ratio of faces in UMIST database 

Image No. Skin Non-skin non-skin/skin Ratio 

1 6063 4241 0.6994887 

2 5377 4927 0.9163102 

3 4537 5767 1.271104 

4 5421 4883 0.9007563 

5 4718 5586 1.183976 

6 4201 6103 1.452749 

7 5216 5088 0.9754601 

8 5521 4783 0.8663285 

9 5303 5001 0.9430511 

10 4272 6032 1.411985 

11 5164 5140 0.9953524 

12 4404 5900 1.339691 

13 3758 6546 1.741884 

14 6036 4268 0.7070908 

15 4819 5485 1.138203 

16 5730 4574 0.7982548 

17 4906 5398 1.100285 

18 5194 5110 0.9838275 

19 3910 6394 1.635294 

20 4456 5848 1.312388 

Total 99006 107074 1.118674 

From the above result, it can be seen that the ratio between non-skin pixels and 

skin pixels are roughly 1.119 : 1. It can be concluded that the number of non-skin 

pixels is similar to skin pixels in the rectangular area. This is because the pixels 

outside of the face and the facial feature pixels inside the face are all classified as 

non-skin pixels. Using this ratio, equation 3.16 becomes: 

N = 2.119Ns (6.4) 

To calculate parameters α β γ η , the images were segmented manually. The 

distances between the eye centres and the mouth centre, the size of the eyes and 

mouth were measured. Using equations 3.23 to 3.31 parameters α ,β ,γ ,η were 

computed for each image. The average value for these parameters are calculated 

in Table 6.4 
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Table 6.4 Parameters for equation 3.23-3.31 

Image No. α β γ η 
1 0.55 0.609756 3.954545 1.772727 

2 0.49505 0.525 2.69697 0.909091 

3 0.52 0.594595 2.571429 0.771429 

4 0.515 0.573171 2.612903 0.967742 

5 0.673913 0.72619 3.193548 1.032258 

6 0.621212 0.755814 2.774194 1.032258 

7 0.592233 0.738095 2.69697 0.939394 

8 0.519802 0.789474 3.333333 1.066667 

9 0.546729 1 3.060606 0.939394 

10 0.53 0.75641 2.516129 1.193548 

11 0.573034 0.690476 2.677419 1.129032 

12 0.515 0.695122 2.724138 0.965517 

13 0.607955 0.7625 2.851852 1.148148 

14 0.648352 0.75 3.225806 1.354839 

15 0.617647 0.848837 3.15625 1.3125 

16 0.638889 0.776316 2.65625 1 

17 0.6 1.064516 3.375 1.09375 

18 0.584211 0.769231 3.913043 1.304348 

19 0.573034 0.742857 3.347826 1.434783 

20 0.594737 0.782051 3.888889 1.296296 

Average 0.57584 0.747521 3.061355 1.133186 

This estimation allows the average parameters to be used as the generic 

geometrical values for equation 3.23 to 3.31. Hence the coordinates, size of eyes 

and mouth of a new face can be determined respectively. 

6.1.3 Segmentation results. 

In this part, 65 video clips were processed. These video clips are recorded for 25 

individuals that simulate drowsy driving in two different vehicles. A sample 

image for each video clip is given in Appendix E: Figure E.1. In the segmentation 

experiments, an image was captured every second in the video clips. A total of 

1031 images are captured from 65 video clips. The segmented faces were 

identified manually by human experts as successful face segmentation and 

unsuccessful face segmentation. The results are listed in Table 6.5. 
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Table 6.5 Segmentation results from 65 video clips 

Video index No. of images No of correct segmentation Segmentation rate 

1 15 15 100% 

2 12 12 100% 

3 13 12 92.3% 

4 14 14 100% 

5 13 11 84.6% 

6 13 12 92.3% 

7 21 20 95.2% 

8 10 10 100% 

9 14 13 92.9% 

14 14 100% 

11 16 16 100% 

12 16 16 100% 

13 11 11 100% 

14 18 18 100% 

15 13 12 92.3% 

16 24 23 95.8% 

17 17 17 100% 

18 15 15 100% 

19 15 15 100% 

14 14 100% 

21 27 27 100% 

22 11 11 100% 

23 20 20 100% 

24 18 16 88.9% 

25 24 24 100% 

26 17 17 100% 

27 14 14 100% 

28 17 17 100% 

29 11 11 100% 

12 12 100% 

31 23 23 100% 

32 22 22 100% 

33 16 15 93.8% 

34 15 14 93.3% 

35 19 19 100% 

36 19 19 100% 

37 11 6 54.5% 

38 16 16 100% 

39 19 19 100% 

16 16 100% 

41 22 22 100% 

42 18 18 100% 

43 13 13 100% 

44 10 10 100% 

45 19 19 100% 

46 21 21 100% 

47 14 14 100% 

48 16 16 100% 

49 15 15 100% 

16 16 100% 

51 19 19 100% 

52 13 13 100% 

53 13 13 100% 

54 17 17 100% 

55 13 9 69.2% 

56 11 9 81.8% 

57 15 15 100% 

58 16 16 100% 

59 14 14 100% 

     

  

         

           

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

 

10

20

30

40

50

60 12 12 100% 

61 13 12 92.3% 

62 18 18 100% 

63 20 19 95% 

64 11 11 100% 

65 17 17 100% 

113 



     

  

             

              

              

             

            

         

          

             

             

 

             

              

            

             

          

              

             

             

               

            

              

               

              

          

Chapter 6 Experimental result analysis 

The segmented images derived from these video clips are shown in Appendix E, 

Figure E.2. Table 6.5 lists the percentage of successful segmented images for the 

video clips. Most of faces are segmented successfully apart from a few video 

clips. The reasons for these failures in the segmentation are as follows: 

i. A passenger’s face occupies a large area in the background: This 

sometimes causes faulty segmentation if the driver’s candidate faces 

overlap with the passenger’s face. The faulty segmentation usually 

appears as a region contains part of candidate faces and part of the 

passenger’s face. This can be avoided by adjusting the camera’s field of 

view. 

ii. The target face is partly covered: There are occasions when the candidate 

face is partly covered by clothes (e. g. collars). This makes the skin 

colour region becomes an irregular shape. Because the face location is 

adjusted by the centre of gravity of the skin colour region, the candidate 

face location is estimated inaccurately. This faulty segmentation usually 

appears as a part of candidate face and some background. The video clip 

number 37 is an example of this kind of faulty segmentation. Therefore, 

a complete exposure of the whole face is important for accurate detection. 

iii. The face zooming in and out of the camera frequently: To reduce the 

computing cost, the candidate face size is estimated at the beginning of 

the processing. The first captured image in the video is used to calculate 

the size of the candidate face. This size is used for the full processing 

time. Because zooming in and out of the camera changes the size of 

candidate face, the face is segmented inaccurately. This faulty 
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Chapter 6 Experimental result analysis 

segmentation usually appears as a part of the candidate face. The video 

clip number 55 is an example of this kind of faulty segmentation. 

However, in real circumstances, it is unlikely that the drivers would 

move forward/backward frequently while driving. 

From Table 6.5, one can calculate that 1006 out of 1031 faces are segmented 

successfully. Hence, the face segmentation rate for the proposed method is 97.5%. 

The comparison between this segmentation rate and other methods (Yang, et al. 

2002) is shown below. 

Table 6.6 Segmentation rate for different face detection method 

Method Face detection rate 

Distribution Based 81.9% 

Neural network 91.4% 

Naïve Bayes Classifier 92.1% 

Kullback Relative information 98.0% 

Support vector machine 74.2% 

Mixture of factor analyzer 90.85% 

Fisher linear discriminate 92.55% 

SnoW (Sparse Network of Winnows) with primitive features 93.9% 

SnoW with multi-scale features 94.45% 

Inductive learning 90% 

This project 97.5% 

The comparison can be illustrated in the following figure: 
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81.90% 

91.40% 92.10% 
98.00% 

74.20% 

90.85% 92.55% 93.90% 94.45% 
90% 

97.50% 

0.00% 

20.00% 

40.00% 

60.00% 

80.00% 

100.00% 

120.00% 

Figure 6.2 Comparison of segmentation rate of different methods 

From Figure 6.2, it can be seen that the facial segmentation rate in this work is 

better as compared to most of the previous work. 

6.2 Gegenbauer moments and Gegenbauer models 

6.2.1 Computation of moments 

To compute the Gegenbauer moments, eyes and mouth images are segmented 

from the detected face. Convolution filters that enhance edges are applied to the 

facial parts. Then, the edge images are converted into binary bitmap image, 

which contains only object edges that represent shapes. This process can be 

illustrated by the following images in Figure 6.3. 
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Chapter 6 Experimental result analysis 

Figure 6.3 Extraction of geometrical information 
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As seen from Figure 6.3, only the edges of the shapes are retained in the 

processed facial parts. This allows the Gegenbauer moments to be calculated 

without the influences from colour depth or grey-scale level. After the processing, 

the Gegenbauer features of segmented facial parts are computed with Gegenbauer 

Coefficients. These coefficients are pre-computed with Matlab extended math 

toolbox. All the facial parts are resized to a fixed size to allow all images to share 

same parameters values. This allows parameters to be pre-computed for all 

images, hence reduce the computation cost of Gegenbauer features significantly. 

A list of these pre-computed parameters can be found in Appendix B. Using the 

pre-computed parameters, the Gegenbauer features of the processed facial part in 

Figure 6.3 can be computed. The computed Gegenbauer features are listed in 

Table 6.7. 

Table 6.7 Gegenbauer moments of processed facial part 

Time 
Facial part 

1 2 3 4 5 6 

Left eye 

0.11132 

0.0003078 

-0.043129 

0.11467 

0.00026003 

-0.040586 

0.10978 

0.00027102 

-0.039472 

0.1097 

0.00023587 

-0.043423 

0.11321 

0.00023345 

-0.047425 

0.11354 

0.00013246 

-0.031452 

Right eye 

0.11169 

0.00031159 

-0.053241 

0.11169 

0.00031159 

-0.049078 

0.11169 

0.00031159 

-0.058558 

0.11169 

0.00031159 

-0.056172 

0.11169 

0.00031159 

-0.058958 

0.104312 

0.00078463 

-0.119356 

mouth 

0.111978 

0.0008743 

-0.18342 

0.11257 

0.00091131 

-0.14374 

0.111457 

0.0009245 

-0.17685 

0.110945 

0.0009014 

-0.13167 

0.11765 

-4.23e-006 

4.467e-005 

0.12134 

-3.67e-006 

5.107e-005 

Time 
Facial part 

7 8 9 10 11 12 

Left eye 

0.11762 

0.00016398 

-0.02998 

0.10976 

0.00027683 

-0.041324 

0.110235 

0.00023421 

-0.042342 

0.11109 

0.00025132 

-0.042978 

0.11097 

0.00026709 

-0.044765 

0.11098 

0.00027654 

-0.044001 

Right eye 

0.10726 

0.00084265 

-0.12723 

0.10791 

0.00037654 

-0.049876 

0.11324 

0.00029651 

-0.053214 

0.11023 

0.00031078 

-0.054312 

0.11169 

0.00031159 

-0.056315 

0.11098 

0.00033216 

-0.049314 

Mouth 

0.11825 

-3.93e-006 

4.323e-005 

0.11532 

-5.65e-006 

4.803e-005 

0.11647 

-3.46e-006 

4.308e-005 

0.10876 

-4.21e-006 

5.106e-005 

0.11076 

-3.17e-006 

5.347e-005 

0.11003 

-3.68e-006 

5.535e-005 
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Chapter 6 Experimental result analysis 

From Figure 6.7, mouth image at time 2 and mouth image at time 3 are two 

typical open mouth images, which is the appearance of drowsy mouth in the 

image sequence. Their Euclidean distance in 3-D Gegenbauer space can be 

computed with equation 4.3. According to their Gegenbauer features in Table 6.7, 

their Euclidean distance is 0.1034. Similarly, the distance between mouth image 

at time 9 (typical shut mouth image) and mouth image at time 2 (typical open 

mouth image) is 1.4201. Therefore, the images with different mouth states can be 

distinguished from their Gegenbauer features. Similarly, the Euclidean distance 

between left eye image at time 10 (open eye) and left eye image at time 11 (open 

eye) is 0.0194. The Euclidean distance between left eye image at time 10 (open 

eye) and left eye image at time 7 (close eye) is 0.2771. Again the left eye image 

with different states can be distinguished from their Gegenbauer features. Further 

computation with right eye Gegenbauer features shows similar results. Therefore, 

facial parts (eyes and mouth) with different states can be distinguished from their 

Gegenbauer features. 

6.2.2 Computation of Gegenbauer model parameters 

In this section, the parameters for Gegenbauer models defined in chapter 4 are 

calculated by processing manually selected training images. The training image 

set contains 180 images. Theses images are categorised manually into nine 

groups according to the Gegenbauer models for three facial parts. Average 

Gegenbauer invariants are calculated for each image group in accordance with the 

Gegenbauer model. The image groups are shown in the Figure 6.4. 
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Left eye Images 

Right eye Images 

Mouth Images 

Drowsy images 

Normal images 

Faulty Images 

Left eye drowsy model 

Left eye normal model 

Left eye faulty model 

Drowsy images 

Normal images 

Faulty Images 

Drowsy images 

Normal images 

Faulty Images 

Right eye drowsy model 

Right eye normal model 

Right eye faulty model 

Mouth drowsy model 

Mouth normal model 

Mouth faulty model 

Figure 6.4 Gegenbauer training image set categories 

The parameters of Gegenbauer models in Section 4.3 are computed from the 

training set. The resulting parameters are the average values of Gegenbauer 

moment invariants of the image groups. Table 6.8 lists the computed parameters 

for Gegenbauer models. 

Table 6.8 Gegenbauer models 

Drowsy left eye model Gdl Normal left eye model Gnl Faulty left eye model Gfl 

I1,dl 0.20146 

0.00021243 

-0.031452 

I1,nl 0.11097 

0.00036135 

-0.044765 

I1, fl 0.70192 

0.0013256 

0.070981 

I2,dl I2,nl I2, fl 

I3,dl I3,nl I3, fl 

Drowsy right eye model Gdr Normal right eye model G nr Faulty right eye model Gfr 

I1,dr 0.23451 

0.0010872 

-0.14563 

I1,nr 0.14532 

0.00037821 

-0.058918 

I1, fr 0.50532 

0.0017431 

0.057892 

I2,dr I2,nr I2, fr 

I3,dr I3,nr I3, fr 

Drowsy mouth model Gdm Normal mouth model G nm Faulty mouth model Gfm 

I1,dm 0.11345 

0.0014321 

-0.16732 

I1,nm 0.10987 

-6.32e-006 

5.502e-005 

I1, fm 0.45231 

0.0002314 

0.00034125 

I2,dm I2,nm I2, fm 

I3,dm I3,nm I3, fm 
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Chapter 6 Experimental result analysis 

To evaluate the computed parameters in Table 6.8, a second image set is selected 

manually. The evaluation group contains 45 images. These images are also 

categorised manually into nine groups as those of training images. The average 

values of Gegenbauer moment invariants are computed for each image group in 

the evaluation set. These results are then compared with the models in Table 6.8 

using equation 4.3. The comparison yields the distances between average values 

of evaluation set and Gegenbauer models list in Table 6.8. The distance between 

a good Gegenbauer model and average value should be very small. For example, 

if the drowsy left eye model is good, the distance between the drowsy left eye 

model and drowsy left eye average value should be very small. The distances 

between Gegenbauer models in Table 6.8 and average values of evaluation set are 

listed in the following table. 

Table 6.9 Distance between models and average values 

Left eye 

Models 

Average values 

Drowsy left eye model 
Normal left eye 

model 
Faulty left eye model 

Drowsy left eye values 0.0378 0.3765 2.341 

Normal left eye values 0.2946 0.0243 3.134 

Right eye 

Models 

Average values 

Drowsy right eye 

model 

0.0261 

Normal right eye 

model 

0.3673 

Faulty right eye 

model 

3.216 Drowsy right eye values 

Normal right eye values 0.4613 0.0231 3.098 

Mouth 

Models 

Average values 

Drowsy mouth model 
Normal mouth 

model 
Faulty mouth model 

Drowsy mouth values 0.0579 0.5625 5.765 

Normal mouth values 0.3982 0.0634 5.347 
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Chapter 6 Experimental result analysis 

As shown in Table 6.9, the distances (in dark cells) between average values and 

models with same state are small. On the other hand, the distances (in white cells) 

between average values and models with different states are much larger. 

Therefore, the facial parts with different states can be distinguished using the 

computed Gegenbauer models. 

6.3 Hidden Markov model classification results 

6.3.1 State estimation using hidden Markov model 

The following table illustrates the results of the computation for Gegenbauer 

vectors of faces in Figure 6.3. The vectors are listed corresponding to the time 

sequences of the video clip. 

Table 6.10 Gegenbauer vectors of image sequence in Figure 6.3 

Time 

State 

1 2 3 4 5 6 

Drowsy 0.5492389 0.5463544 0.5494206 0.5184425 0.2340335 0.2452338 

Normal 0.3223557 0.3065746 0.2138762 0.2783906 0.5490084 0.5639976 

Time 

State 

7 8 9 10 11 12 

Drowsy 0.3125902 0.299663 0.2769317 0.2852549 0.2686129 0.294935 

Normal 0.5210978 0.535589 0.5393944 0.5117194 0.5156227 0.5312694 

Using the results of Table 6.10, in correspondence with the Viterbi algorithm, the 

partial probabilities of the HMM are computed for each time sequences. The 

results are shown in Table 6.11. 
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Chapter 6 Experimental result analysis 

Table 6.11 Partial probabilities calculated from Gegenbauer vectors 

Time 

State 
1 2 3 4 5 6 

Drowsy 0.56355982 0.17258032 0.05167976 0.01495926 0.2340335 2.52E-03 

Normal 0.39042070 0.08532488 0.02171333 0.00724356 0.5490084 0.00271969 

Time 

State 
7 8 9 10 11 12 

Drowsy 3.99E-04 1.10E-04 2.45E-05 5.37E-06 1.25E-06 2.65E-07 

Normal 6.37E-04 1.46E-04 3.39E-05 7.82E-06 1.73E-06 3.83E-07 

In Table 6.11, if the partial probability for drowsy state is larger than the partial 

probability for normal state at time t, the Markov state at time t is classified as 

drowsy state. Otherwise, the Markov state at time t is classified as normal state. 

Therefore, the states for each time in the Markov chain maybe derived in the 

following Table 6.12. 

Table 6.12 Markov chain for the partial probabilities in Table 6.11 

Time 1 2 3 4 5 6 

State drowsy drowsy drowsy drowsy normal normal 

Time 7 8 9 10 11 12 

State normal normal normal normal normal normal 

If the drowsy states are represented with 1 and normal states are represented with 

0, the Markov chain can be represented in Table 6.13. 

Table 6.13 Markov chain represented with 0 and 1 

Time 1 2 3 4 5 6 

State 1 1 1 1 0 0 

Time 7 8 9 10 11 12 

State 0 0 0 0 0 0 

The following figure can be used to illustrate Table 6.13 further. 
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Chapter 6 Experimental result analysis 

States (0, 1) 

Time t 

Figure 6.5 Markov chains for drowsiness detection 

In this work, drowsiness is defined as three or more continuous drowsy states in 

the Markov chain. This means that drowsy appearance last more than three 

second in a roll on the detected faces. If we define a parameter td that represents 

the continuous drowsy time in the Markov chain, the classification of drowsiness 

can be defined as: 

td ≥ 3 for drowsiness (6.5) 

and td   3 for normal (6.6) 

Therefore, drowsiness is detected in the Markov chains in Figure 6.5 at time 0 to 

time 4. From the images in Figure 6.3, it is observed that drowsy behaviour 

occurs from time 0 to time 3. Hence, the drowsiness considered to be successfully 

detected by the hidden Markov model. 
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6.3.2 Drowsiness detection results 

More examples of HMM experiments are analysed in this section. In these 

experiments, three key words are used to describe the results: 

i. Successful: the Markov chain detects a drowsy behaviour that exists in 

the video clip. 

ii. Unsuccessful: the Markov chain is unable to detect a existing drowsy 

behaviour in the video clip. 

iii. Faulty: the Markov chain detects a drowsy behaviour that does not exist 

in the video clip. 

The first experiment is illustrated in Figure 6.6. The segmented facial images are 

listed in Appendix E, Figure E.3. 

States (0, 1) 

Time t 

Figure 6.6 Markov chain for the first experiment 

From Figure 6.6, it can be seen that td ≥ 3 at time 4 to time 8 in the Markov 

chains. Therefore, a drowsy behaviour is detected at time 4 to time 8. Again, 
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Chapter 6 Experimental result analysis 

from the facial parts in Figure E.3, a drowsy behaviour is observed at time 4 to 

time 8. Hence, the first experiment is evaluated as successful. 

The second experiment is illustrated in Figure 6.7. The segmented facial images 

are listed in Appendix E, Figure E.4. 

States (0, 1) 

Time t 

Figure 6.7 Markov chain for the second experiment 

It can be see from Figure 6.7 that there are two continuous drowsy states in the 

Markov chain. Since td   3 , it is not classified as drowsiness. However, from the 

facial images in Figure E.4, a drowsy behaviour is observed at time 5 to time 7. 

Because the HMM fails to detect the drowsy behaviours in the image sequences, 

this experiment is evaluate as unsuccessful. 

The third experiment is illustrated in Figure 6.8. The segmented facial images are 

listed in Appendix E, Figure E.13. 
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Chapter 6 Experimental result analysis 

States (0, 1) 

Time t 

Figure 6.8 Markov chain for the third experiment 

From Figure 6.8, drowsy behaviour is detected at time 7 to time 10 by the hidden 

Markov model since td = 3 . However, from the facial images in Figure E.13, 

there is no drowsy behaviour observed. Instead, a laughing behaviour is observed. 

Because the Gegenbauer features for a laughing mouth is very similar to a 

yawning mouth, the hidden Markov model detects a drowsy behaviour. It is very 

difficult to avoid this kind of faulty detection because drowsiness is defined as 

long time mouth opening and eye closure in this work. Because the HMM detects 

a drowsy behaviour which does not exist in the image sequences, experiment 

three is evaluated as faulty. 

The experimental results for all 65 video clips are listed in Table 6.14. These 

detection results are evaluated by human experts as successful, unsuccessful and 

faulty. 
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Table 6.14 Segmentation results from 65 video clips 

Video Index Detect time(t) Evaluation 

1 4 successful 
2 none unsuccessful 
3 0 successful 
4 9 successful 
5 none successful 
6 none successful 
7 3 successful 
8 0 successful 
9 none successful 

7 successful 
11 7 faulty 
12 none unsuccessful 
13 5 successful 
14 none successful 
15 10 successful 
16 none unsuccessful 
17 none successful 
18 7 faulty 
19 3 faulty 

none successful 
21 9 successful 
22 6 successful 
23 none successful 
24 8 successful 
25 10 successful 
26 7 successful 
27 none successful 
28 none successful 
29 none successful 

5 successful 
31 1 successful 
32 10 successful 
33 0 successful 
34 0 successful 
35 3 successful 
36 none unsuccessful 
37 9 successful 
38 0 faulty 
39 1 successful 

6 faulty 
41 0 successful 
42 none unsuccessful 
43 8 faulty 
44 none successful 
45 9 successful 
46 1 successful 
47 10 successful 
48 0 successful 
49 5 successful 

none unsuccessful 
51 3 successful 
52 0 faulty 
53 0 successful 
54 none successful 
55 4 faulty 
56 none unsuccessful 
57 9 successful 
58 none successful 
59 3 successful 

     

  

         

     

   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   
   

   
   

 

10

20

30

40

50

60 none successful 
61 0 faulty 
62 0 faulty 
63 6 faulty 
1 4 successful 
2 none unsuccessful 
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Chapter 6 Experimental result analysis 

From Table 6.14, 47 video clips out of 65 video clips are detected successfully. 

There are 7 unsuccessful detections and 11 faulty detections. Hence the overall 

successful detection rate is 72.4%. The unsuccessful detection rate is 10.7% and 

faulty detection rate is 16.9%. In a real drowsiness detection system, it is crucial 

that all the potential drowsiness will be detected to guarantee safety. Faulty 

detection would not cause dangerous accidents. However, unsuccessful 

detections would fail to alarm a drowsy driver, which is dangerous and would 

most possibly result into a vehicle accidents. Therefore, the most important task 

for a drowsiness detection system is to reduce the unsuccessful detection rate as 

much as possible. The unsuccessful detection rate of this research is 10.7%, 

which is still risky for a live application but good enough to demonstrate the 

capability of the proposed techniques. 

6.4 Comparative analysis 

6.4.1 Facial segmentation 

From the experiment in Section 6.1.3, it can be seen that the face segmentation 

method presented in this research work has resulted in a comparable high 

segmentation rate. Comparing with knowledge based face detection method (Lin 

and Fan, 2000), the proposed method is less computationally expensive. This is 

because the proposed method searches for a shortest average distance region 

rather than matching every pixel as in the knowledge base method. The triangular 

relationship based method proposed by Lin and Fan (2000) processed a 200*147 

pixel gray scale image for about 25 second to detect the target face by a PII 233 

129 



     

  

             

              

 

         

            

           

              

            

               

             

            

 

 

              

           

               

          

           

             

       

 

         

             

                

Chapter 6 Experimental result analysis 

computer, while it takes typically under 2 seconds for the proposed method to 

detect a face in a 320*240 colour image using a PIII 500 laptop. 

Comparing with traditional colour based segmentation method, the proposed 

method deploys a faster linear skin colour model, which also improved processing 

efficiency significantly. The complexity of Gaussian model limited the resolution 

of the processed images in previous work. For example, in the colour based 

segmentation method presented by (Huang and Trivedi, 2004), the face image is 

limited to 64*64 pixels; while in this work, the average size of the segmented face 

is around 120*140 pixels. With higher resolution face images, the facial parts 

consist of more pixels, which provide a more accurate representation for feature 

extraction. 

In Table 6.6, the only previous method that reached a higher segmentation rate is 

the Kullback relative information based method presented by (Colmenarez et al., 

1997). In their work, a probability model is employed to detect the face. The 

probability model belongs to Markov model family, which are computationally 

expensive. In their results’ analysis, Colmenarez estimated that their probability 

model need about 100 float operations to classify a pixel; while the proposed 

segmentation method needs about 20 float operations. 

6.4.2 Comparison of Gaussian and Linear skin colour models 

For both Gaussian and linear skin colour models, it is necessary to measure 

Gaussian likelihood or the Linear distance for every pixel in the image. A pixel is 
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classified to be skin pixel (or non-skin pixel) by using a pre-defined threshold and 

the measurement calculated for that pixel. The classification processes for both 

Gaussian and the Linear skin colour models are the same in terms of complexity. 

However, the complexity of computing the Linear distance is far lower than that 

of the Gaussian Likelihood. 

The Gaussian likelihood is calculated as (Satoh et al., 1999): 

T −1L = ((r,b) − �) cov ((r,b) − �) (6.7) 

From Equation (3.4) and (3.5), the mean � and the covariance cov can be 

computed. Besides these computations, the Gaussian model requires about 

sixteen floating point calculations for each pixel in order to compute Gaussian 

likelihood. 

The linear distance is given in equation (3.6) as: 

l=kr+g 

The above equation illustrates that, to compute the Linear distance does not 

require the computation of the mean or the covariance. It only requires two 

floating point calculations for each pixel to compute the linear distance. 

Therefore, the Linear skin colour model needs fourteen less floating point 

calculation for each pixel. As an example, a 50X50 pixel image would require a 

saving of 35000 floating point calculations when the linear skin colour model is 
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Chapter 6 Experimental result analysis 

used. For an image sequences with ten-160X120 images, the saving would be 

192000 floating point calculations. 

6.4.3 Gegenbauer feature extraction 

The experimental result of Gegenbauer distances in Section 6.2.2 has shown that 

the Gegenbauer features constructed are capable of distinguishing facial parts with 

different states. This is because the Gegenbauer features capture the global shape 

of the object rather than local ones. The experiments in Section 4.2 also 

demonstrated this property. Hence, Gegenbauer feature is an ideal feature to 

describe objects in a digital image. It is interesting to note that, Gegenbauer 

features are simpler to apply. Most of template based face representations need 

special points to be detected on the facial image. For example, the face mask 

presented by Li et al. (2006) need 14 key points on the human face. Detecting 

these important points is equally difficult in face segmentation, and adds a 

considerable computational cost. 

The representations based on face action units (Tian et al., 2000 b) aim to describe 

facial behaviours using a set of facial action units from psychology point of view. 

These action units are partial images from face image. The partial images can not 

be used as input for most classifiers. But their Gegenbauer features can be easily 

modelled and used as the input for most classifiers. 

Although the original Gegenbauer features are computationally expensive, the 

calculation method for Gegenbauer moments in Appendix B significantly reduces 
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computational cost. Because the facial parts are resized to a fix width and height, 

the Gegenbauer coefficients and moment parameters can be pre-calculated. The 

computation cost for a 2-D Gegenbauer moment reduces to a 2-D integration 

since the Gegenbauer coefficients are computed before hand. 

6.4.4 Comparison of single and dual observation HMM 

The main purpose of HMM is to estimate the hidden states with observation 

vectors. Therefore, the comparison of two HMMs is focused on the ability to 

estimate hidden states. The Viterbi partial probabilities are used to estimate the 

hidden states in a Markov chain. 

For a dual observation HMM, the partial probability for drowsiness state at time 

(t+1) is given in equation (5.21) as: 

= MAX (( t ( d ( ))× a1 × 1 × d1 t + t ( d t × 1 ×b × d2 ( )), Pdual P S t b ( ) P S ( )) a 2 t 

(P (S ( ))× a ×b × d t + P (S t × a ×b × d ( ))) t ( ) ( )) t t n 3 1 1 t d 3 2 2 

Using the same transition and emission probabilities and a single observation 

HMM, the partial probability of drowsiness state at time (t+1) is calculated as 

(Hoberman and Durand, 2006): 

t d tP = MAX ((P (S ( ))× a ×b × d ( ),t P (S ( ))t × a ×b × ( ))) (6.8) sin gle t d 1 1 1 t n 3 1 1 

Note that, equation (5.21) and (6.1) share common probabilities with respect to 

drowsy observation d1( )t . The only difference is the probabilities for normal 

observation d2 ( )t . 
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The partial probabilities for both HMMs are the same whenb2 = 0 , which means it 

is not possible for a drowsy state to generate a normal observation. However, 

drowsy states could generate normal observations in practice, when the emission 

probabilityb2 > 0 . Therefore, an HMM with dual observation is more reliable for 

drowsiness detection as it uses a complete observation vector to calculate Viterbi 

partial probabilities. 

6.4.5 Drowsiness detection 

Drowsiness is a complex human behaviour related to various physical and 

psychological behaviours. Various approaches have been attempted to identify 

drowsiness. In this work, drowsiness are identified by the movement of human 

eyes and mouth. From the experimental results, it can be seen that only 7 out of 

65 tests failed to detect a drowsy behaviour. That is about 10.7% unsuccessful 

detection for all the test video clips. Although the proposed method also raised 11 

false alarms, these false alarm could be neglected by the user. Increasing the 

sampling frequency would reduce the faulty detections. More sample images per 

second would represent the behaviour more accurately hence reduce confusion 

between different behaviours. For example, constant blinking would be less 

likely be recognized as there is a long duration eye closure. However, increasing 

sampling frequency will also increase the computing cost significantly. 

Increasing the duration threshold in the Markov chain would also reduce the false 

detection. For example, if four (instead of three) continuous drowsy states in the 

Markov chain are considered as a drowsiness detection, three blinking behaviours 
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would not get a false alarm. However, in a real safety control system, it will 

require the system to be strict and detect every possible drowsy behaviours. On 

the other hand, decreasing the duration threshold in the Markov chain would 

reduce unsuccessful detection rate. For example, if two (instead of three) 

continuous drowsy states in the Markov chain are considered as a drowsiness 

detection, the drowsy behaviour in Appendix E, Figure E.4 will be detected 

successfully. The balance should be adjusted according to the requirements of a 

real system. 

Most of previous research work in drowsiness detection focused on introducing 

different approaches rather than complete applications. Hence, brief experiments 

are presented in these works. For example, in the sensor fusion based drowsiness 

detection system by Elena et al. (2004), only four experiments were presented to 

demonstrate the ability of the system. When the system trained and tested with 

one sample, the unsuccessful detection rate was 5%. However, when the system 

was trained with three samples and tested with a fourth sample, the unsuccessful 

detection rate increased to 10%. Hence, more experiments are required to 

demonstrate the stability of the system. 

Although previous research presented larger experimental data sets, the 

definitions of drowsy detection were too simple to describe drowsy behaviour 

accurately. For example, the driver fatigue detection system by Veeraraghavan 

and Papanikolopoulos (2001) presented 20 test result with 19 successful eye 

blinking detections, which are considered as drowsy behaviours. However, single 
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eye blinking is a very common human behaviour which is not sufficient as the 

evidence of drowsiness. Similarly, the driver monitoring system by Itoh et al. 

(2005) also considered blinking detection as drowsiness detection though the 

system got a lower unsuccessful detection rate of 2.9%. 

Instead of looking into a single eye blinking, the HMM in this project calculates 

the probability of drowsiness in a time period rather than a time point. Because of 

the properties of the Markov chain, the current state also make use of information 

from previous states. Hence, a drowsy probability in the proposed Markov chain 

represents the drowsy probability up to the current time, which is a more accurate 

description of drowsy behaviour. Therefore, the proposed drowsiness detection 

method is much more practical for real world applications. 

6.5 Summary 

This chapter focused on experiments conducted on the proposed techniques. 

After calculating the parameters using the UMIST face database, experiments 

were carried out for the proposed face segmentation technique using 65 video 

clips from 25 individuals. The proposed technique achieved a high detection rate 

of 97.5% with less computational cost than most of previous techniques. 

Parameters of Gegenbauer models were computed using 180 manually selected 

facial parts. Evaluation for these parameters indicates that Gegenbauer features 

are capable of distinguishing facial parts with different states through a defined 

Euclidean distance. The overall drowsiness detection results were presented with 

the proposed HMM. Experiments with 65 video clips result in 72.4% for 
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successful detection rate, 10.7% for unsuccessful detection rate and 16.9% for 

faulty detection rate. These results were discussed and compared with previous 

work. 
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CHAPTER 7: CONCLUSIONS AND FURTHER WORKS 

Drowsiness is a dangerous behaviour that causes many serious traffic accidents. 

Drowsiness behaviour can occur in drivers of motor vehicles or machine operators. 

Previous research indicates that systems based on vision analysis techniques were 

ideal to monitor drowsiness. Those researches identified some problems that were 

associated with drowsiness detection under strong natural illumination conditions. 

The problems were caused by the inability of systems to capture facial features 

using infrared techniques. Also previous research suggested that a single facial 

action was not sensitive or reliable enough for describing drowsiness. 

To overcome these problems, this research sets out to investigate and implement a 

new drowsiness detection system that analyses multiple facial actions based on 

natural light illumination. The proposed system is designed to detect drowsiness 

in the following manners: 

i. Capture images under natural illumination. 

ii. Segment faces and facial parts from the captured images. 

iii. Compute observation vectors from the Gegenbauer features. 

iv. Classify the Gegenbauer vectors using HMM based on time sequences. 

v. Detect drowsiness using the hidden states in the Markov chain. 
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An integrated software prototype was developed to implement drowsiness 

detection. Experiments were conducted with 65 in-car video clips. The system 

achieved successfully drowsiness detection results as follows: 

i. 97.5% of face segmentation rate. 

ii. 72.4% of successful drowsiness detection rate. 

iii. 16.7% of faulty drowsiness detection rate. 

iv. 10.7% of unsuccessful detection rate. 

These results are discussed and compared with existing drowsiness detection 

techniques. 

7.1 Research contributions 

7.1.1 Linear skin colour model 

This work has proposed and developed a linear skin colour model. The approach 

is simple for the skin colour distribution in normalized green and red colour space. 

A linear function is deduced to classify the skin pixels instead of the Gaussian 

function as used in traditional skin colour models. The linear skin colour model 

uses less float operations than the traditional skin colour models. Therefore, it is 

capable of providing faster skin pixel classification in colour segmentation 

process. 

The linear skin colour model can be used for applications that involves timely 

human body parts segmentation. The computational speed of the existing 
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applications, such as emotion recognition, gestures recognition etc., can be 

improved by the use of linear skin colour model. 

7.1.2 Gegenbauer feature extraction process 

In the proposed drowsiness detection system, the Gegenbauer feature extraction is 

used to condense visual appearance of the target face into a small vector whose 

elements consist of two floating point numbers. This allows the video clip of the 

target face to be represented as a vector sequence with time constraints. This 

vector sequence allows the HMM classifier to estimate drowsiness as facial 

behaviours that occurs over time. Novel feature of the computation is that, 

Gegenbauer polynomials are pre-computed to reduce the computational cost for 

the moments. 

The main reason for the approach is that, Gegenbauer moments have impressive 

response to discontinuities, which allows shape information to be reconstructed 

from discontinuous image edges. Invariants computed from the moments are 

robust to rotation and translation but capable of distinguishing similar shapes of 

different objects. In this work, different objects are differentiated from each other 

by computing their Gegenbauer distances based on training models. Properties of 

Gegenbauer features make them an ideal solution for applications that involves 

retrieving shape information from edge images. In such applications, Gegenbauer 

features can be used to represent global shapes without an additional mechanism 

to reconstruct discontinuous edges. 
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The proposed Gegenbauer feature extraction process is very useful for 

applications that analyse time-constrained image sequences. Since information in 

each individual image can be abstracted into a simple Gegenbauer vector. This 

allows features in the sequences to be classified by a time-constrained classifier, 

such as the hidden Markov model. 

7.1.3 A dual-observation hidden Markov model 

HMM is a powerful tool for time-series data analysis. In a traditional HMM, 

observation sequences are used to estimate hidden states. There is only one 

observation for a state at each time in the Markov chain. In the work of this thesis, 

there are two observations for a state at each time because the Gegenbauer vector 

contains two elements. Therefore, the HMM is altered in such a way that each 

state probability is computed from two observations. The Viterbi algorithm, 

forward and back algorithm are also altered to allow the computation of partial 

probabilities according to the modified HMM. The modified HMM can be used 

in applications that contains two observations for each state. The HMM can also 

be extended to multiple observation HMM using the same concept in this research. 

This makes traditional HMM more flexible for complex time-series data analysis. 

7.2 Conclusions 

In this research, a drowsiness detection system is designed. The system is based 

on machine vision techniques. The system detects drowsiness by analysing the 

appearance on a driver’s face under natural light illumination condition. The 
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proposed system achieved drowsiness detection through three processes, which 

are face segmentation, facial feature extraction and classification. A skin colour 

based segmentation technique is developed to detect the human face from the 

background. This is followed by a Gegenbauer feature extraction technique to 

extract facial features into observation vectors. These vectors are then processed 

by a modified HMM to estimate the hidden drowsiness states. Experiments were 

conducted on proposed techniques using 65 video clips. From the experimental 

result analysis, conclusions were drawn as follows: 

The colour based face segmentation technique is capable of detecting human faces 

with a high accuracy (1006 out of 1031 images). It also achieved faster 

processing speed by employing the simplified skin colour model developed in this 

research. The computational speed of the proposed technique is addressed in 

Section 6.4.1. The segmented facial parts can be distinguished using their 

Gegenbauer features by capturing their global shape information. 

Traditional HMM can be modified to process multiple observations at each time 

in the Markov chain. This modification allows HMM processing more complex 

time-series data for behaviour analysis. The modified HMM detects drowsiness 

as multiple facial features in time duration instead of a single feature at a time 

point as in previous approaches. Therefore, the proposed system presents a more 

accurate drowsiness definition than that in previous work. 
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Chapter 7. Conclusions and further works 

The proposed drowsiness detection system achieved a satisfactory successful 

detection rate (72.4%). It is worthwhile to note that, previous work defined 

drowsiness as the blinking of eyes or opening of the mouth at a single time point. 

A eye blinking or mouth opening detection was counted as successful drowsiness 

detection in most of these approaches. In this work, drowsiness is defined using 

the eyes and mouth in a time duration. A detection is counted as a successful 

drowsiness detection only when a human expert confirm a drowsiness behaviour. 

Therefore, the system evaluation of this work is more strict than those of previous 

approaches’ and more practical in a real life system. 

7.3 Limitations 

This research focus on detecting driver drowsiness by analysing visual facial 

behaviours, i.e., eyes blinking/closure and mouth yawning/opening. Other vision-

based techniques, such as lane tracking analysis (Fletcher et al., 2001; Chang et 

al., 2003), and other drowsy related facial behaviours, such as gaze (Zhu et al., 

2002) and head motion (Gu et al., 2002), are not considered. 

This work is conducted under the sufficient/strong natural light illumination 

environments where infra-red detectors are not reliable. The aim is to detect 

drowsiness during daytime crash peaks and as a result improves drowsiness 

detection. Currently, it is very hard to distinguish the difference between when the 

target is laughing and yawning faces since the shapes of mouth and eyes on a 

drowsy face are very similar to those of laughing faces. The solution to this 

problem is discussed in the future work. 
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Chapter 7. Conclusions and further works 

7.4 Further work 

7.4.1 Re-define of drowsiness behaviours 

To reduce the faulty detections, future work will investigate the differences 

between drowsiness and other similar behaviours from the psychological point of 

view. These similar behaviours include continuous blinking, laughing and 

speaking with the mouth widely opened. A more accurate drowsiness definition 

that contains more facial features will be necessary to reduce faulty detections. 

The definition might involve using the use of the face coding system presented by 

Ekman and Friesen (1978). 

7.4.2 Real-time closed-loop drowsiness detection 

Currently, the proposed system is used as a prototype to detect drowsiness in 

experimental video clips. All the system parameters are trained offline before 

detection. A closed-loop system that can update the parameters during processing 

will be developed in the further research. A closed-loop system is beneficial for 

practical application because of its adaptive learning capability. 

7.4.3 Application to biometrics 

From the experiments in chapter 4, it can be estimated that Gegenbauer moment 

invariants will be very strong at distinguishing biometric characters with very 

similar shapes, such as fingerprints and irises. Therefore, further work will also 
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Chapter 7. Conclusions and further works 

include employing Gegenbauer moment invariants in applications that involves 

biometric recognition. 

7.4.4 Applications of hidden Markov model using neural networks 

It is interesting to note that ANN (Artificial Neural Network) is capable of 

processing complex input features, or the original image with a convolution neural 

network (Fasel, 2002 a). On the other hand, HMM is capable of analysing time-

constrained data. Therefore, a convolution neural network could be used to 

compute the observations at each state for the Markov chain. These observations 

could be applied to an HMM for estimation of hidden states. The use of ANN in 

this case is to segment the face and extract features from it. The Hybrid HMM 

classifier is not within the scope of this work, but could be an interesting subject 

in the future research for visual behaviours recognition. 
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Appendix 

APPENDIX 

Appendix A Centre of Gravity Method 

An object’s centre of gravity is a specific point, at which the object’s behaves as if 

it were concentrated in one point. The centre of gravity of an object does not 

always coincide with its intuitive geometric centre. For objects that are not evenly 

distributed, the gravity centre often positions distance away from geometrical 

centre. In practical, a two dimensional centre of gravity method is often used to 

calculate the gravity centre of a thick board with uneven density. 

The total weight of a two-dimensional board with density function σ (x, y) could 

be calculated as: 

W σ (x, y)dA (A.1) = ∫ ∫ 

where W is the total weight. dA = dx× dy is a micro area on the board where the 

density is σ (x, y) . 

The coordinates of the centre of gravity on the board can be calculated with total 

weight in (A.1) as: 

xσ (x, y)dA ∫∫ 
x = 

W (A.2) 

yσ (x, y)dA ∫∫ 
y = 

W (A.3) 
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where (x,y) is the position of the gravity centre. (x, y) is the position of the micro 

area. This definition of centre of gravity is usually applied when the object (thick 

board in this example) has a continuous density function σ (x, y) . 

If every micro area is small enough that can be modelled as a point with know 

weight Wx,y, the total weight of object (b) can be calculated as: 

W =∑∑W x, y 

y x (A.4) 

where W is the total weight of object (b) and (x, y) is the coordinates of every 

point. Similar to equation (A.2) and (A.3), the coordinate of the gravity centre of 

object (b) should be: 

x×W∑∑ x, y 

x = y x 
(A.5) 

W 

∑∑ y×Wx, y 

y = y x 
(A.6) 

W 

where (x,y) is the position of gravity centre. 
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Appendix B Gegenbauer related functions 

B.1 Gegenbauer differential equation 

The Gegenbauer differential equation is the form of: 

2 
2 d (λ ) d (λ ) (λ )(1  x ) C (x)   2(λ +1)x C (x)+ n(n + 2λ +1)C (x) = 0 (B.1) 

2 n n n
dx dx 

which is also called ultra spherical differential equation. Gegenbauer function 

constitutes a complete orthogonal set with respect to its weighting function 

2 λ 1/ 2 (1  x ) as: 

1 

2 λ 1/ 2 (λ ) (λ )∫ (1  x ) Cm (x)Cn (x)dx = hn 

λδ m,n (B.2) 
 1 

where 

1

2 Γ(λ + 
1

) 
λ π Γ(n + 2λ) 2hn = (B.3) 

n!Γ(2λ) Γ(λ)(n +λ) 

where Γ is the standard gamma function and δ mn is the delta function which: 

0,m ≠ n
δ (B.4) m,n = { 

1,m = n 

B.2 Gegenbauer representation 

Any piecewise smooth function can be represented by the Gegenbauer 

polynomials as: 

∞ 

F (x) =∑Cn 

λCn 

λ (x) [ 1≤ x ≤ 1] (B.5) 
n=0 

with coefficients 
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λ 2 λ 1/ 2 λCn = 
1 
λ ∫ 

1

(1  x ) F (x)Cn (x)dx (B.6) 
h n  1 

B.3 Relationship with other orthogonal polynomials 

(α ,β )Gegenbauer polynomial is related to Jacobi polynomials Pn (x) with 

α = β = λ  1 2 by 

(λ ) Γ(λ +1 2) Γ(n + 2λ) (λ 1 2,λ 1 2) Cn (x) = Pn (x) (B.7)
Γ(2λ) Γ(n + λ +1 2) 

It is related to the more commonly used Legendre polynomials by: 

1 λ 1 

λ Γ(λ +1/ 2)Γ(2λ + n) 1 2 4 
  

2 2 
 λ 

C (x) = [ (x  1)] P (B.8)n n+λ  1 
n!Γ(2λ) 4 

And its relationship with Radon Transform has also been given by Deans (Dean 

1983). 

B.4 Moment and invariants presented by Hu 

The two-dimensional moment features are of the form 

M p ,q I (x, y)hp,q (x, y)dxdy (B.9) = ∫ ∫ 

where I (x, y) is the image function and hp,q (x, y) are the polynomials of degree p 

in x and degree q in y. Most of the image information can be recaptured by using 

a sufficient large number of a particular set of image moments (Hu, 1961). 
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Hu (1961) also derived a set of moment invariants. Three of them are employed 

in this work to construct Gegenbauer moment invariants. These Gegenbauer 

moment invariants are calculated as: 

I = (G G   G2 ) / G3 

1 2,0 0,2 1,1 0,0 

I = [G (G G   G2 )   G (G G   G G )2 2,0 2,1 0,3 1,2 1,1 3.0 0,3 2,1 1,2 

+G (G G   G2 )] / G5 

0,2 3,0 1,2 2,1 0,0 

2 3 2 2I3 = [G3,0G0,2   6G3,0G2,1G1,1G0,2 + 6G3,0G1,2G0,2 (2G1,1   G2,0G0,2 ) (B.10) 

3 2 2+G G (6G G G   8G ) + 9G G G3,0 0,3 2,0 1,1 0,2 0,2 2,1 2,0 0,2 

 18G G G G G + 6G G G (2G2   G G )2,1 1,2 2,0 1,1 0,2 2,1 0,3 2,0 1,1 2,0 0,2 

2 2 2 2 3 7+9G G G   6G G G G + G G ] / G1,2 2,0 0,2 1,2 0,3 1,1 2,0 0,3 2,0 0,0 

where Gi, j s are Gegenbauer moments of degree i and order j. Only first four 

degrees/orders Gegenbauer moments are calculated in this work. Therefore, the 

computational cost of defined Gegenbauer moment invariants are much less than 

Gegenbauer reconstruction method. 

B.5 Gegenbauer moments used in this work 

Liao etc (2002) presented a two-dimensional Gegenbauer moment in his work as: 

1 1 

2 λ 1 2 2 λ 1 2An,m (λ) = Cn (λ)∫ ∫ f (u,v)Gn (u;λ)Gm (v,λ)(1  u ) (1  v ) dudv (B.11) 
 1  1 

where 

2λ 22 Γ (λ) n! 
C (λ) = * (n +λ) (B.12) n

2π Γ(n + 2λ) 
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In the work of this thesis, the discrete form of the equation B.11 is used to 

calculate the Gegenbauer moments of a target image. First four orders of 

Gegenbauer moments are calculated according to equation B.10. 

To reduce the computation cost, the parameters of Gegenbauer polynomials 

C (λ) , G (u;λ) and G (v,λ) in equation B.11 are calculated before hand. n n m 

According to the definition of Gegenbauer polynomials,  1≤ u ≤ 1 and  1≤ v ≤ 1. 

Therefore, du and dv can be calculated as ((1-(-1))/W) and ((1-(-1))/H), where W 

and H are the width and height of a target image. 

If f (u,v) in equation B.11 is a 2-D image I, then there is f (u,v) = I (i, j) , where 

I (i, j) is the value of bitmap at pixel [i, j] . Because all the images are resized to 

a fix size in the processing, all the images will have the same values for i and j. 

these allows the parameters Gn (u;λ) and Gm (v,λ) to be pre-computed for the 

face detection system. 

B.6 Gegenbauer normal model and faulty model for left eye 

The left eye Gegenbauer normal model Gnl I1,nl , I2,nl , I3,nl 
 is defined as: 

N 

I1,nl =∑ I1,i / N 
i=1 

N 

I =∑ I i / N (B.13) 2,nl 2, 

i=1 

N 

I =∑ I i / N3,nl 3, 

i=1 
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where I , I , I are Gegenbauer moment invariants of left eye normal training 1,i 2,i 3,i 

images. Ii ,nl is the i’s left eye Gegenbauer normal model element. And N is the 

number of the training images. 

The left eye fault Gegenbauer model is built base on a set of faulty segmentation 

images of left eye. The faulty mode Gfl I1, fl , I2, fl , I3, fl 
 is defined as: 

N 

I1, fl =∑ I1,i / N 
i=1 

N 

I2, fl =∑ I2,i / N (B.14) 
i=1 

N 

I3, fl =∑ I3,i / N 
i=1 

where I , I , I are Gegenbauer moment invariants of left eye faulty training 1,i 2,i 3,i 

images. Ii ,nl is the i’s left eye Gegenbauer faulty model element. And N is the 

number of the training images. 

B.7 First four Gegenbauer polynomials 

The first few Gegenbauer polynomials are: 

C0 

λ (x) = 1, 

C1 

λ (x) = 2λx, 

λ 2 (B.11) C2 (x) =  λ + 2λ(1+ λ)x 

λ 4 3C3 (x) =  2λ(1+ λ)x + (1+ λ)(2+ λ)x 
3 
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Appendix C: Hidden Markov model related methods 

C.1 Back pointer method 

Back point method in Viterbi algorithm is used to calculate the intermediate 

hidden states and partial probabilities given the HMM and the partial 

probabilities. Consider the following states in a HMM. 

( 1) dP t   

( 1) n P t   

( ) dP t 

( ) n P t 

(t-1) t 

( 1) 
d

P t + 

( 1) n P t + 

t+1 

Figure C-1 A HMM with hidden states 

After apply the Viterbi algorithm, the partial probabilities at each intermediate and 

end state are known. The aim is to find the most probable sequence of states 

through the HMM given an observation sequence. Therefore, there needs to be a 

way of computing the partial best paths through the HMM. 

The only information needed to calculate the partial probabilities Pi ( )t at time t 

are the partial probabilities Pi (t  1) at time t-1. Therefore, it is possible to 

calculate which state was the one to generate Pi ( )t at time t-1. That is, in what 

state the system must have been at time t-1 if it is to arrive optimally at state i at 

time t. This is done by holding for each state a back pointer which points to the 

predecessor that optimally provokes the current state. (Durand et al., 2006) 
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C.2 Parameter update functions for Baum-Welch algorithm 

In the work of this thesis, the HMM parameters are re-estimated by using Matlab 

Baum-Welch functions after the forward and backward probabilities are computed. 

For the interest of study Baum –Welch function, the updating function of Baum-

Welch algorithm is presented. These functions can be found in the tutorials paper 

by Blimes (1998). 

To update HMM model parameters, Baum-Welch updating functions are usually 

employed. Two intermediate parameters are defined based on forward partial 

probability � and backwards partial probability ω . The first intermediate 

probability is defined as: 

� (S )ω (S )t d t dγ t (Sd ) = , (C.1) 
� (S )ω (S ) + � (S )ω (S )t d t d t n t n 

� (S )ω (S )t n t nγ t (Sn ) = (C.2) 
� (S )ω (S ) + � (S )ω (S )t d t d t n t n 

where γ (S ) and γ (S ) are intermediate parameters at time t; � (S ) and t d t n t d 

� (S ) are partial probabilities of forward algorithm at time t; while ω (S ) and t n t d 

ω t (Sn ) are partial probabilities of backward algorithm at time t. 

The second intermediate parameter is defined as: 

� (S )a ω (S )(b × d (t +1) + b × d (t +1)) t d 2 t+1 d 3 1 4 2ξ (S , S ) = (C.3) t d n ∑ ∑ � ( )i a ω ( )(i B× D(t +1)) t i, j t+1 

(S ,S ) j∈((Sd ,S )) i∈ d n n 

where ξ (S , S ) is the intermediate parameters of S → S at time t; � , ω are t d n d n 

partial probabilities calculated by forward algorithm and backward algorithm at 
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time t; a ∈ A are transition probabilities, in which a = a , a = a ,i, j Sd ,S 1 Sd ,Sn 2d 

a = a , a = a ; B = {b ,b ,b ,b } are according emission probabilities. S ,S 3 S ,S 4 1 2 3 4 n d n n 

Similarly, other intermediate parameters ( ξ (S , S ) , ξ (S , S ) , ξ (S , S ) ) are t d d t n d t n n 

calculated with the according partial probabilities. 

These intermediate parameters are then used to update the parameters in the 

HMM. The following functions are parameter update function for HMM with 

Expectation Maximization (EM) algorithms (Blimes, 1998). 

The transition probabilities are calculated as: 

T  1 

∑ξij ( )t 
t=1 a = (C.4) ij T  1 

∑γ i ( )t 
t=1 

and the emission probabilities are calculated as: 

T 

∑δO γ i ( )t i ,ok 
t=1bi (k) = 

T 
(C.5) 

∑γ i ( )t 
t=1 
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Appendix D: Processing with UMIST face database. 

Figure D.1 UMIST face database frontal view training images 

Figure D.2 Manually detection of human face. 

Figure D.3 Manually selection of skin pixels in the rectangular facial region. 

Figure D.3 Manually segmented facial parts and centres. 
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Appendix E: Experimental results of drowsy driving clips. 

Figure E.1 Sample images from 65 drowsy driving video clips. 
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Figure E.3 Segmented facial images for video index 1-1 

Figure E.4 Segmented facial images for video index 1-2 

Figure E.5 Segmented facial images for video index 1-3 

Figure E.6 Segmented facial images for video index 1-4 

Figure E.7 Segmented facial images for video index 1-5 
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Figure E.8 Segmented facial images for video index 2-1 

Figure E.9 Segmented facial images for video index 2-2 

Figure E.10 Segmented facial images for video index 2-3 

Figure E.11 Segmented facial images for video index 2-4 
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Figure E.12 Segmented facial images for video index 3-1 

Figure E.13 Segmented facial images for video index 3-2 

Figure E.14 Segmented facial images for video index 3-3 

Figure E.15 Segmented facial images for video index 3-4 

Figure E.16 Segmented facial images for video index 4-1 
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Figure E.17 Segmented facial images for video index 4-2 

Figure E.18 Segmented facial images for video index 4-3 

Figure E.19 Segmented facial images for video index 6-1 

Figure E.20 Segmented facial images for video index 6-2 
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Figure E.21 Segmented facial images for video index 6-3 

Figure E.22 Segmented facial images for video index 7-1 

Figure E.23 Segmented facial images for video index 7-2 

Figure E.24 Segmented facial images for video index 7-3 
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Figure E.25 Segmented facial images for video index 8-1 

Figure E.26 Segmented facial images for video index 8-2 

Figure E.27 Segmented facial images for video index 8-3 

Figure E.28 Segmented facial images for video index 9-1 
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Figure E.29 Segmented facial images for video index 9-2 

Figure E.30 Segmented facial images for video index 9-3 

Figure E.31 Segmented facial images for video index 10 -1 

Figure E.32 Segmented facial images for video index 10-2 

178 



 

  

 

          

 

         

 

         

 

         

Appendix 

Figure E.33 Segmented facial images for video index 10 -3 

Figure E.34 Segmented facial images for video index 11-1 

Figure E.35 Segmented facial images for video index 11-2 

Figure E.36 Segmented facial images for video index 11-3 
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Figure E.37 Segmented facial images for video index 11-4 

Figure E.38 Segmented facial images for video index 12-1 

Figure E.39 Segmented facial images for video index 12-2 

Figure E.40 Segmented facial images for video index 13-1 
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Figure E.41 Segmented facial images for video index 13-2 

Figure E.42 Segmented facial images for video index 13-3 

Figure E.43 Segmented facial images for video index 13-4 

Figure E.44 Segmented facial images for video index 14-1 
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Figure E.45 Segmented facial images for video index 14-2 

Figure E.46 Segmented facial images for video index 14-3 

Figure E.47 Segmented facial images for video index 15-1 

Figure E.48 Segmented facial images for video index 15-2 
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Figure E.49 Segmented facial images for video index 15-3 

Figure E.50 Segmented facial images for video index 16-1 

Figure E.51 Segmented facial images for video index 16-2 

Figure E.52 Segmented facial images for video index 17-1 
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Figure E.53 Segmented facial images for video index 17-2 

Figure E.54 Segmented facial images for video index 18-1 

Figure E.55 Segmented facial images for video index 18 -2 

Figure E.56 Segmented facial images for video index 19-1 
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Figure E.57 Segmented facial images for video index 20 -1 

Figure E.58 Segmented facial images for video index 21-1 

Figure E.59 Segmented facial images for video index 22-1 

Figure E.60 Segmented facial images for video index 22-2 
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Figure E.61 Segmented facial images for video index 23-1 

Figure E.62 Segmented facial images for video index 23-2 

Figure E.63 Segmented facial images for video index 24-1 

Figure E.64 Segmented facial images for video index 25-1 
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Figure E.65 Segmented facial images for video index 25-2 

Figure E.66 Segmented facial images for video index 26-1 

Figure E.67 Segmented facial images for video index 26-2 

Figure E.68 Facial parts segmentation results. 
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Appendix F Algorithm diagrams 

Target image Training Image 

Normalization 

Simplified skin colour model 

Calculate distances between every pixel and the pre-build skin colour model 

Normalization 

Colour distance matrix 

 d d ... d 1,1 1,2 1,m 

 
d2,1 ... ... ...   
 ... ... ... ...  
  
d n,1 ... ... dn,m  

Find shortest average colour distance over m× n area and its axis (x, y) 

Adjust (x, y) using centre of gravity method 

Eyes and mouth detection using facial part centres 

Figure. F.1 Face detection algorithm 
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Facial parts Training images 

Gegenbauer features 

Gegenbauer distance vectors 

State models 

Gegenbauer observation vector 

Compare 

Figure F.2 Gegenbauer feature extraction algorithm 

Gegenbauer observation vectors 

Drowsiness HMM model 

Viterbi algorithm 

HMM parameter training 

Hidden state sequences 

Figure F.3 HMM classification algorithm 
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